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With the rapid development of the Internet, network traffic has shown explosive growth, which puts 

forward higher requirements for the network routing system. Traditional static routing methods are no 

longer able to meet the needs of today's complex and ever-changing network environment, as they cannot 

be flexibly adjusted according to real-time network conditions. In order to address this challenge, this 

paper proposes an innovative dynamic routing method. This method is based on reinforcement learning, 

especially Q-learning algorithm, which realizes the dynamic adjustment of routing decisions through 

continuous learning and adaptation to changes in the network environment. Our goal is to minimize root 

mean square error (RMSE) to improve routing accuracy, while at the same time improving load balancing 

efficiency to ensure that network resources are fully utilized. In order to verify the effectiveness of this 

method, we conducted detailed simulation experiments. Experimental results show that compared with 

the baseline method, our dynamic routing method significantly improves the throughput of the network, 

which increases by 30%, effectively reduces the delay, and reduces 25%. These positive results not only 

prove the effectiveness of our method in network traffic optimization, but also provide new ideas for the 

development of network routing system in the future. 

Povzetek: Raziskava uvaja dinamično usmerjanje prek okrepljenega učenja z metodo Q-learning, ki 

izboljša pretočnost omrežja, zmanjša zakasnitev in izboljša porazdelitev obremenitev. 

 

1 Introduction 
The Internet provides us with rich information 

resources and convenient communication methods. With 

the development of Internet technology, network traffic is 

growing explosively. The management and optimization 

of network traffic have become critical issues [1, 2]. 

Network traffic refers to the amount of data transmitted on 

a network, reflecting the usage of the network and users’ 

behavior patterns. Due to the complexity and uncertainty 

of the network environment, network traffic often exhibits 

randomness and dynamism. During peak hours, network 

traffic will rapidly increase, leading to network congestion 

and a decrease in data transmission rates. During low 

periods, network traffic will sharply decrease, leading to 

wastage of network resources. Researchers have proposed 

various dynamic routing methods [3, 4]. These methods 

optimize network performance by real-time monitoring of 

network traffic status and dynamically adjusting routing 

tables based on traffic changes. However, existing 

dynamic routing methods still have some limitations [5, 

6]. Some methods cannot accurately predict the trend of 

traffic changes, resulting in untimely route adjustments. 

Due to their complex algorithms, other methods make it 

challenging to achieve efficient operations in large-scale 

network environments. 

In recent years, with the continuous development of 

machine learning and artificial intelligence technologies,  

 

more and more researchers have begun to explore their  

application to network routing algorithms. Routing 

algorithms based on machine learning and artificial 

intelligence can dynamically adjust the routing table by 

learning and predicting topology and traffic changes in the 

network to achieve efficient routing. This algorithm can 

converge quickly, adapt to large-scale networks, and 

improve the transmission efficiency and performance of 

the network. It can also adaptively adjust routing strategies 

to achieve a balanced network traffic distribution and 

reduce congestion. 

The FCDLBR-SDN method is an innovative 

dynamic routing method, and its core novelty lies in its 

ability to uniquely address the routing efficiency and load 

balancing problems of different network traffic types. This 

method integrates fuzzy control, deep learning and Q-

learning-based routing strategy to form an intelligent and 

adaptive routing mechanism. Through deep learning, 

algorithms are able to predict network traffic trends; The 

fuzzy control enhances the robustness and flexibility of 

the system. The Q-learning-based routing strategy enables 

the system to dynamically adjust the routing path to adapt 

to changes in network conditions and traffic patterns. This 

innovative combination enables FCDLBR-SDN to excel 

in network traffic optimization, significantly improving 

the overall performance and stability of the network. 
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In the network routing algorithm, the routing table 

records the connection status between nodes and the 

transmission path of data packets. There are two kinds of 

network routing algorithms: static routing and dynamic 

routing. Static routes require the administrator to manually 

configure the routing table. Static routes are suitable for 

small networks but not for large networks. Therefore, 

based on network traffic characteristics, this study 

combines machine learning, optimization and game theory 

to optimize the dynamic routing process to ensure the fast 

transmission of messages and the efficient operation of the 

network. 

2 Related technology and principle 
Table 1 systematically contrasts the proposed 

reinforcement learning-based dynamic routing method 

with other state-of-the-art (SOTA) methods. The proposed 

method (Reinforcement Learning) demonstrates a higher 

throughput (1200 Mbps) and lower delay (35 ms) 

compared to traditional static routing. It also exhibits high 

load balancing efficiency, indicating a more even 

distribution of network traffic. The computational 

complexity is moderate, which is a trade-off for the 

increased adaptability to traffic changes and scalability 

within data center networks. In comparison, other methods 

like Q-Learning for Routing and Deep Q-Network (DQN) 

Routing also show good performance, but the proposed 

method stands out in terms of adaptability and 

scalability, which are crucial for modern network 

environments. Traditional methods like Static Routing and 

Genetic Algorithm Routing have lower adaptability and 

scalability, making them less suitable for dynamic 

network conditions. 

Table 1: Comparison between reinforcement learning based dynamic routing method and other SOTA methods 

Method Name Throughp

ut (Mbps) 

Dela

y 

(ms) 

Load 

Balancing 

Efficiency 

Computationa

l Complexity 

Adaptability to 

Traffic Changes 

Scalability in Data 

Center Networks 

Traditional Static 

Routing 

1000 50 Low Low Low Moderate 

Reinforcement 

Learning 

(Proposed) 

1200 35 High Moderate High High 

Q-Learning for 

Routing 

1100 40 Moderate Moderate Moderate Moderate 

Genetic Algorithm 

Routing 

1050 45 Moderate High Low Low 

Ant Colony 

Optimization 

1080 42 High High Moderate Moderate 

Deep Q-Network 

(DQN) Routing 

1150 38 High High High High 

2.1 Reinforcement learning 

2.1.1 Overview of reinforcement learning 

Reinforcement Learning (RL) stems from 

zoological theory, requiring no prior knowledge. It 

autonomously discovers optimal strategies through trial-

and-error and dynamic interactions. Its self-improvement 

and online learning make it a key AI technology. RL, 

distinct from supervised and unsupervised learning, 

assesses agent actions via environmental reinforcement 

signals but does not clarify action generation. In a Markov 

environment, RL’s system-environment interactions form 

a Markov Decision Process (MDP), accounting for 

environmental uncertainty and long-term strategy benefits 

[7, 8]. The value function linking strategy to immediate 

reward, Eq. (1) shows expected cumulative rewards, 

though RL algorithms often approximate this function 

iteratively. 

 ( )a a

ss ss
a A( s ) s

V ( s ) ( s,a ) P [ R V s ]   


   +  (1) 

2.1.2 Classical algorithm of reinforcement 

learning 

Reinforcement learning’s MDP-based methods fall 

into two groups: model-based (e.g., Sarsa) which learns 

the environment model first and then derives the best 

strategy, and model-independent (e.g., Q-learning) which 

directly computes the optimal policy without a model [9, 

10]. The Sarsa algorithm, introduced in 1994, maximizes 

the cumulative reward using a Q function, where the 

optimal Q value for a state-action pair fulfills Eq. (2). 

 
a a

ss ss
a As S

Q ( s,a ) P [ R maxQ ( s ,a ) 


  + =    (2) 

The Sarsa algorithm employs Q-value iteration, 

where the reinforcement learning process can be 

mathematically represented by Eq. (3), based on learned 

experience values. 

 
1 1

t t t t

t t t t t

Q( s ,a ) Q( s ,a )

[ r Q( s ,a ) Q( s ,a )]+ +



+ + − 
  (3) 

The Q-learning algorithm, proposed by Watkins et 

al., selects actions based on Q values associated with each 
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state-action pair. The Q value is defined using Eqs. (4)-

(6). 

 
a
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a A

V( s , ) maxQ ( s,a )  


 =   (5) 
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Initial Q value can be obtained arbitrarily, and then 

the Q value is updated after the action is performed 

according to Eq. (7). 
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2.2 Software defined network 

2.2.1 Overview of software defined networks 

SDN (Software Defined Network) separates the 

control plane from the data plane, contrasting traditional 

IP networks. SDN controllers logically centralize control, 

simplifying switch configuration and management [11, 

12]. SDN enables network programmability, accelerating 

innovation. New services, apps, and policies can be 

implemented via controller apps, programming SDN 

switches for routing, switching, firewalls, etc. 

2.2.2 Software defined network topology 

discovery mechanism 

SDN controllers require timely network state info, 

especially topology, for effective management and 

services. OFDP, based on LLDP, is commonly used for 

topology discovery in SDN. LLDP informs LAN nodes of 

capabilities and neighbors, while OFDP leverages its 

format but differs in operation [13, 14]. OpenFlow 

switches, limited in match-action, rely on the SDN 

controller for LLDP handling. This enables network 

topology discovery through the SNMP system. 

3 Dynamic load balancing routing 

based on SDN flow classification 
Cloud computing data centers play a critical role in 

hosting business-critical services such as online financial 

transaction processing, multimedia content delivery, email 

and file sharing, each with unique needs. To meet these 

massive and diverse application needs, data centers rely 

on high-performance network interconnects with 

thousands of servers. However, the traditional single-path 

routing strategy is inadequate in this complex network 

environment and cannot fully exploit the potential of the 

network, often resulting in congestion due to overuse of 

some links and idle resources for other potential paths [15, 

16]. Therefore, it is particularly urgent to introduce an 

efficient load balancing scheme to maximize the 

utilization of bandwidth resources. In this context, the 

FCDLBR-SDN method has made significant 

contributions to the field of SDN routing, and compared 

with the existing methods, it has shown excellent 

improvements in routing efficiency, load balancing, and 

overall network performance. By dynamically adjusting 

the routing policy through intelligent algorithms, 

FCDLBR-SDN not only accelerates data transmission, 

reduces latency, but also achieves more balanced load 

distribution, thereby comprehensively optimizing network 

performance. 

3.1 General design of routing scheme 

The dynamic load balancing routing design based on 

SDN traffic classification focuses on the number of 

messages controlled by the controller and the dynamic 

load balancing of the network flow. A stream is a set of 

data packets transmitted from one network endpoint or a 

group of network endpoints to another network endpoint 

or a group of endpoints [17, 18]. Endpoints can be defined 

by IP addresses and TCP/UDP port pairs, VLAN 

endpoints, Layer 3 tunnel endpoints, input and output 

ports, and so on. On the device, the flow is represented as 

a flow entry. Most data streams are less than 100 MB, and 

99% of bits are generated in streams between 100 MB and 

1 GB. Therefore, large traffic tends to cause uneven load 

distribution on network links and congestion on large 

traffic links [19, 20]. 
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Figure 1: Routing model architecture 

In order to confirm the effectiveness and 

contribution of the FCDLBR-SDN method, we show 

Figure 1 of the routing model architecture, and analyze its 

practical application through examples and case studies. 

In Figure 1, the routing algorithm is divided into two parts: 

a flow-based dynamic routing algorithm is used to predict 

the optimal path for new flows; Implement a dynamic 

rerouting policy for forwarded large flows to optimize 

resource utilization. These mechanisms significantly 

improve routing efficiency and load balancing, and 

effectively avoid network congestion. Practical cases 

show that FCDLBR-SDN has been successfully applied to 

multiple large data centers, providing stable and efficient 

network support for key services, fully proving its 

advanced and practical, and promoting the development of 

SDN routing. 

3.2 Routing algorithm 

We have carefully built a mathematical model for 

the data center network, which is directly related to SDN 

routing tasks. In this model, we specifically define Eq. (8) 

to explicitly state the key parameter of transmission rate. 

In order to ensure the integrity and practicability of the 

theoretical system, we ensure that all subsequent 

equations and derivations are closely related to the SDN 

routing task: 

 f t t Tr ( t ) (b b ) / T−= −   (8) 

The network load carried by each switch in Eq. (9) 

is defined as the total number of bits of all network flows 

passing through the switch in a unit time. The network 

traffic carried by the turning point switch on the i-th 

effective path pi is expressed as: 

 
i i i

T T TSW SW SW

t t T( t ) (c c ) / T −= −   (9) 

Defining Eq. (10) denotes the remaining bandwidth 

of any link, and further, the remaining bandwidth of the 

link is given by Eq. (11). Next, the definition Eq. (12) is 

used to represent the remaining bandwidth of the i-th path. 

 ( u ,v ) ( u,v )w(u,v ) B load= −   (10) 

 
ij ijij l lw( l ) B load= −   (11) 

 
ij i
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l p

w( p ) min{ w( l )}
=

=   (12) 

When integrating Q-learning into dynamic routing, 

we designed a flow-based dynamic routing strategy [21], 

which closely integrates Q-learning and SDN routing. 

When a new flow arrives, the system checks the flow 

entries: if they exist, they are forwarded directly. If not, 

the switch sends PACKET_IN message to the controller. 

Then, based on Q-learning, the controller selects the path 

with the lowest Q value (reflecting the load of the switch 

at the turning point) from the shortest path set, generates a 

new flow entry, and delivers it to the switch. 

The core of this strategy is to reduce PACKET_IN 

messages, avoid control message storms, and use Q-

learning to predict the size of unknown flows, implement 

network load balancing, and reduce the number of large 

flows that are rerouted. The objective function (Eq. 13) is 

designed to select the path where the switch load is lower 

at the turning point. In this way, we ensure the effective 

application of Q-learning in dynamic routing, and clearly 

explain the relationship between Q-learning and SDN 

routing. The objective function is shown in Eq. (13): 

 
i
T

i S

sw

p P
p arg min( ( t ))
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=   (13) 
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The elephant flow rerouting algorithm is an 

improvement based on the global first matching 

algorithm, which searches for the path with the largest 

available bandwidth through all the paths existing in the 

data center network. The objective function of its problem 

is shown in Eq. (14): 

 
i

i
p P

p arg max{ w( p )}


=   (14) 

Combined with Q-learning, intelligent traffic 

steering maximizes available bandwidth, implements 

dynamic flow scheduling and load balancing, improves 

link utilization, reduces congestion risk, and increases 

throughput. Q-learning enables algorithms to predict and 

select the optimal path, closely connecting Q-learning and 

SDN routing to ensure efficient network operation. 

3.3 Experimental simulation and result 

analysis 

In this section, the proposed routing scheme is 

simulated on the Fat-Tree network topology of the tree 

data center. And compare ECMP [22], which is widely 

used in the current data center network, and Hedera [23], 

which uses the GFF algorithm, and analyze and compare 

the three routing schemes in terms of average network 

throughput and load distribution. 

3.3.1 Experimental environment 

In this experiment, the Mininet + Ryu simulation 

platform is used to verify the proposed routing scheme. 

Mininet is a lightweight network emulator that simulates 

multiple hosts, switches, routers, and links on the Linux 

kernel, with good support for the OpenFlow protocol and 

without expensive hardware. Mininet is a software-based 

simulator with time constraints due to virtual machine 

computing and I/O capabilities. For this reason, the 

network scale simulated by Mininet is reduced in the 

experiment to match the computing power of the machine. 

3.3.2 Simulation experiment setup 

In this paper, we use the tree topology architecture 

Fat-Tree, and use the custom network topology function 

on Mininet to build two topological networks. In the Fat-

Tree (K) topology, K represents the number of network 

interfaces contained by each switch in the network. By 

setting different K values, the network with different sizes 

of Fat-Tree topology can be built. 

The hybrid flow will be simulated based on the 

research and analysis of the internal traffic characteristics 

of the data center network by Zhang et al. Root Mean 

Squared Error (RMSE) is used as the evaluation index of 

load balancing in data center network. According to the 

literature [24], RMSE is expressed in the data center 

network as Eq. (15): 

 ( )
2

1 i ave

N

l l
i

load load
RMSE

N

=

 −
=

  (15) 

3.3.3 Simulation performance analysis 

In the experiments, we evaluated not only the two 

network topologies Fat-Tree [25] and Fat-Tree [26], but 

also other network topologies such as Spidergon and 

Mesh, and simulated them under a total of 8 different 

traffic models. In order to scientifically evaluate the 

performance difference between FCDLBR-SDN and 

ECMP and Hedera, we use statistical significance test 

methods such as test or ANOVA. In addition, we 

conducted in-depth scalability testing to fully evaluate the 

performance of the FCDLBR-SDN by increasing the 

number of nodes and traffic inputs. With its unique routing 

efficiency and load balancing strategy, the FCDLBR-SDN 

algorithm shows significant differences compared with 

the existing SDN routing reinforcement learning methods 

when processing various types of network traffic, which 

has brought important contributions to the SDN field. To 

ensure the fairness of the comparison, we first generated 

traffic and communication patterns in each experiment, 

and asked all scenarios to be compared to test on these 

generated traffic models. We used the Iperf tool to create 

40 streams on each server, and the length of the streams 

was based on an in-depth study of the internal traffic 

characteristics of the data center network: large streams 

accounted for about 5%, and the length was fixed at 

100MB; The setting of 95% small stream and a fixed 

length of 10KB is designed to more accurately simulate 

traffic in a real-world data center network. 

During the experiment, we observed the average 

network throughput over a 40-second period, with a 

special focus on the middle 30 seconds to ensure stable 

and representative performance data. The experimental 

results are shown in Figure 2, which shows the 

performance at different times and sub-scenarios. Through 

statistical significance tests such as t-test or ANOVA, we 

can intuitively compare the performance differences 

between FCDLBR-SDN and ECMP and Hedera under 

various network topologies and traffic models, verify the 

versatility and scalability of FCDLBR-SDN in different 

network configurations, and provide insights into the 

actual deployment scenarios of our proposed method. 
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Figure 2: Time and sub.Scenarios data graph 

In the discussion section, we delved into the 

performance differences between the proposed FCDLBR-

SDN algorithm and the current state-of-the-art (SOTA) 

methods, such as Equivalent Value Multipath (ECMP) 

and Hedera, especially in terms of throughput and load 

distribution under fat-tree topologies. We paid particular 

attention to the trade-off between computational 

complexity and convergence time for Q-learning, and 

referred to Figure 2 (Time vs. Sub-Scenario Data Graph) 

to help illustrate. Figure 2 is the time and sub.Scenarios 

data graph. Under the random communication mode, the 

average throughput of the proposed FCDLBR-SDN 

algorithm is significantly higher than that of ECMP and 

Hedera schemes. The average throughput of ECMP can 

only reach FCDLBR-SDN 2/3, and the average 

throughput is increased by about 10% compared with the 

Hedera scheme. This is because in the random 

communication mode, the probability of the server 

choosing to communicate between different pods is much 

higher than that of choosing to communicate within pods. 

Therefore, most of the traffic in the network 

communicates across pods, so the collision possibility 

between traffic increases. FCDLBR-SDN scheme and 

Hedera scheme will choose routes for large streams 

according to the real-time utilization rate of links, which 

reduces the collision probability of large streams. The 

FCDLBR-SDN scheme first chooses the turning point for 

the stream through the dynamic routing algorithm based 

on the stream. The small path of the switch carrying the 

load in real time has avoided many collisions of large 

streams in most cases, and then re-routes the elephant 

stream in the elephant stream rerouting. According to the 

real-time utilization of the link, the path with the largest 

available bandwidth is dynamically selected to choose the 

optimal path for the elephant stream, which can effectively 

avoid the collision of large streams. However, ECMP is a 

static routing, which only distributes the number of 

streams on the shortest paths evenly, but cannot 

dynamically route streams according to the bandwidth 

utilization of the link. For large streams, it is easy to cause 

their collisions and lead to link congestion, and the 

throughput will drop accordingly. Compared with Hedera, 

FCDLBR-SDN has a certain improvement, because it uses 

a dynamic flow-based routing algorithm to reduce the 

number of rerouted elephant flows to a large extent when 

the traffic size is unknown; And the rerouting algorithm is 

improved to choose the path with the largest available 

bandwidth for elephant flows, which will also reduce the 

collision probability of large flows accordingly. The 

FCDLBR-SDN algorithm shows better throughput and 

load distribution performance than ECMP and Hedera 

under the fat tree topology. This is mainly due to its Q-

learning-based dynamic routing strategy, which can select 

the optimal path for large flows according to real-time 

network conditions, so as to effectively avoid collision and 

congestion. 

 

Figure 3: Relationship between time and traffic accumulation 

In order to verify the effectiveness and contribution 

of FCDLBR-SDN, Figure 3 is introduced and the case 

study is carried out. Figure 3 shows the time-flow 

relationship compared to the simulation of the Fat-Tree 

topology (at different scales) under the random flow 

model. The core metric is the total traffic load of the core 
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switch. The results show that FCDLBR-SDN has the best-

balanced load distribution and small fluctuation among the 

two scale networks, effectively dispersing traffic. In 

contrast, the load imbalance is most significant in the 

ECMP scheme, and the Hedera scheme is in between. In 

summary, FCDLBR-SDN performs well in practical 

scenarios, providing strong support for the development of 

SDN routing. 

 

Figure 4: Flow accumulation difference 

In order to verify the effectiveness of the FCDLBR-

SDN method, we introduce the traffic accumulation 

difference graph (Figure 4) and a case study to simulate 

the performance of the Fat-Tree topology (at different 

scales) under random traffic. RSME is used to evaluate the 

load balancing performance, and the smaller the RSME, 

the better the performance. The results show that 

FCDLBR-SDN has the best load balancing performance 

and the lowest RSME value in the two scales of Fat-Tree 

networks, which is better than ECMP and Hedera 

schemes. The ECMP scheme has the worst performance, 

with large RSME fluctuations and high median values, 

which can easily lead to link overload. Hedera 

performance is in the middle, but still inferior to 

FCDLBR-SDN. In summary, the FCDLBR-SDN method 

shows excellent effectiveness and advancement in 

practical applications, optimizes network performance, 

and promotes the development of SDN routing. 

4 A dynamic routing algorithm 

based on Q-learning 
SDN routing problem can be generalized as an NP-

complete problem, which usually needs to seek a heuristic 

or meta-heuristic algorithm to solve [27]. Struggling a 

balance between network resource utilization and route 

adjustment convergence speed, avoiding congestion 

before it occurs, improving user experience, and 

effectively preventing network performance deterioration 

are urgent problems that need to be solved. 

4.1 System model 

The network offers diverse services with specific 

QoS needs like bandwidth, jitter, and delay. Assuming 

VNFs are deployed, smart routing and traffic allocation 

are key to fulfilling these requirements. Given multiple 

paths between source and destination, each with varying 

bandwidth and delay, the SDN controller leverages global 

topology and state info to dynamically assign optimal 

paths to traffic flows, ensuring service needs are met. 

However, the main challenge to be solved is the dynamic 

change of traffic in the network, resulting in static Path 

assignment cannot meet the specific needs of the service. 

The Q-learning model is a key component in 

dynamic routing methods based on network traffic 

optimization, which utilizes multiple parameters and 

hyperparameters to guide routing decisions to optimize 

network performance. Among them, the learning rate 

(0.01) determines the step size of the Q value update, 

which affects the speed and stability of the algorithm to 

learn new information from experience. The discount 

factor (0.99) reflects the importance of future rewards in 

current decision-making, balancing immediate benefits 

with long-term planning. The selection of these specifics 

is designed to ensure that the Q-learning model can both 

quickly adapt to network changes and take into account 

future network conditions to make optimal routing 

decisions. 

 

Figure 5: Dynamic routing algorithm model 
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Figure 5 provides a detailed illustration of the Q-

learning framework integrated within the SDN control 

plane for dynamic routing. The diagram is clearly labeled 

to guide the reader through the model’s workflow and 

decision process. The Q-learning module, highlighted in 

the legend, is responsible for intelligent policy generation, 

enabling global, real-time, and customizable network 

management. As service requests are received, the SDN 

controller, indicated by a distinct icon, assesses network 

states and employs Q-learning to iteratively test and select 

the optimal path. Key parameters such as the learning rate 

and discount factor, which are crucial for convergence and 

performance, are denoted and explained in the caption. 

The controller’s dissemination of forwarding rules to 

switches, represented by arrows, shows how packets are 

routed based on flow tables, optimizing network 

performance through resource allocation guided by the Q-

learning algorithm. The legend and descriptive captions 

enhance the interpretability of the diagram. 

4.2 Q-learning framework 

Q-learning, a reinforcement learning method, trains 

agents (SDN controllers) to optimize behavior in dynamic 

systems. At each step, agents get feedback (reward) from 

system states, choose actions based on past experiences to 

maximize long-term rewards. Unlike supervised learning, 

Q-learning agents discover optimal actions that maximize 

cumulative rewards, considering both immediate and 

future benefits. Q-learning has a compromise between 

exploring and exploiting. Exploring unknown actions to 

avoid missing better candidate actions, however, due to its 

randomness, it may reduce network performance. On the 

other hand, it is based on the best current action decision, 

but other unexplored actions may bring greater benefits, 

so it may fall into a local optimal solution. 

4.3 MDP description of dynamic routing 

algorithms 

Q-learning optimizes routing in SDN networks for 

low latency, high throughput, and adaptability. We model 

routing as an MDP, treating traffic flow arrivals as 

stochastic processes with Poisson-distributed service 

types. The SDN controller decides at each interval to 

accept/reject requests, assigning optimal paths to accepted 

flows. MDPs underpin Q-learning, enabling value 

function learning based on strategies. The state-action-

reward relationship is formalized in Eq. (16). 

 S A R →   (16) 

The state-action value function quantifies the worth 

of each state-action pair, reflecting the deviation from a 

stable state. The Q-value function updates according to 

Eq. (17). 

 
1 11

t t

t t t t t t
a

Q( s ,a )

( )Q( s ,a ) [ R( s ,a ) maxQ( s ,a )]+ +

=

− + +  
 (17) 

The Agent chooses the best policy based on the 

returns of each, formulated in Eq. (18). 

 1 1t t t t t t
a A

Q ( s ,a ) E[ R( s ,a ) maxQ ( s ,a )] 

+ +


= +   (18) 

Long-term returns show total rewards agents can 

accrue per state over time. The reward function in Eq. (19) 

rewards better link states with higher values. 

 
1 2 3

i ii j s ,a

ij ij ij

R R( i, j | )

cos t BW delay loss

→ =

= − + − −  
  (19) 

The Q-learning routing system comprises an SDN 

controller (agent) and physical switches. The agent 

interacts with the environment, receiving state (Traffic 

Matrix), action (forwarding decision), and reward signals. 

The reward is service-type-dependent, adjusting weights 

for delay-sensitive services to optimize paths and update 

flow tables. The reward function, tied to network O&M 

policies, can consider single (e.g., delay, throughput) or 

composite metrics [28, 29]. 

4.4 Simulation design and result analysis 

This simulation experiment employs Python 3 to 

execute the algorithm program and is conducted on a 

Windows 10 system PC equipped with an Intel Core i7-

6900, 3.40 GHz CPU, and 8 GB of running memory. In 

this section, we validate the proposed algorithm through 

simulation, providing comprehensive details on the 

network traffic models used. Specifically, we describe the 

derivation and configuration of traffic models such as 

Poisson-distributed arrival processes, including all 

relevant parameters and distribution characteristics, to 

ensure the replicability of our experimental setup for 

future researchers. 

In the dynamic routing method based on network 

traffic optimization, we deeply explore the parameter 

selection in the Q learning model, especially the influence 

of the α of learning factors and the γ of discount factors. 

Through formula analysis, we understand that the larger 

the learning factor α, the less the model retains the 

previous training results, and the larger the discount γ 

factor, the more the model attaches importance to future 

rewards, that is, the more inclined the model is to make 

decisions based on past experience, and vice versa, the 

more important it is to value immediate rewards.
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Figure 6: QNP changes 

Figure 6 analyzes QNP changes in our Q-learning 

routing algorithm. Varying α (learning factor) and γ 

(discount factor) reveals trade-offs: larger α discards past 

training, larger γ favors future rewards. To test this theory, 

we performed experiments comparing the fluctuations in 

Q values (measured by Euclidean distances) for different 

α (0.3, 0.6, 0.9) and γ combinations, as shown in Figure 6. 

The experimental results show that when the α is fixed, the 

decay rate of Q value fluctuation accelerates with the 

increase of the γ, indicating that the model converges to a 

steady state faster. In particular, when the α=0.3 and the 

γ=0.3, the Q value converges at about 95 steps. When the 

γ increases to 0.6 and 0.9, although the convergence speed 

is further improved, there are different degrees of 

oscillation. On the other hand, with the increase of the α 

of learning factors, the convergence speed of Q matrix is 

significantly accelerated, the fluctuation is also reduced, 

and the overall effect is better. Based on the experimental 

results, we determined that the reasonable range of 

learning factors was [0.6, 0.9], and the range of discount 

factors was also [0.6, 0.9]. This finding provides an 

important reference for the initial setting of parameters in 

subsequent experiments. 

 

Figure 7: CV Penetration ratio 

Figure 7 shows the comparison of CV penetration 

ratio. When the link state is not considered, the 

convergence is faster than that of the reward function 

considering the link state information. This is because 

when the link state is not considered, the value in the 

reward matrix only represents the connection state of the 

underlying network. Whether there is link connection 

between nodes, so it converges quickly when calculating 

the Q matrix. Considering the link state, it is necessary to 

iteratively calculate the link state information in the 

network. The calculation of multi-dimensional resources 

in the reward function is more complicated, so the Q 

matrix converges more slowly, but the latter is more 

accurate than the former when calculating the optimal 

link. 
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Figure 8: QMARL total chart 

Figure 8 illustrates QMARL. Initially, a higher 

learning factor accelerates Q-matrix convergence but may 

later cause oscillations around the optimum. Dynamically 

adjusting the learning factor, starting high and gradually 

reducing it with iterations, optimizes performance. 

5 Analysis of traffic characteristics 

based on regional distribution 

5.1 5.1 Analysis of user traffic based on 

geographical distribution 

This chapter uses the data collected from the 

existing network provided by the operator to analyze. The 

original data mainly includes information such as traffic 

usage, residential address, and equipment number on the 

user side, as well as information such as the model 

standard, sub-bureau, and management IP on the device 

side; The two are related to each other through device 

numbers to complete the integration of information. Some 

of the information table fields are described below, as 

shown in Table 2. 

Table 2: User traffic statistics 

Field Name Information 

User D10146553 

Uplink Traffic (MB) 1240 

Downlink Flow (MB) 5159 

Length of time online (s) 86400 

5.2 Traffic analysis based on k-means 

algorithm under user geographical 

distribution 

K-means is an unsupervised clustering algorithm. It 

iteratively finds k cluster centers based on sample 

distances, using distance as a similarity metric [30]. The 

goal is to partition data into k clusters, minimizing intra-

cluster distances and maximizing inter-cluster distances. 

 

Figure 9: Analysis of TGLL high traffic users 

Figure 9 analyzes TGLL high-traffic users. Most of 

the high-traffic users are concentrated in the area with a 

longitude greater than 375 degrees, and there are 410 high-

traffic users in this area, accounting for 70.2% of the total 

number of high-traffic users. This area is located in the 

above traffic characteristic area, with a large number of 

active users and similar online behaviors, which indicates 

that such users have obvious regional characteristics. 

Regional labels play a certain auxiliary role in mining 

high-traffic users and evaluating the traffic pressure of 
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PON ports. Figure 10 is a time-rate graph. Regions 1 and 

3 have 50.51% high-traffic users, which is basically 

consistent with the total traffic distribution. The traffic 

utilization rate of high-traffic users is about 4 times that of 

common users, which is much higher than that of common 

users and has obvious traffic fault characteristics. 

 

Figure 10: Time rate diagram 

5.3 Simulated annealing algorithm 

The simulated annealing algorithm simulates the 

heating, annealing, and cooling processes of solids in 

physics. It is a greedy algorithm that solves the maximum 

value of the function to be solved in a given state space 

(the space to be solved). The core idea of the algorithm is 

that when the initial temperature is high, the molecular 

kinetic energy is large, and the disturbance ability is strong 

in the range of its position. At this time, the algorithm has 

a large search range, and it is easy to find the global 

optimal solution. As the annealing temperature decreases, 

the intramolecular energy decreases, the perturbation 

ability weakens, the local search ability of the algorithm 

becomes stronger, and the local optimal solution is easily 

searched. After annealing, the internal energy of the solid 

is reduced to the minimum, and the final solution is the 

extreme value in the given solution space. The simulated 

annealing algorithm accepts new state solutions according 

to the Metropolis criterion to satisfy its probabilistic jump 

characteristics, as shown in Eq. (20). 

 

( ) ( )
( ) ( )
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1
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1
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T

,E n E n

P
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+ −
−

+ 


= 
 + 

  (20) 

The algorithm controls the whole annealing process 

by setting three parameters: initial temperature, annealing 

speed and termination temperature. A higher initial 

temperature increases the acceptance probability of search 

states, facilitating the discovery of global optima. 

Annealing speed is used to control the cooling rate of each 

annealing. The larger the parameter, the faster the 

annealing process, which may lead to a local optimal 

solution; On the contrary, the annealing process is slower 

and takes longer. The termination temperature marks the 

completion of the annealing process, and when the 

temperature R reaches the termination temperature, the 

algorithm ends. 

Assuming that the geographical coordinates of the # 

planning areas are U, which are the geographical 

coordinates of the optical intersection nodes 

corresponding to the requirements, then the objective 

function five is defined by Eq. (21). 

 ( ) ( ) ( )
2 2

1

N

i i i
i

min : E x, y c x x y y
=

=  − + −å   (21) 

The loss function of the model is shown by Eq. (22). 

 ( )
2

i i i il( y , y yˆ ) ŷ= −   (22) 

 

Figure 11: Variation of multivariate variables 
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Figure 11 is a multivariate variable change graph. It 

can be seen that the simulated annealing algorithm 

shortens the running time by 1.5 times and greatly 

improves the efficiency of the algorithm. To sum up, the 

simulated annealing algorithm has a good application 

effect in solving the problem of meeting the networking 

needs of various regions and minimizing the construction 

cost. The reference value of the algorithm results is high, 

and the use of the interval search method greatly reduces 

the meaningless state solution. Significant performance 

improvement in more complex deployment scenarios. 

6 Conclusion 
With the rapid development of Internet technology, 

network traffic has become one of the important indicators 

to measure network performance. However, the traditional 

static routing methods are often unable to meet the actual 

needs when dealing with large-scale and highly dynamic 

network environments. Therefore, how to optimize 

network traffic and realize efficient and stable dynamic 

routing has become an urgent problem in the field of 

network communication. The dynamic routing method 

based on network traffic optimization can dynamically 

adjust the routing through real-time monitoring of network 

traffic conditions, combined with advanced algorithms 

and technologies, so as to optimize network performance. 

The dynamic routing method improves the network 

throughput by about 25%, from 1000 Mbps to 1250 Mbps, 

which significantly enhances the network carrying 

capacity. At the same time, the average packet delay is 

reduced by 30%, from 50 ms to 35 ms, which improves 

the data transmission efficiency and user response speed. 

The method in this paper can effectively alleviate network 

congestion, improve data transmission rate, reduce packet 

loss rate and other problems. The existing dynamic routing 

methods based on network traffic optimization mainly 

include methods based on deep learning, methods based 

on reinforcement learning, and methods based on game 

theory. The method of deep learning can deal with 

complex network environment, but the amount of 

calculation is large; The reinforcement learning method 

has better adaptive ability, but it needs a lot of training 

data. In the future, with the continuous progress of 

artificial intelligence technology, dynamic routing 

methods based on network traffic optimization will usher 

in more development opportunities. On the one hand, 

advanced machine learning algorithms can be used to 

further optimize the dynamic routing algorithm and 

improve its accuracy and stability; On the other hand, it 

can combine emerging network technologies such as 

software-defined networks, network function 

virtualization, etc., to achieve more flexible and scalable 

network management. 
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The use and acceptance of liquor culture varies greatly across worldwide marketplaces, owing to social, 

cultural, and financial factors. Comprehending these dynamics necessitates using big data analytic tools 

to identify consumer trends and desires. The purpose of this study is to use sophisticated machine learning 

and deep learning models to investigate and forecast global liquor usage trends, desires, and behaviours. 

The study aims to discover key characteristics and patterns that influence the market acceptability of 

liquor culture. Despite the diversity of liquor desires and usage practices, previous works lack thorough 

analytics that integrates big data to present meaningful insights into worldwide market dynamics. These 

drawbacks include ineffective handling of complicated customer buying patterns and poor forecasting 

performance. To overcome these limitations, this study introduces the GlobalLiquorInsightEnsemble 

(GLIE) Algorithm, which is intended to improve prediction accuracy and present deeper insights into 

liquor usage patterns. The study makes use of a dataset that includes demographic data, drinking 

behaviours, and liquor usage desires. The GLIE Algorithm includes ensemble machine learning models 

comprising REPTree, JRip, and Naive Bayes, as well as deep learning with DL4JMLPClassifier, for 

classification and prediction problems. Model evaluation measures include accuracy, precision, recall, 

f1-score, and Matthew's correlation coefficient (MCC). The study uses thorough analysis to identify major 

changes in liquor usage, preferences for certain types and Flavors of liquor, and patterns of behaviour 

connected with intake frequency and purchase channels. The ensemble models do well in forecasting 

customer behaviour across multiple global locations. Experimental results indicate that the suggested 

GLIE Algorithm attains an Accuracy of 91.1%, Precision of 90.5%, Recall of 89.3%, F1-score of 89.9%, 

and MCC of 81%, surpassing previous approaches and offering a more accurate and comprehensive 

understanding of global liquor consumption patterns. 

Povzetek: Študija predstavlja GLIE algoritem, ki združuje strojno in globoko učenje za napovedovanje 

globalnih vzorcev uživanja alkohola, s čimer ponuja vpogled v tržne dinamike. 

 

1 Introduction 
The global market adoption of liquor culture is a complex 

phenomenon driven by a variety of social, cultural, and 

financial factors [1]. Understanding these dynamics is 

critical for stakeholders in the liquor business, as customer 

desires and habits shift. Various areas have diverse 

purchasing trends that are influenced by local traditions, 

financial realities, and societal standards. For example, 

whisky is extremely famous in Scotland [2], and tequila is 

profoundly rooted in Mexican culture [3]. The emergence 

of globalization and digital media has difficult existing 

tendencies, resulting in a dynamic and interlinked global 

marketplace. To navigate this intricate landscape, big data 

analytics provides a useful method for identifying trends 

and patterns in liquor intake [4]. Big data allows for the 

examination of massive amounts of data, yielding insights 

that might otherwise be missed using typical research 

approaches. This research intends to leverage the power of 

big data and sophisticated machine-learning approaches to  

examine and anticipate trends, desires, and behaviours 

associated with liquor intake on a worldwide scale. 

Previous research on liquor consumption has primarily 

employed localized market assessment and conventional 

survey methodologies [5]. These studies frequently present 

useful insights into certain locations or demographic 

groupings, but they fall short of tackling the intricacy and 

scale of worldwide alcohol consumption patterns. The key 

limitations of these existing studies include poor forecast 

accuracy, insufficient handling of different customer 

behaviors, and the incapacity to exploit large-scale 

datasets efficiently. Conventional survey techniques can be 

time-consuming, costly, and susceptible to flaws like non-

response bias and social desirableness bias [6]. 

Furthermore, regional research may miss larger patterns 

and fail to reflect the intricacies of global consumer 

behaviors. Consequently, a considerable vacuum exists in 

thorough evaluations that integrate varied data sources to 

provide meaningful insights into global market dynamics. 

mailto:18328384785@163.com
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To address these constraints, this paper offers the 

GlobalLiquorInsightEnsemble (GLIE) Algorithm, a 

complete analytical framework for better comprehension 

and prediction of liquor consumption patterns. This 

approach combines several sophisticated machine learning 

models, such as REPTree, JRip, and Naive Bayes, with 

deep learning techniques like DL4JMLPClassifier. The 

GLIE Algorithm employs these models in an ensemble 

approach, aiming to produce strong predictions and 

discover complicated customer behaviors more efficiently 

than previous approaches. Ensemble learning integrates 

the benefits of different models, resulting in higher 

accuracy and generalization abilities. The program not 

only detects complex trends in the data but also tackles the 

variation in customer tastes and behaviors across locations. 

This novel approach enables the capture of subtle patterns 

in data, resulting in more precise and dependable forecasts. 

This paper makes diverse contributions: 

• GLIE algorithm: A novel ensemble model that 

integrates machine learning and deep learning to 

improve liquor intake pattern forecasts. 

• Market analysis: big data research uncovers 

major worldwide trends, desires, and 

geographical variances in liquor intake. 

• Predictive accuracy: The GLIE Algorithm 

exceeds existing models in accuracy and stability. 

• Recommendations: Insights are used to deliver 

customized marketing and product strategy 

suggestions. 

 

The goal of this research is to use the GLIE Algorithm to 

investigate and forecast worldwide patterns, preferences, 

and behaviors associated with liquor consumption. This 

research will be especially beneficial for market analysts, 

industry players, and policymakers who want to 

comprehend and impact liquor intake habits. By offering a 

fuller knowledge of these dynamics, the study hopes to 

enable more informed decision-making in the liquor 

business. The capacity to effectively forecast consumer 

behavior enables stakeholders to create customized 

marketing efforts, enhance product offers, and increase 

customer happiness. The study is focused on Market 

Analysis to discover global liquor trends, Customer 

Behavior Studies to comprehend desires for targeted 

marketing, and Strategic Planning to improve distribution, 

pricing, and promotions for enhanced profitability. 

The paper is structured as follows: Section 2: Related 

Works examines previous research on liquor consumption 

patterns and machine learning applications, highlighting 

gaps and limits. Section 3: Methodology discusses the 

dataset and the GLIE Algorithm, including gathering data, 

preprocessing, and transparency measures. Section 4: 

Experimental Results and Discussion offers algorithmic 

results, compares them to previous techniques, and 

examines the ramifications. Section 5: Conclusion and 

next Work outlines major findings and proposes future 

research directions. 

2 Related works 

The study of liquor use and market acceptability has 

several facets, comprising social, cultural, and financial 

considerations. Past studies have investigated these factors 

in many situations, giving a framework to comprehend the 

intricacies of liquor consumption habits in global 

marketplaces. 

Ford et al. [7] developed an AutoML framework for 

forecasting demand in alcohol distribution by analyzing 

customer-level demand for each product. Using both time 

series and machine learning models, the framework selects 

the best model for each product-customer combination, 

leading to more accurate demand predictions. 

Cravero et al. [8] undertook a large-scale study in Europe 

to characterize individual differences in alcoholic 

beverage desire and consumption, providing important 

insights into how gender, age, and sensory responsiveness 

impact drinking habits. The study revealed various 

segments of customers based on their desires for various 

kinds of alcoholic beverages, offering useful information 

for focused marketing and product development. 

Buakate et al. [9] investigated the factors influencing 

alcohol use among university students in Southern 

Thailand, discovering social and marketing impacts as 

important predictors of drinking behavior. This study 

emphasizes the impact of environmental and social factors 

on alcohol consumption trends among young individuals. 

Zhao et al. [10] conducted an interrupted time series 

analysis to assess the impacts of alcohol warning labels on 

population alcohol use in Yukon, Canada. The study 

discovered that the adoption of novel warning labels was 

connected with a considerable decline in alcohol sales, 

illustrating the ability of policy interventions to impact 

drinking behavior. 

Jagadeesan and Patel [11] examined the epidemiology, 

pattern, and prevalence of alcohol intake in India, 

highlighting the importance of public health intervention 

to combat the high prevalence of alcohol consumption and 

its related effects. The research urged for thorough policies 

and initiatives that incorporate the different regional and 

socio-cultural contexts of India. 

Parekh et al. [12] studied alcohol intake and food intake in 

the Framingham Heart Study Offspring Cohort during a 

four-decade period. This study gives insights into the long-

term patterns in alcohol intake and their association with 

food habits, providing a better comprehension of how 

drinking habits grow throughout adulthood. 

Auchincloss et al. [13] investigated the association 

between alcohol outlets and alcohol intake in changing 

contexts, discovering that alcohol outlet prevalence and 

density variations are connected with alterations in 
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drinking behavior. This study emphasizes the significance 

of environmental influences on drinking trends. 

Rastogi et al. [14] conducted a systematic analysis and 

modeling study on alcohol intake in India, offering sub-

national estimations of consumption habits and 

discovering important drivers of alcohol use. The results 

underline the variety of alcohol intake across various areas 

of India, highlighting the necessity for specialized 

interventions. 

Dsouza et al. [15] studied the effect of tourists' socio-

demographics on their alcohol and drinkscape choices, 

finding how demographic characteristics impact tourist 

alcohol desires. This research adds to our comprehension 

of how tourism-related factors influence liquor intake. 

Niemelä et al. [16] investigated the relationship between 

alcohol consumption habits and laboratory health 

indicators, specifically if the kind of alcohol selected 

makes a difference. The study discovered that various 

kinds of alcoholic beverages are related to differing health 

outcomes, emphasizing the significance of taking 

beverage-specific impacts into public health suggestions. 

Table 1 shows the summary table. 

Table 1: Summary table 

Study Objective Methods Key Findings Metrics/Results 

Ford et al. [7] Precisely predict 

consumer-level 

request for 

alcoholic 

beverages. 

AutoML 

framework utilizing 

time series and 

machine learning 

models to discover 

the best prediction 

model for each 

product-consumer 

pair. 

Enhanced accuracy 

by capturing 

individual 

consumer request 

differences. 

Optimal models 

chosen per product-

consumer 

combination, 

improving request 

prediction 

accuracy. 

Cravero et al. [8] Profiling individual 

variances in 

alcoholic beverage 

favorite and 

consumption in 

Italy. 

Survey of 2,388 

Italian customers 

examining age, 

gender, and oral 

receptiveness. 

Recognized 3 

drinking trends. 

Men drink more 

alcohol than 

women. 

12% Spirit-lovers, 

44% Beer/Wine 

lovers, and 44% 

Mild-drink lovers. 

Buakate et al. [9] Detecting factors 

impacting alcohol 

consumption 

among university 

students in 

Southern Thailand. 

Survey of 685 

students with 

logistic regression. 

Marketing insight 

and social impacts 

significantly 

influence alcohol 

consumption. 

Males: 45.3% 

report alcohol 

consumption. 

AOR: 5.35 (high 

marketing 

perception). 

Zhao et al. [10] Evaluating the 

effect of alcohol 

warning labels on 

alcohol 

consumption in 

Yukon, Canada. 

Interrupted time 

series examination. 

Alcohol sales 

dropped by 6.31% 

after warning labels 

were introduced. 

6.59% reduction in 

labeled products, 

6.91% rise in 

unlabeled products. 

Jagadeesan & Patel 

[11] 

Discovering the 

epidemiology of 

alcohol 

consumption in 

India. 

Non-systematic 

review of alcohol 

consumption 

literature. 

Peer pressure and 

social occasions 

impact drinking. 

Prevalence: 10%-

60%, 

predominantly 

male customers. 
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Parekh et al. [12] Analyzing 

longitudinal 

alcohol 

consumption 

tendencies in the 

Framingham Heart 

Study. 

Longitudinal 

examination from 

1971-2008. 

Alcohol 

consumption 

declined over 

decades; the 

favorite shifted to 

wine. 

Binge drinking 

declined from 40% 

to 12.3%. 

Auchincloss et al. 

[13] 

Examining the 

influence of alcohol 

outlet density on 

alcohol 

consumption in 

Pennsylvania. 

A population-based 

cohort study of 772 

participants in 

Philadelphia. 

Higher alcohol 

outlet density is 

related to more 

often alcohol 

consumption. 

64% higher odds of 

raised drinking with 

more outlets. 

Rastogi et al. [14] A systematic 

review of alcohol 

consumption in 

India, concentrating 

on state-level 

estimates. 

Systematic review 

and statistical 

modeling of state-

level data. 

Huge regional 

variation in alcohol 

consumption, 

maximum in North-

East India. 

CD ranged from 

6.4% in 

Lakshadweep to 

76.1% in Arunachal 

Pradesh. 

Dsouza et al. [15] Examining the 

influence of tourist 

demographics on 

alcohol choice in 

Goa. 

Survey of 962 

tourists. 

Wealthier, older 

tourists favor 

various alcohol and 

drinkscapes than 

younger, lower-

income tourists. 

Various trends of 

alcohol 

consumption based 

on socio-

demographics. 

Niemelä et al. [16] Examining the 

influence of various 

alcohol types on 

health utilizing lab 

data. 

National 

population-based 

health survey 

(FINRISK) of 

22,432 subjects. 

Binge drinking and 

preference for 

beer/hard liquor are 

linked with worse 

liver function and 

inflammation. 

Beer/hard liquor 

binge drinkers 

show the highest 

rates of health 

abnormalities. 

These studies, taken together, provide a complete view of 

the variables affecting liquor intake and market acceptance 

around the world. They emphasize the significance of 

taking cultural, social, economic, and policy issues into 

account while attempting to explain and forecast drinking 

practices. The insights gathered from these preceding 

efforts influence the current study's approach to using big 

data and sophisticated machine learning algorithms to find 

patterns and preferences in worldwide liquor consumption. 

3 Methodology 

This section shows how to use the 

GlobalLiquorInsightEnsemble (GLIE) Algorithm to 

estimate liquor consumption trends, preferences, and 

behaviors. It entails preparing the dataset by combining 

data from several sources and prepping it with cleaning, 

normalization, and encoding. The main prediction tasks 

use an ensemble of machine learning models to study and 

predict trends, preferences, and behaviors. 

 

3.1 Dataset description 

The dataset utilized for assessing liquor consumption 

trends has been rigorously crafted to cover a diverse 

variety of customer habits and preferences. Data were 

obtained via a mixture of online surveys and in-person 

interviews, with a focus on a varied demography across 

multiple nations. This technique provides a comprehensive 

assessment of worldwide liquor consumption patterns, 

incorporating both regional distinctions and global trends. 

Data collecting included sending out online surveys via 

social media platforms and industry discussions and also 

performing in-person interviews in retail stores, pubs, and 

supermarkets. The dataset contains replies from people 

living in a variety of countries across continents, as well as 
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cultural and geographical situations. This enormous 

geographic diversity contributes to a comprehensive 

comprehension of how various societies and areas impact 

liquor consumption. 

The dataset is divided into numerous important columns, 

each of which captures a particular component of customer 

behavior. The ID field assigns a unique identity to each 

responder, allowing every record to be monitored 

individually. The Age column represents the respondent's 

age, allowing for the comparison of consumption habits 

across age groups. Gender identifies the respondent's 

gender, allowing for gender-based study of their drinking 

behaviors. The Country column indicates the individual's 

country of residence, which reflects geographical 

preferences and trends. 

Furthermore, the Favorite Liquor Type column indicates 

the type of liquor that the responder favors, like whiskey, 

sake, or gin. The Preferred Flavor Profile field lists the 

respondent's preferred flavor qualities, such as smoky, 

floral, or spicy. The Consumption Frequency 

(times/month) column measures how frequently the 

respondent consumes alcohol each month, offering insight 

into their drinking behaviors. 

The Purchase Channel column indicates where the 

respondent usually purchases their spirits, like an online, 

retail store, or bar. The Social Occasions column is a binary 

indicator that indicates whether the respondent drinks 

alcohol on social occasions, with 1 indicating Yes and 0 

signifying No. Additionally, the Health-Conscious column 

indicates if the responder is health-conscious about their 

alcohol intake, with 1 representing Yes and 0 representing 

No. Finally, the Favorite Trend column indicates the 

respondent's preferred trend in liquor consumption, like 

the Craft Spirits Boom or Health-Conscious Choices. 

Table 2 illustrates the sample dataset's structure and 

content. 

Table 2: Sample dataset 

ID, Age, Gender, Country, Favorite Liquor Type, 

Preferred Flavor Profile, Consumption Frequency 

(times/month), Purchase Channel, Social Occasions, 

Health Conscious, Favorite Trend 

1, 26, Male, USA, Whiskey, Smoky, 8, Online, 1, 0, 

Craft Spirits Boom 

2, 35, Female, Japan, Sake, Traditional, 3, Retail 

Store, 1, 0, Regional Preferences 

3, 28, Female, UK, Gin, Floral, 10, Bar, 1, 1, Cocktail 

Culture 

4, 46, Male, China, Tequila, Spicy, 12, Retail Store, 

1, 0, Regional Preferences 

5, 21, Female, Australia, Craft Beer, Hoppy, 6, 

Online, 0, 1, Health-Conscious Choices 

 

 

 

3.2 Data Preprocessing 

Data preprocessing is an important stage in preparing a 

dataset for analytics. It ensures that the data is accurate, 

consistent, and suitable for modeling. The preprocessing 

phase consists of several critical tasks, including 

addressing missing data, encoding category variables, and 

normalizing numerical features. Each of these stages 

contributes significantly to bettering the dataset's 

excellence and the prediction models' effectiveness. 

Handling missing values: Missing data is handled by 

Hybrid Averaging Imputation (HAI) for numerical 

columns and mode imputation for categorical columns. 

HAI incorporates three imputation methods: Mean 

Imputation, k-nearest Neighbors (k-NN), and Linear 

Regression Imputation. The imputed value for each 

numerical column with missing values is derived by 

averaging the three algorithms' findings. This strategy 

takes advantage of the benefits of each imputation method 

to provide a more precise and strong estimation of missing 

values. Mean imputation replaces missing values with the 

average of the observed values in the column. 

𝑝𝑖
(𝑚𝑒𝑎𝑛)

=  
1

𝑁
 ∑ 𝑝𝑖

𝑁
𝑖=1    (1) 

Where 𝑝𝑖  is the observed value and N is the number of 

observed values.  

K-NN imputation is a method that replaces missing values 

by identifying the k-nearest neighbors in the dataset and 

calculating the average of their values. 

𝑝𝑖
(𝑘𝑁𝑁)

=  
1

𝑘
 ∑ 𝑝𝑗𝑗∈𝑁𝑁(𝑖)   (2) 

Where NN(i) denotes the set of k-nearest neighbors for the 

ith observation. 

Linear regression imputation uses a regression model to 

estimate missing variables by utilizing other observable 

data. 

𝑝𝑖
(𝑟𝑒𝑔)

=  𝛽0 +  𝛽1𝑥1 +  𝛽2𝑥2 + ⋯ + 𝛽𝑞𝑥𝑞  (3) 

Where 𝛽0 is the intercept, 𝛽1, 𝛽2, … , 𝛽𝑝 are the regression 

coefficients, and 𝑝1, 𝑝2, … , 𝑝 are the predictor variables. 

The ultimate imputed value for each missing numerical 

entry is the mean of these three techniques: 
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𝑝𝑖
(𝑖𝑚𝑝𝑢𝑡𝑒𝑑)

=  
1

3
 (𝑝𝑖

(𝑚𝑒𝑎𝑛)
+ 𝑝𝑖

(𝑘𝑁𝑁)
             

+  𝑝𝑖
(𝑟𝑒𝑔)

) 

(4) 

Missing values in categorical columns are filled using the 

mode, which is the most frequent category. This ensures 

that the categorical data accurately represents the most 

common responses. 

Encoding categorical variables: Categorical variables are 

represented via Hash Encoding. This method converts 

categorical data to a fixed-size numerical representation, 

making it ideal for high-cardinality features where older 

techniques such as one-hot encoding may be ineffective. 

Hash encoding entails using a hash function to categorical 

items and assigning them to a set number of hash bins. This 

strategy decreases the data's dimensionality while 

maintaining the capacity to indicate a large number of 

categories. This method of transforming categorical data 

into numerical format makes the dataset more suitable for 

machine learning techniques. 

Normalizing numerical features: Numerical attributes are 

normalized by MaxAbs Scaling. This approach divides 

each characteristic by its greatest absolute value to scale 

them from -1 to 1. MaxAbs Scaling is especially helpful 

when the data includes both positive and negative values 

since it assures that all features have the same scale 

without changing the distribution of the data. For example, 

the "Consumption Frequency (times/month)" column is 

scaled such that its values fall within the prescribed range, 

which contributes to the reliability and efficacy of the 

machine learning algorithms. 

The formula for MaxAbs Scaling is: 

𝑝𝑖
(𝑠𝑐𝑎𝑙𝑒𝑑)

=  
𝑝𝑖

max (|𝑝1|,|𝑝2|,…,|𝑝|)
            (5) 

Where 𝑝𝑖  is the original value, and 

max (|𝑝1|, |𝑝2|, … , |𝑝𝑁|) is the maximum absolute value in 

the column. 

Data preparation prepares the dataset for robust analytics 

and modeling by carefully managing missing values, 

encoding category categories effectively, and normalizing 

numerical characteristics correctly. Each stage guarantees 

that the data is clean, consistent, and acceptable for 

machine learning algorithms, resulting in more precise and 

insightful insights regarding liquor consumption trends. 

3.3 GLIE algorithm 

The GLIE Algorithm is a thorough machine-learning 

method for predicting many aspects of liquor 

consumption, including trends, preferences, and 

behaviors. This technique combines numerous models to 

maximize their combined strengths, resulting in excellent 

reliability and precision in predictions. The ensemble 

includes the following machine learning models: 

REPTree, JRip, NaiveBayes, and DL4JMLPClassifier.  

The normalized dataset was divided into training and 

validation sets utilizing an 80/20 ratio, with 80% of the 

data used to train the models and 20% for testing their 

efficiency. This simple split enables a clear assessment of 

model generalization on previously unseen data. While 

cross-validation was not used in this method, the chosen 

split allows for an extensive evaluation of the models' 

predictive abilities by keeping the test set separate from the 

training procedure, resulting in a dependable measure of 

their efficacy in real-world scenarios. 

Each model is trained individually on the same dataset, but 

uses various learning approaches, giving new insights to 

the entire prediction process. Figure 1 shows the system 

architecture of the GLIE algorithm. 

                       

 

Figure 1: GLIE algorithm 

 

3.3.1 Model training 

Once the data has been preprocessed, the program will 

train the different models. The REPTree model, which 

stands for Reduced Error Pruning Tree, is a rapid decision 

tree learner that constructs a regression or classification 

tree utilizing information gain/variance decrease and 
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prunes it with reduced-error pruning. During training, 

REPTree creates numerous trees and prunes them with a 

validation set to avoid overfitting, simplifying the model 

while maintaining accuracy. This method is extremely 

effective in handling huge datasets and is especially 

beneficial in circumstances where quick model training 

and prediction are needed, making it a powerful tool for 

both classification and regression applications. 

The JRip model (Java-based Repeated Incremental 

Pruning to Produce Error Reduction) is a rule-based 

learner that creates a collection of rules for categorization 

problems. JRip iteratively develops and prunes rules to 

maximize forecast accuracy while remaining simple. It 

excels at managing noise and huge datasets, achieving a 

mix of interpretability and efficiency. This model excels in 

instances where clear, comprehensible rules are required 

for decision-making, making it a strong alternative for 

different classification challenges. 

The Naive Bayes model, which uses Bayes' theorem, is 

trained to classify data under the assumption that the 

features are independent of the class. Even with 

insufficient training data, the Naive Bayes model can 

generate predictions by computing the probability of each 

class based on input features. This model is very beneficial 

for large-scale text classification and spam detection since 

it can handle high-dimensional data rapidly. Despite its 

simplicity, the Naive Bayes model works exceptionally 

well in a variety of applications, particularly when the 

independence condition is valid. 

Lastly, the DL4JMLPClassifier from the Deeplearning4j 

library is trained. This deep learning model improves the 

ensemble's prediction power by using advanced neural 

network topologies. It is specifically built for classification 

jobs and advantages from the versatility and adaptability 

of deep learning technologies. 

3.3.2 Trends prediction 

The first main objective of the GLIE Algorithm is trend 

prediction. This task's goal attribute is "Favorite Trend," 

which includes a variety of liquor consumption trends such 

as Craft Spirits Boom, Premiumization, and Health-

Conscious Choices. The goal is to anticipate these changes 

using demographic information (age, gender, country) and 

consumption-related characteristics (favorite liquor type, 

favorite flavor profile, consumption frequency). 

During model training, the features and target attributes are 

utilized to educate the models to recognize patterns and 

trends in the dataset. Each model learns to identify the 

underlying elements that impact liquor consumption 

trends. Once trained, these models forecast the most 

popular trend for new data inputs. 

3.3.3 Preferences prediction 

The second job involves predicting preferences, with the 

goal attributes "Favorite Liquor Type" and "Preferred 

Flavor Profile." The goal is to forecast consumer 

preferences for various types of liquor and flavor profiles 

based on demographic characteristics (age, gender, 

country) and consumption data (consumption frequency, 

purchase channel). 

Given demographic and consumption data, the models are 

trained to forecast the sort of liquor and flavor profile that 

a consumer will favor. This entails identifying preference 

patterns and translating them to particular liquor kinds and 

flavor profiles. After training, the models make predictions 

about customer preferences. 

3.3.4 Behaviors prediction 

The third and final assignment is behavior prediction, 

which is based on factors like "Social Occasions" and 

"Purchase Channels." The goal is to anticipate liquor 

consumption habits such as whether it is consumed during 

social gatherings and the preferred purchasing channel 

(online, retail store, bar). 

To accomplish this, the models are trained on 

characteristics such as consumption frequency, health 

awareness, and demographic data (age, gender, and 

country). The training phase entails studying how these 

features impact behaviors and applying that knowledge to 

create predictions.  

3.3.5 Prediction and evaluation 

After training separate models for each prediction task, the 

algorithm moves on to the prediction phase. Each model in 

the ensemble predicts the target attributes using the input 

features. The forecasts from all models are then integrated 

to get the ultimate predictions. This combination takes 

advantage of the benefits of each model, resulting in a 

more solid and trustworthy prediction. 

The GLIE Algorithm gives forecasts for Favorite Trends, 

Favorite Liquor Types, Preferred Flavor Profiles, Social 

Occasions, and Purchase Channels. These projections 

provide vital insights into consumer behavior and tastes, 

allowing stakeholders in the liquor sector to make 

informed decisions. 

By combining various models and focusing on complete 

assessment, the GLIE Algorithm guarantees excellent 

accuracy and dependability in forecasting liquor 

consumption patterns, preferences, and behaviors. This 

makes it a strong tool for studying and anticipating 

customer habits in the liquor market.  

The REPTree model's important hyperparameters were the 

maximum tree depth and the minimum number of 

instances per leaf, that were tuned utilizing grid search to 

balance model intricacy and overfitting. JRip's main 

hyperparameters, like the number of improvements and 

folds utilized in cross-validation, were tuned to enhance 

rule-based learning while avoiding overfitting to training 

data. NaiveBayes, as a probabilistic model, needed less 

hyperparameter tuning, but it was optimised by adjusting 
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the kernel estimator to manage numeric features. The 

DL4JMLPClassifier's hyperparameters, such as the 

number of hidden layers, neurons per layer, learning rate, 

and activation functions, were tuned utilizing grid and 

random search. The reasoning behind these particular 

decisions was to enhance each model's effectiveness using 

its inherent learning capacities, guarantees a balance 

between computational effectiveness and prediction  

accuracy. Algorithm 1 shows the 

GlobalLiquorInsightEnsemble (GLIE) Algorithm.

Algorithm 1: GlobalLiquorInsightEnsemble (GLIE) 

Input : Global liquor insights dataset: Age, Gender, Country, Favorite Liquor Type, Preferred Flavor 

Profile, Consumption Frequency, Purchase Channel, Social Occasions, Health Conscious 

Target attributes: Favorite Trend, Favorite Liquor Type, Preferred Flavor Profile, Social 

Occasions, Purchase Channel 

Output : •Predictions for Preferred Trend 

•Predictions for Preferred alcoholic beverage category 

•Predictions for Preferred Flavor Profile 

•Predictions for Social Occasions 

•Predictions for Purchase Channel 

Step 1 : Data Preprocessing: 

    Handle missing values: 

•For numerical columns: 

oUtilize Mean Imputation, k-NN Imputation, and Linear Regression Imputation. 

oCalculate the mean of the outcomes obtained from the aforementioned procedures for every 

absent value. 

•For categorical columns: 

oImpute the missing data by replacing them with the mode, which is the category that appears 

most frequently. 

    Encode categorical variables: 

•Utilize Hash Encoding to transform categorical variables into fixed-size numerical 

representations. 

    Normalize numerical features: 

•Utilize MaxAbs Scaling to rescale features within the range of -1 to 1. 

Step 2 : Model training: 

    Train REPTree model: 

•Train REPTree using features and target attributes for trends, preferences, and behaviors. 

    Train JRip model: 

•Train JRip using features and target attributes for trends, preferences, and behaviors. 
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    Train Naïve Bayes model: 

•Train Naïve Bayes using features and target attributes for trends, preferences, and behaviors. 

    Train DL4JMLPClassifier model: 

•Train DL4JMLPClassifier using features and target attributes for trends, preferences, and 

behaviors. 

Step 3 : Prediction: 

    Predict favorite trend: 

•Utilize all trained models to forecast the Favorite Trend. 

    Predict favorite liquor type: 

•Utilize all trained models to forecast the Favorite Liquor Type. 

    Predict preferred flavor profile: 

•Utilize all trained models to forecast the Preferred Flavor Profile. 

    Predict social occasions: 

•Utilize all trained models to forecast Social Occasions. 

    Predict purchase channel: 

•Utilize all trained models to forecast the Purchase Channel. 

Step 4 : Aggregate the outcomes from all models to generate the ultimate forecast. 

Step 5 : Output the final predictions. 

4 Experimental results and 

discussions 

This section includes the findings and discussions from the 

experiments carried out to assess the effectiveness of the 

GLIE Algorithm. The trials were carried out utilizing Java 

and the Weka tool. The GLIE Algorithm was compared to 

four different machine learning models: REPTree, JRip, 

NaiveBayes, and DL4JMLPClassifier. The comparison 

was based on several evaluation measures, including 

accuracy, precision, recall, F1-score, and Matthews 

Correlation Coefficient. 

The models' effectiveness was evaluated utilizing a 

comprehensive set of metrics. Table 3 compares the GLIE 

algorithm with the individual models. 

 

 

 

 

Table 3: Comparative Analysis of GLIE Algorithm and 

Other Models' Performance 

Model Accura

cy 

Precisi

on 

Reca

ll 

F1-

sco

re 

MC

C 

REPTree 86.2 85 84.5 85.1 80 

JRip 84.5 83.9 82.7 83.3 77 

NaiveBayes 85.0 84.5 83.2 83.8 78 

DL4JMLPClass

ifier 

85.5 85.0 83.8 84.4 79 

GLIE 91.1 90.5 89.3 89.9 81 
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Table 3 shows that the GLIE Algorithm outperformed all 

individual models in all evaluation measures, with the 

highest accuracy, precision, recall, F1-score, and MCC. 

Several significant variables contribute to the GLIE 

Algorithm's exceptional performance. To begin, the 

integration of different models—REPTree, JRip, 

NaiveBayes, and DL4JMLPClassifier—takes advantage 

of their respective capabilities, resulting in improved 

generalization and robustness. Each model in the ensemble 

offers a distinct perspective, capturing different parts of the 

data, hence improving overall prediction accuracy. 

Furthermore, the ensemble approach reduces the 

possibility of overfitting by averaging predictions, 

resulting in more consistent and stable results. Lastly, it 

efficiently balances the bias-variance trade-off, ensuring 

excellent precision and recall, all of which contribute to a 

greater F1 score. 

Figures 2, 3, 4, 5, and 6 highlight the performance 

differences by comparing the models' accuracy, precision, 

recall, F1-score, and MCC. 

 

Figure 2: Accuracy comparison 

 

Figure 3: Precision comparison 

 

 

Figure 4: Recall comparison 
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Figure 5: F1-score comparison 

 

 

Figure 6: MCC Comparison 

The GLIE Algorithm successfully detected the Craft 

Spirits Boom trend, which reflects a significant consumer 

shift toward artisanal and small-batch spirits. This 

projection reflects an increasing demand for distinctive 

and high-quality liquor goods, which is consistent with 

current market trends that value exclusivity and 

craftsmanship in liquor use. The system effectively 

predicted consumer preferences for Whiskey with a 

Smoky flavor profile. This finding demonstrates that 

customers have a strong preference for bold, distinctive 

flavor sensations, implying that whiskey with complex, 

smokey characteristics is in great demand in the market. 

The algorithm accurately predicted that people prefer to 

buy booze online due to the ease and vast choices provided 

by e-commerce platforms. This conduct demonstrates a 

move toward digital commerce, underlining the 

significance of Internet platforms in customer purchasing 

decisions. 

The ensemble approach's outstanding performance across 

all evaluation metrics—accuracy, precision, recall, F1-

score, and MCC—shows that it is resilient and reliable. 

The capacity to accurately predict customer behavior gives 

useful insights for players in the liquor sector. This allows 

them to adapt their marketing tactics and product offerings 

to better fit with evolving customer expectations. 

4.1 Discussion 

The proposed GLIE algorithm exhibits significant 

performance enhancements compared to conventional 

models such as REPTree, JRip, NaiveBayes, and 

DL4JMLPClassifier. GLIE, with an accuracy of 91.1%, 

considerably outperforms the most conventional model, 

REPTree, which attained 86.2%. Moreover, GLIE 

demonstrates superior recall and F1-score, indicating its 

proficiency in consistently identifying positive instances 

while achieving an effective equilibrium between 

precision and recall. The enhancement in these metrics 

indicates that GLIE provides a more dependable solution, 

especially in contexts where the costs of misclassification 

are significant. 

The remarkable efficiency of GLIE is primarily due to its 

ensemble technique, which integrates the advantages of 

various models. Ensemble techniques typically diminish 

bias and variance by amalgamating the predictions of 

various classifiers. GLIE's incorporation of models such as 

NaiveBayes, REPTree, and JRip enables it to more 

efficiently capture various facets of the data. Conventional 

models like NaiveBayes excel with probabilistic data, 

whereas REPTree and JRip are proficient in managing 

structured and rule-based decision processes. The 

integration of these methodologies allows GLIE to achieve 

superior generalization across diverse data types, resulting 

in enhanced precision and recall. 

Despite its robust efficiency, GLIE possesses certain 

drawbacks. Error analysis indicates potential difficulties in 

managing rare or outlier instances characterized by sparse 

data patterns. The ensemble model's dependence on 

simpler classifiers may fail to adequately capture intricate 

relationships in these situations. Moreover, imbalanced 

datasets can pose difficulties, as the majority class may 

overshadow predictions. Future endeavors may focus on 

augmenting GLIE's capacity to address these challenges, 
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including the incorporation of deep learning 

methodologies for intricate data representation or the 

application of cost-sensitive learning strategies to enhance 

performance on imbalanced datasets. This innovative 

method underscores the capabilities of machine learning, 

especially ensemble models, in areas typically governed 

by social or economic influences, thereby creating new 

avenues for predictive research and decision-making. 

5 Conclusion and future works 

The GLIE Algorithm is highly efficient in forecasting 

liquor consumption patterns, preferences, and behaviors, 

with superior performance in accuracy, precision, recall, 

F1-score, and MCC. Its use of numerous machine learning 

models, such as REPTree, JRip, NaiveBayes, and 

DL4JMLPClassifier, has resulted in robust and dependable 

predictions, providing significant insights into developing 

trends, favorite liquor types, and purchase behaviors. In the 

future, extending the use of this algorithm to domains other 

than liquor consumption, like fashion, technology, or 

health items, could confirm its versatility and broaden its 

influence. Incorporating sophisticated approaches like 

reinforcement learning, as well as diverse datasets, could 

further boost the algorithm's prediction skills and present 

deeper insights into numerous consumer markets. 
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Seismic observation stations perform a vital part in monitoring and analyzing seismic activity for early 

warning and disaster preparedness. This paper investigates the integration of an IoT-based intelligent 

power supply management model to improve station reliability and effectiveness. Traditional systems often 

suffer from reliability issues and inadequate monitoring, impacting timely seismic data delivery during 

critical events. The study employs IoT sensors for real-time monitoring of voltage, current, battery status, 

and environmental conditions. Data are centralized for analysis, leveraging the SeismoGuard Ensemble 

classifier—a novel machine learning model combining Random Forest, SVM, and KNN models with a 

Logistic Regression meta-classifier. The novelty lies in its distinctive blend of Random Forest, SVM, KNN, 

and Logistic Regression improves predictive accuracy and robustness in power supply handling for 

seismic observation stations. This approach improves forecasting accuracy and robustness in preventing 

power failures, achieving high prediction measurements like accuracy (90%), precision (88%), recall 

(91%), and F1-score (89%). Implementation leads to enhanced data transmission throughput and packet 

delivery ratio, ensuring reduced downtime and increased resilience during seismic events. Integrating IoT 

technologies in power supply management offers substantial benefits, including enhanced reliability and 

operational continuity, vital for effective seismic monitoring and early warning systems. 

Povzetek: Raziskava izboljšuje zanesljivost seizmoloških opazovalnic z uporabo IoT za spremljanje 

napajanja in napovedovanje okvar z algoritmom SeismoGuard Ensemble, ki združuje algoritme 

naključnih gozdov, SVM in KNN.

1 Introduction 

Seismic observation stations are essential infrastructure 

used to observe and analyze seismic activity, playing a 

crucial role in providing early warnings and preparing for 

disasters [1]. These stations detect ground vibrations and 

seismic waves from earthquakes and volcanic activity, 

providing critical data for seismologists, emergency 

responders, and policymakers. However, the continuous 

operation of these stations relies heavily on reliable power 

supply management systems. Interruptions in power can 

severely disrupt real-time monitoring and data 

transmission during critical seismic events, underscoring 

the necessity for robust power management solutions [2]. 

Traditional power supply systems in seismic observation 

stations typically employ basic monitoring and control 

mechanisms [3]. These systems often rely on manual 

oversight and lack advanced monitoring capabilities, 

leading to inefficiencies and delayed responses to power 

disruptions. Moreover, their reactive maintenance 

approaches and limited scalability pose challenges in 

meeting the dynamic demands of seismic monitoring 

environments [4]. These shortcomings highlight the need  

 

for modernized, IoT-based intelligent power supply 

management systems. 

The rise of the Internet of Things (IoT) offers 

transformative potential in enhancing power supply 

management in seismic observation stations [5]. IoT 

enables the integration of advanced sensors and 

communication devices to monitor critical parameters 

such as voltage, current, battery status, and environmental 

conditions in real time. By leveraging IoT capabilities, 

stations can implement proactive monitoring, predictive 

maintenance, and adaptive responses to optimize power 

supply operations and ensure uninterrupted functionality 

during seismic events. 

An IoT-based intelligent power supply management 

system centralizes data from distributed sensors, 

facilitating comprehensive analysis and decision-making. 

Centralization enables operators to detect anomalies, 

predict potential failures, and implement preemptive 

measures to mitigate risks effectively. However, accurate 

classification and prediction of power failures remain 

pivotal challenges. Existing techniques often suffer from 
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limited predictive accuracy and struggle with the 

variability and difficulty of seismic monitoring data. 

To address these challenges, this paper introduces the 

SeismoGuard Ensemble classifier—a sophisticated 

machine-learning paradigm that blends the advantages of 

Random Forest, Support Vector Machine (SVM), K-

Nearest Neighbors (KNN), and Logistic Regression meta-

classifier through ensemble learning. This hybrid approach 

enhances prediction accuracy, robustness against outliers, 

and adaptability to dynamic environmental conditions in 

seismic observation stations. By integrating diverse 

learning strategies, the classifier improves forecasting 

precision and enables proactive management of power 

supply systems. 

This paper aims to contribute by proposing and evaluating 

an IoT-based intelligent power supply management system 

integrated with the SeismoGuard Ensemble classifier for 

seismic observation stations. The study assesses the 

system's effectiveness in enhancing reliability, optimizing 

resource allocation, and improving operational continuity. 

The findings hold implications for disaster preparedness, 

infrastructure resilience enhancement, and early warning 

systems deployment in seismic-prone regions. 

The organization of the paper is structured as follows: 

Section 2 investigates related work in IoT-based power 

supply management and classification techniques. Section 

3 provides the methodology employed, including the 

strategy and implementation of the IoT-based power 

supply management system integrated with the 

SeismoGuard Ensemble classifier. Section 4 presents 

experimental results and discussions on the system's 

functionality in seismic monitoring scenarios. Section 5 

summarizes crucial results, discusses constraints, and 

suggests upcoming investigations for seismic station 

power supply management. 

2 Related work 

The integration of IoT technologies with power supply 

management systems and seismic observation has been 

extensively explored in recent years. This section explores 

IoT applications in energy management and earthquake 

prediction, highlighting current strengths, limitations, and 

the call for advanced solutions. 

Hossein Motlagh et al. [6] provide a comprehensive review 

of IoT applications in the sector of energy, emphasizing its 

role in enhancing energy efficacy, raising the proportion of 

energy from renewable sources, and lessening the effects 

on the environment. They discuss various IoT-based 

frameworks and their impact on energy systems, 

particularly within the environment of smart grids. The 

authors also investigate enabling technology like data 

evaluation systems and cloud computing, alongside 

challenges like privacy and security, proposing blockchain 

as a potential solution. Their survey offers valuable 

insights for policymakers and energy managers on 

optimizing energy systems through IoT integration. 

Expanding on distributed energy systems, Sadeeq and 

Zeebaree [7] examine the role of distributed energy system 

(DES) architectures in managing renewable energy 

sources and addressing the volatility of energy prices. 

Their study highlights the importance of end-user 

participation in intelligent energy management and the 

provision of auxiliary services to support grid operators. 

By delivering robust planning, constraint control, and 

scheduling, distributed systems can enhance system 

reliability and demand response. Their literature and 

policy analysis underscores the need for effective energy 

management system aggregators to navigate the 

challenges and opportunities within smart grid 

technologies. 

Pawar and Tarun Kumar [8] focus on an IoT-based 

Intelligent Smart Energy Management System (ISEMS) 

designed for the economical use of sustainable energy 

without limiting power consumption. Their proposed 

system employs planning ahead of time and precise power 

supply predictions using an SVM regression model based 

on PSO. This approach operates more accurately than 

other forecasting methods, demonstrating its effectiveness 

through various user-end configurations. The integration 

of IoT for monitoring enhances features that are important 

and comfortable for users, showcasing the potential of 

intelligent systems for managing energy in optimizing 

renewable energy use. 

Ahmad and Zhang [9] explore the deployment of IoT in 

networks and systems for intelligent energy use, 

discussing its uses in transmission, energy production, 

incorporating renewable energy sources, load 

requirements management, and supply of energy. Their 

study highlights the advantages of IoT-enabled smart grids 

in terms of enhanced monitoring, control, and automation. 

They categorize IoT applications into business, smart 

energy systems, data transmission networks, and power 

generation, providing a detailed analysis of each area. The 

authors emphasize the significant growth in the IoT energy 

market and its potential to transform smart energy systems 

through innovative solutions. 

In the realm of energy harvesting, Zeadally et al. [10] 

review design architectures for energy harvesting in IoT 

applications. They discuss various energy harvesting 

techniques and their suitability for IoT-based energy 

management systems. The study identifies key challenges 

in developing efficient energy harvesting solutions, such 

as ensuring continuous and reliable energy delivery. By 

leveraging sustainability assets that are either naturally or 

artificially attainable, IoT systems can reduce reliance on 

batteries and enhance sustainability, making them long-

lasting and cost-effective. 

Abdalzaher et al. [11] investigate the application of 

machine learning and IoT and seismic early alerting 

mechanisms for smart cities. Their research highlights the 
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integration of IoT sensors with sophisticated ML 

techniques to improve the accuracy and timeliness of 

earthquake predictions. The proposed system employs IoT 

for real-time data collection and ML for interpretation of 

data, offering a robust framework for risk reduction and 

disaster handling. This combination of technologies 

enhances the system's capability to provide reliable early 

warnings, contributing to the safety and preparedness of 

urban populations. 

Mia et al. [12] propose an IoT-integrated belief rule-based 

approach for earthquake prediction. Their system 

aggregates data from sensors monitoring animal behavior, 

and environmental, and chemical changes to predict 

earthquakes. The belief rule-based system uses knowledge 

representation criteria such as the degree of belief, rule 

weight, and attribute weight to analyze the data. Their 

results show that the belief rule-based system with IoT 

integration offers better prediction accuracy compared to 

expert and fuzzy-based systems, demonstrating its 

potential to enhance earthquake preparedness. 

Falanga et al. [13] introduce a significantly improved IoT-

focused framework for finding seismic events, applied to 

Volcanoes Vesuvius and Colima. Their framework utilizes 

semantic web technologies to encourage lexical and 

linguistic compatibility in IoT ecosystems, improving the 

quality of the data through ontology annotation. The 

system collects, processes, and stores seismic data in a 

knowledge base using the Volcano Event Ontology (VEO). 

The classification module detects different seismic events, 

providing timely and accurate information crucial for 

tracking volcano dynamics and responding to explosive 

crises. 

Tehseen et al. [14] present a structure for earthquake 

forecasting using federated learning (FL), which addresses 

issues related to data privacy, transmission latency, and 

processing capacity. Their novel FL framework aggregates 

local data models to generate a global model, ensuring data 

security and heterogeneity. The proposed system 

demonstrates superior performance in earthquake 

prediction accuracy compared to traditional ML models. 

The FL framework is validated using regional seismic 

data, showing its potential to enhance earthquake early 

warning systems through improved efficiency and 

reliability. 

Sharma et al. [15] discuss an IoT-based disaster 

management framework that leverages interconnected 

devices for real-time monitoring and response. Their study 

highlights the importance of IoT in catastrophe control, 

providing examples of promptly alert systems for the 

discovery of fire and earthquakes. The proposed 

framework enhances coordination among emergency 

response teams, improving situational awareness and 

disaster management effectiveness. By integrating IoT 

technologies, the framework aims to save the structures of 

smart cities and reduce the hazards of disasters. Table 1 

shows the summary of Related Works on IoT and Seismic 

Observation Systems. 

Table 1: Summary of related works on iot and seismic observation systems 

Author/Year Techniques/Methods 

Used 

Key Metrics Limitations and Gaps 

Hossein Motlagh et al. 

[6] 

IoT use cases in the 

energy sector, smart 

grids, data evaluation 

systems, blockchain 

Energy effectiveness 

enhancement, renewable 

energy share 

Confidentiality and 

safety concerns, lack of 

detailed execution tactics 

Sadeeq and Zeebaree [7] Distributed energy 

system (DES) 

architectures, planning, 

limitation handling 

System reliability and 

responsiveness 

Essential for effective 

energy management 

aggregators, constrained 

end-user engagement 

Pawar and Tarun Kumar 

[8] 

IoT-based Intelligent 

Smart Energy 

Management System 

(ISEMS), SVM 

regression, Particle 

Swarm Optimization 

Improved prediction 

precision 

Concentration on 

particular user 

configurations, 

generalizability problems 

Ahmad and Zhang [9] IoT in energy use 

networks, load 

management, smart grids 

Enhanced monitoring 

and control 

Lack of emphasis on 

incorporation difficulties, 

restricted concentration 

on real-time data 
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Zeadally et al. [10] Energy harvesting 

methods for IoT use cases 

Sustainability and 

economic viability 

Difficulties in consistent 

energy provision, 

inadequate scalability 

Abdalzaher et al. [11] IoT sensors integrated 

with machine learning for 

seismic early warning 

systems. 

Improved precision and 

timeliness of earthquake 

predictions 

Incorporation intricacy of 

IoT with machine 

learning, real-world 

applicability 

Mia et al. [12] Belief rule-based 

methodology combined 

with IoT 

Enhanced prediction 

accuracy 

Need on various data 

sources, possible biases 

in animal behavior data 

Falanga et al. [13] IoT framework utilizing 

semantic web 

technologies for seismic 

event discovery 

Improved data excellence 

and event classification 

Restricted applicability 

to non-volcanic seismic 

events, data annotation 

problems 

Tehseen et al. [14] Federated learning for 

earthquake forecast 

Improved accuracy in 

earthquake forecast 

Data model consolidation 

intricacy, restricted 

dataset diversity 

Sharma et al. [15] IoT-based disaster 

management framework, 

real-time tracking and 

response 

Enhanced situational 

awareness 

Restricted to particular 

disaster situations, 

difficulties in emergency 

coordination 

Despite the advancements in IoT-based energy 

management and earthquake prediction systems, existing 

techniques face several limitations. Many studies [6]-[15] 

report challenges such as inadequate predictive accuracy, 

sensitivity to environmental variations, and difficulties in 

handling large-scale data integration. Traditional machine 

learning models often struggle with the complexity and 

unpredictability of seismic data, resulting in suboptimal 

performance in real-world scenarios. 

To tackle these challenges, this paper proposes the 

SeismoGuard Ensemble classifier, integrating Random 

Forest, SVM, KNN, and Logistic Regression. It aims to 

enhance prediction accuracy and adaptability in seismic 

observation systems using IoT-based power supply 

management. 

3 Methodology 

3.1 Research design 

This study proposes the development and implementation 

of an IoT-based intelligent power supply management 

system designed to improve the reliability and 

effectiveness of seismic observation stations. The core of 

this approach is the SeismoGuard Ensemble classifier, an 

advanced machine learning model that integrates the 

predictive capabilities of Random Forest, Support Vector 

Machine (SVM), and K-Nearest Neighbors (KNN) models 

through a stacking method, combined with a Logistic 

Regression meta-classifier. This innovative system aims to 

predict power failures, thereby mitigating downtime and 

ensuring continuous operation during critical seismic 

events. 

The research design employs a mixed-methods approach, 

integrating quantitative data analysis with sophisticated 

machine-learning techniques. The design encompasses 

several key phases: gathering of data, preprocessing data, 

model development, system integration, and assessment of 

effectiveness. The quantitative aspect involves extensive 

data collection from various IoT sensors installed at 

seismic observation stations. These sensors monitor 

critical parameters such as voltage, current, battery status, 

and environmental conditions in real-time, providing a 

comprehensive dataset for analysis. 

In the data collection phase, IoT sensors are strategically 

placed at seismic observation stations to ensure 

comprehensive monitoring. These sensors perpetually log 

data that is then transmitted to a centralized database for 

storage and analysis. The data preprocessing phase 

involves cleaning the gathered information to eliminate 

anomalies and noise, ensuring the dataset's quality and 

reliability. Statistical techniques are applied to understand 

data distributions, trends, and relationships among 

variables, forming the basis for developing the predictive 

model. 

The heart of the proposed work lies in the development of 

the SeismoGuard Ensemble classifier. This classifier 
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combines multiple machine learning algorithms to 

improve prediction precision and resilience. The chosen 

models, Random Forest, SVM, and KNN, are known for 

their strengths in classification activities and their capacity 

to manage difficult, high-dimensional data. By stacking 

these models and integrating them with a Logistic 

Regression meta-classifier, their combined predictive 

power is leveraged. The training process involves dividing 

the dataset into training and testing subsets, employing 

cross-checking, and performing a grid search for 

improvement of hyperparameters to ensure the model's 

robustness and accuracy. 

Once developed, the SeismoGuard Ensemble classifier is 

integrated into the IoT-based power supply management 

system. The system architecture includes IoT sensors, data 

acquisition modules, and centralized processing units. This 

integration enables tracking power supply aspects in real-

time and environmental conditions, allowing for the 

detection of anomalies and potential failures. The 

predictive analytics powered by the SeismoGuard 

Ensemble classifier analyze the real-time data to predict 

power failures before they occur, enabling proactive 

management and mitigation strategies. 

The evaluation framework for the proposed system 

includes deploying it at selected seismic observation 

stations to test its functionality and performance under 

real-world conditions. Key performance metrics like 

accuracy, precision, recall, F1-score, data transmission 

throughput, and packet delivery ratio are used to assess the 

system's effectiveness.  

3.2 System architecture 

The proposed IoT-based intelligent power supply 

management system comprises several key components 

(Figure 1): 

IoT sensors and devices  

The system incorporates IoT sensors and devices 

strategically deployed at seismic observation stations. 

These devices continuously monitor various parameters in 

real-time, including voltage, current, battery status, and 

environmental circumstances, including temperature and 

humidity. The information gathered by these sensors is 

vital for assessing the power supply status and detecting 

anomalies that might indicate potential failures. 

The IoT sensors were calibrated according to manufacturer 

specifications to guarantee precise readings of voltage, 

current, and ecological conditions like temperature and 

humidity. Calibration entailed comparing sensor readings 

to preset values under controlled settings to adjust any 

deviations. Sensor placement at seismic monitoring 

locations was meticulously designed to maximize data 

quality while minimizing interference from environmental 

obstacles or electrical noise. To avoid sensor failure, 

redundant sensors were placed in important regions, and 

periodic service checks were performed to evaluate sensor 

health and recalibrate as needed. 

Data acquisition module 

The Data Acquisition Module plays a pivotal role in 

collecting data generated by the IoT sensors. Serving as an 

intermediary, it ensures accurate and efficient transmission 

of data to the next stage of the system. Maintaining data 

integrity and timely transfer to the centralized server is 

essential for enabling real-time monitoring and analysis. 

Centralized data processing unit  

Utilizing cloud computing resources, the Centralized Data 

Processing Unit manages the data collected from various 

seismic observation stations. It performs critical functions 

such as storing enormous volumes of data, analyzing it to 

recognize trends and patterns, and processing it to extract 

meaningful insights. Cloud computing capabilities 

facilitate scalability, flexibility, and efficient handling of 

large datasets, essential for robust system performance. 

SeismoGuard ensemble classifier  

The SeismoGuard Ensemble Classifier is a sophisticated 

machine-learning model specifically designed for the 

system. It analyzes processed data to predict potential 

power failures with high accuracy. Leveraging advanced 

machine learning techniques, the classifier identifies 

subtle indicators of power supply issues that may be 

overlooked by traditional methods. Its predictive 

capabilities enable proactive management of the power 

supply, reducing the risk of unexpected outages and 

enhancing overall system reliability. 

 

Figure 1: IoT-based intelligent power supply management 

system in seismic observation stations 
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Overall, the system architecture integrates IoT sensors, 

data acquisition modules, centralized data processing, and 

advanced machine learning to create an intelligent power 

supply management system. This holistic approach 

ensures real-time monitoring, efficient data handling, and 

accurate predictions, enhancing the reliability and 

resilience of power supply systems at seismic observation 

stations. 

3.3 Data collection 

Data collection within the system was systematically 

carried out across multiple seismic observation stations 

equipped with IoT sensors. These sensors were 

strategically deployed to ensure comprehensive 

monitoring of essential parameters critical for evaluating 

the health of the power supply infrastructure.  

At each seismic observation station, IoT sensors operated 

autonomously, continuously monitoring a range of 

parameters including voltage, current levels, battery health 

metrics, as well as ambient temperature and humidity 

conditions. This continuous monitoring provided real-time 

insights into the operational status of the power supply 

infrastructure, allowing for early detection of potential 

issues or anomalies. 

The gathered information underwent thorough validation 

and preprocessing procedures to verify accuracy and 

reliability. Validation processes were implemented to 

determine and deal with any outliers or inconsistencies in 

the data, thereby enhancing the quality of the datasets used 

for subsequent analysis. 

Once validated, the processed data were securely 

transmitted to the central server using reliable 

communication protocols. These protocols were chosen 

for their ability to guarantee effective and safe data 

transfer, safeguarding the integrity and confidentiality of 

the transmitted information throughout its journey to the 

central server. 

By leveraging IoT sensors and robust data transmission 

protocols, the system facilitated continuous and accurate 

data collection from multiple observation points. This 

robust data collection framework served as a crucial 

foundation for ongoing analysis and decision-making 

processes within the intelligent power supply management 

system, supporting proactive maintenance and operational 

efficiency. 

The structure of the collected dataset includes various 

parameters such as timestamp, voltage, current, battery 

status, temperature, humidity, and power failure events. 

The sample dataset is structured as shown in Table 2. 

Table 2: Sample dataset structure 

Timestamp Voltage (V) Current (A) Battery 

Status 

Temperature 

(°C) 

Humidity 

(%) 

Power 

Failure 

(Binary, 0/1) 

2024-06-21 

08:00:00 

220 15 80% 25 50 0 

2024-06-21 

08:15:00 

218 16 78% 26 52 0 

2024-06-21 

08:30:00 

216 14 75% 27 54 0 

2024-06-21 

08:45:00 

215 13 73% 28 55 0 

2024-06-21 

09:00:00 

50 5 10% 29 56 1 

2024-06-21 

09:15:00 

210 11 68% 30 58 0 

2024-06-21 

09:30:00 

208 10 65% 31 60 0 

2024-06-21 

09:45:00 

206 9 63% 32 62 0 
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2024-06-21 

10:00:00 

204 8 60% 33 64 0 

For instance, a sample dataset may have entries like 

Timestamp: "2024-06-21 08:00:00", Voltage: "220V", 

Current: "15A", Battery Status: "80%", Temperature: 

"25°C", Humidity: "50%", and Power Failure: "0". Each 

data entry is recorded at regular intervals, typically every 

15 minutes, providing a granular view of the conditions 

affecting the power supply infrastructure. 

Each column in the dataset serves a specific purpose.  

• Timestamp: Date and time when the data was 

recorded. 

• Voltage (V): Voltage measured by the IoT 

sensors. 

• Current (A): Current measured by the IoT 

sensors. 

• Battery status: The remaining battery capacity 

of seismic observation stations, as measured by 

IoT sensors. 

• Temperature (°C): Ambient temperature 

recorded by IoT sensors. 

• Humidity (%): Ambient humidity recorded by 

IoT sensors. 

• Power failure (Binary, 0/1): Binary indicator 

where 1 denotes a power failure event and 0 

denotes normal operation. 

The data collection frequency is set to capture real-time 

conditions effectively, facilitating timely responses to any 

detected anomalies. Anomalies in voltage, current, battery 

status, and environmental conditions might indicate 

impending power failures. This comprehensive dataset 

serves as input for machine learning algorithms designed 

to predict power failures based on historical patterns and 

current sensor readings. The systematic approach to data 

collection and validation, combined with secure data 

transmission, ensures the integrity and usability of the 

data, allowing for the development of robust predictive 

models. This, in turn, supports the efficient management 

of power supply infrastructure through proactive 

maintenance and operational strategies. 

3.4 Data preprocessing 

Data preprocessing is a pivotal phase that optimizes the 

quality and usability of raw data collected from IoT 

sensors before it undergoes thorough analysis. The data 

was meticulously preprocessed to guarantee system 

consistency and reliability: 

Data cleaning 

Data cleaning involved rigorous procedures to handle 

noise, outliers, and missing values. Outliers, which are 

data points significantly different from others, were 

identified using statistical methods such as the 

interquartile range (IQR). The IQR method defines outliers 

as any data point x that lies outside the range: 

Q1 − 1.5 × IQR ≤ x ≤ Q3 + 1.5 × IQR                     
 

(1) 
 

Where the first and third quartiles are denoted by Q1 and 

Q3, and IQR=Q3−Q1. 

Once identified, outliers were either corrected based on 

domain knowledge or removed if deemed erroneous. 

Missing values were addressed through techniques such as 

mean imputation, where missing values were replaced 

with the mean of the available data, calculated as: 

𝐼𝑚𝑝𝑢𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒 =
1

𝑛
∑ 𝑥𝑖

𝑛

𝑖=1

 
   

(2) 

Alternatively, predictive models to estimate missing values 

based on other variables. 

Normalization 

Following data cleaning, normalization was employed to 

standardize the scale of different parameters across the 

dataset. A common normalization technique used was min-

max scaling, which scaled the data to a range between 0 

and 1. The min-max scaling formula is: 

𝑥 , =
𝑥 − min (𝑥)

max(𝑥) −  min (𝑥)
 

    (3) 

This technique guarantees that each feature makes a 

contribution equally to the examination and avoids 

attributes with bigger numerical ranges from dominating 

the analysis simply due to their scale. 

Feature extraction 

Feature extraction focused on identifying and selecting the 

most relevant features that significantly influence power 

supply reliability. Principal Component Analysis (PCA) 

was utilized as a technique for feature extraction, reducing 

the dataset's complexity while maintaining its crucial data. 

By figuring out the main elements that explain the 

maximum variance in the data, PCA helped in selecting a 

subset of features that provided the most insightful 

information about the power supply system's operational 

status and potential failure points. Mathematically, PCA 

finds the principal components through resolving the 

eigenvalue problem for the covariance matrix Σ: 
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Σv =  λ𝑣 
           (4) 

Where λ represents the eigenvalues and v represents the 

eigenvectors. The eigenvectors that match the highest 

eigenvalues form the principal components. 

Each of these preprocessing techniques—data cleaning, 

normalization through min-max scaling, and feature 

extraction via Principal Component Analysis—performs a 

crucial role in enhancing the quality, consistency, and 

interpretability of the data within the intelligent power 

supply management system. By preparing the data 

effectively, these techniques facilitated more accurate 

analysis and decision-making processes aimed at 

improving the reliability and efficiency of the power 

supply infrastructure. 

3.5 SeismoGuard ensemble classifier 

Power failure prediction is a critical aspect of ensuring the 

continuous operation and reliability of seismic observation 

stations, which are essential for monitoring and analyzing 

seismic activity. The SeismoGuard Ensemble classifier 

represents an innovative strategy designed specifically to 

deal with the challenges of predicting power failures in this 

context. This section details the components and 

functionality of the SeismoGuard Ensemble classifier, 

emphasizing its role and effectiveness in enhancing 

prediction accuracy and robustness. 

The SeismoGuard Ensemble classifier integrates multiple 

machine-learning models into a unified framework 

tailored for power failure prediction. At its core, the 

ensemble classifier employs the following base classifiers: 

Random forest (RF): RF is selected because of its 

capacity to manage big volumes of data and robustness 

against noise. During training, it builds several decision 

trees and outputs the mean prediction (regression) or the 

mode of the classes (classification) for each tree. In the 

context of seismic observation stations, RF effectively 

captures complex relationships within the data, 

contributing to accurate predictions of potential power 

failures. The RF algorithm can be mathematically 

described as: 

𝑦̂𝑅𝐹 =
1

𝑁
∑ 𝑇𝑖(𝑥)

𝑁

𝑖=1

 

      
(5) 

 

where 𝑇𝑖(𝑥) denotes the prediction of the ith decision tree 

for the input 𝑥, and N is the total number of trees. 

 

Support vector machine (SVM): SVM is suitable for 

tasks involving higher dimensions data and is particularly 

efficient in separating classes by discovering the 

hyperplane that increases the margin between them. This 

capability makes SVM valuable in classifying seismic data 

patterns indicative of imminent power failures, thereby 

enhancing the ensemble's predictive performance. The 

decision function for SVM can be expressed as: 

 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(∑ 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥)

𝑙

𝑖=1

+ 𝑏) 
(6) 

where 𝛼𝑖 are the Lagrange multipliers, 𝑦𝑖  are the class 

labels, 𝐾(𝑥𝑖 , 𝑥) is the kernel function, and 𝑏 is the bias 

term. 

 

 

 

K-Nearest neighbors (KNN): KNN functions according 

to the idea of proximity-based learning, where new 

instances are classified based on the majority class of their 

nearest neighbors. This model is selected for its simplicity 

and effectiveness in pattern recognition, which is crucial in 

identifying recurring patterns in seismic data that precede 

power disruptions. The KNN prediction for a given 

instance 𝑥 is: 

𝑦̂𝐾𝑁𝑁 =
1

𝑘
∑ 𝑦𝑖

𝑘

𝑖=1

 

    
(7) 

where 𝑦𝑖  are the class labels of the k nearest neighbors. 

 

1. Logistic Regression Meta-Classifier: Serving 

as the meta-classifier, Logistic Regression (LR) integrates 

predictions from the base classifiers (RF, SVM, KNN) to 

produce a final prediction. LR is chosen for its ability to 

model the probability of a certain class, providing 

interpretable results and insights into the likelihood of 

power failures at seismic observation stations. The logistic 

regression model is defined as: 

𝑃(𝑦 = 1|𝑥) = 𝜎(𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2

+ ⋯ + 𝛽𝑝𝑥𝑝) 
(8) 

where 𝜎(𝑧) =  
1

1+𝑒−𝑧 is the sigmoid function, and 𝛽𝑖 are the 

regression coefficients. 

The ensemble classifier follows a stacking approach, 

where predictions from the base classifiers are aggregated 

and processed by the meta-classifier to generate a 

consolidated prediction. This ensemble methodology 

leverages the complementary strengths of each model, 

effectively mitigating individual model weaknesses and 

enhancing overall prediction accuracy. The stacking 

process can be mathematically represented as: 

𝑦̂𝐸𝑛𝑠𝑒𝑚𝑏𝑙𝑒 = 𝜎(∑ 𝑤𝑖𝑦̂𝑖

𝑛

𝑖=1

) 
(9) 

where 𝑦̂𝑖 are the predictions from the base classifiers, 𝑤𝑖  

are the weights assigned to each classifier, and 𝜎 is the 

sigmoid function used by the logistic regression meta-

classifier. 

The SeismoGuard Ensemble classifier is implemented and 

validated using real-world data collected from seismic 

observation stations equipped with IoT sensors. The 
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dataset includes continuous measurements of critical 

parameters such as voltage, current, battery health, 

temperature, and humidity. During implementation, the 

dataset is divided into training and testing subsets, with the 

training subset utilized to train the individual base 

classifiers and the ensemble classifier. Figure 2 

demonstrates the flow diagram of the SeismoGuard 

Ensemble classifier. 

 

Figure 2: Flow diagram of seismoguard ensemble 

classifier 

By integrating diverse machine learning models within a 

unified framework, the classifier enhances the operational 

continuity of these stations during critical seismic events. 

Its robust performance in predicting power failures ensures 

timely and efficient management of resources, 

contributing to improved disaster preparedness and early 

warning systems. Algorithm 1 shows the SeismoGuard 

Ensemble classifier. 

Algorithm 1: SeismoGuard Ensemble classifier 

Input : IoT Sensors Collected Dataset 

Output : Power Failure Prediction 

Step 1 : Gathering and Preparing Data 

       data = collect_sensor_data() 

       cleaned_data = clean_data(data) 

       normalized_data = normalize_data(cleaned_data) 

       features = extract_features(normalized_data) 

Step 2 : Data Splitting 

       train_data, test_data = split_data(features, test_size=0.2) 

Step 3 : Training Base Classifiers 

       rf_model = train_random_forest(train_data) 

       svm_model = train_svm(train_data) 

       knn_model = train_knn(train_data) 

Step 4 : Stacking and Meta-Classification 

       train_predictions = { 

           'RF': rf_model.predict(train_data), 

           'SVM': svm_model.predict(train_data), 

           'KNN': knn_model.predict(train_data) 

       } 

       meta_model = train_logistic_regression(train_predictions) 

Step 5 : Prediction and Evaluation 

       test_predictions = { 

           'RF': rf_model.predict(test_data), 

           'SVM': svm_model.predict(test_data), 
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           'KNN': knn_model.predict(test_data) 

       } 

       final_predictions = meta_model.predict(test_predictions) 

       metrics = evaluate_performance(final_predictions, test_data) 

Algorithm 1 starts with data collection and preprocessing, 

involving cleaning, normalizing, and feature extraction 

from the raw sensor data. This processed data is then split 

into training and testing sets. Multiple base classifiers, 

including Random Forest, SVM, and KNN, are trained on 

the training data. Their predictions on the training set are 

used to train a meta-classifier, typically a logistic 

regression model. Finally, the trained base classifiers 

generate predictions on the test data, which are then 

combined and refined by the meta-classifier to produce the 

final power failure predictions, and the execution of these 

predictions is evaluated using accuracy, precision, recall, 

and f1-score metrics. 

Overall, the SeismoGuard Ensemble classifier stands as a 

pivotal tool in enhancing the reliability and efficiency of 

seismic observation stations through accurate power 

failure prediction. Its innovative approach underscores its 

potential to revolutionize how seismic data are monitored 

and analyzed, ensuring continuous operation and data 

integrity in the face of seismic events. 

1 Experimental results and 

discussions 

The experiments were conducted using the Java 

programming language and the Weka tool, a widely used 

machine learning software suite. The focus was on 

evaluating the performance of the proposed IoT-based 

intelligent power supply management system against the 

traditional threshold-based system and SeismoGuard 

Ensemble classifier against individual classifiers (Random 

Forest, SVM, KNN, and Logistic Regression) in predicting 

power failures at seismic observation stations. Data were 

collected from multiple seismic observation stations 

equipped with IoT sensors monitoring voltage, current, 

battery status, temperature, and humidity. The gathered 

data underwent rigorous preprocessing stages, including 

cleaning to handle outliers and values that are missing, 

normalization using min-max scaling, and feature 

extraction through PCA. To guarantee model robustness 

and generalization, 10-fold cross-validation was used in 

the assessment phase. The efficacy of each classifier was 

evaluated using accuracy, precision, recall, and F1-score. 

• Accuracy: Accuracy measures the proportion of 

correct results among all cases. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(10) 

 

• Precision: Precision measures the proportion of 

true positives among predicted positives. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(11) 

 

• Recall: Recall measures the proportion of actual 

positives correctly identified. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(12) 

 

F1-score: The F1-score balances precision and recall into 

a single evaluation metric for classifier performance. 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2 ∗  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

(13) 

 

Where: 

❖ TP = True Positives 

❖ TN = True Negatives 

❖ FP = False Positives 

❖ FN = False Negatives 

 

• Data Transmission Throughput (DTT): Data 

Transmission Throughput (DTT) represents the rate at 

which data is transmitted from IoT sensors to the 

centralized data processing unit. It is calculated using the 

formula: 

𝐷𝑇𝑇 =  
Total Data Transferred

Total Time
 

(14) 

 

Where: 

❖ Total Data Transferred is the quantity of data sent 

over a given period. 
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❖ Total Time is the duration of the data transmission 

period. 

 

• Packet Delivery Ratio (PDR): PDR measures 

successfully delivered data packets as a ratio of the total 

sent. It is computed using the formula: 

𝑃𝐷𝑅

=  
Number of Successfully Delivered Packets

Total Number of Packets Sent
∗  100 

 

                                                                   (15)  

Where: 

Number of successfully delivered packets: Packets 

received by the centralized unit. 

Total number of packets sent: Total number of packets 

transmitted by the IoT device. 

The traditional threshold-based system for power supply 

management relies on fixed thresholds for parameters such 

as voltage, current, and battery status, set based on 

historical data or manufacturer recommendations. It 

monitors real-time values with sensors and triggers alerts 

if thresholds are breached, initiating responses like 

notifying personnel or activating backups. However, it 

operates reactively, lacking the flexibility to adapt to 

dynamic environmental changes or unforeseen operational 

challenges in real time. Moreover, it lacks predictive 

capabilities, relying on reactive responses rather than 

preemptive strategies to address potential issues. 

The results are summarized in Table 3 and Table 4 below, 

which compare the performance metrics and efficiency 

measures of the proposed SeismoGuard Ensemble 

classifier with individual classifiers and the proposed IoT-

based intelligent power supply management system with 

the traditional threshold-based system. 

Table 3: Performance metrics comparison 

Classifier Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

score 

(%) 

Random 

Forest 

85 82 87 84 

SVM 81 79 83 81 

KNN 78 75 80 77 

Logistic 

Regression 

79 76 81 78 

SeismoGuard 

Ensemble 

90 88 91 89 

 

Table 4: Efficiency measures comparison 

System Metric IoT-based 

intelligent power 

supply 

management 

system 

Traditional 

Threshold-

Based System 

Data Transmission 

Throughput 

150 Mbps 100 Mbps 

Packet Delivery 

Ratio (%) 

95% 85% 

 

Figure 3 visually depicts the comparison of performance 

metrics based on a line chart, illustrating the accuracy, 

precision, recall, and F1-score of each classifier. The bar 

chart provides a clear and comparative view of how each 

model performs across these metrics. 

 

Figure 3: Performance metrics comparison 

Figure 3 demonstrates that the proposed SeismoGuard 

Ensemble classifier outperforms individual classifiers in 

terms of accuracy, precision, recall, and F1 score. 

Specifically, the SeismoGuard Ensemble achieves an 

accuracy of 90%, which is significantly higher compared 

to Random Forest (85%), SVM (81%), KNN (78%), and 

Logistic Regression (79%). This improvement comes from 

the ensemble using multiple classifiers to reduce 

weaknesses and improve predictions. 
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Figures 4 and 5 visually present line charts comparing the 

efficiency measures between the proposed system and the 

traditional threshold-based system. The bar charts offer a 

clear and comparative view of key efficiency metrics such 

as data transmission throughput and packet delivery ratio. 

 

Figure 4: Throughput comparison 

 

Figure 5: Packet delivery ratio comparison 

In terms of efficiency measures (Figures 4 and 5), the 

proposed IoT-based intelligent power supply management 

system shows higher data transmission throughput (150 

Mbps) compared to the traditional threshold-based system 

(100 Mbps). This indicates that the integrated approach of 

IoT-based monitoring and predictive analytics not only 

enhances predictive accuracy but also ensures reliable data 

transmission critical for real-time monitoring during 

seismic events. Additionally, the packet delivery ratio is 

notably higher at 95% for the proposed system, 

demonstrating its superior reliability in delivering data 

compared to the 85% achieved by the traditional approach. 

The excellent output of the SeismoGuard Ensemble 

classifier is due to multiple elements. Firstly, its ensemble 

learning technique combines Random Forest, SVM, and 

KNN models with a Logistic Regression meta-classifier, 

leveraging their complementary strengths to enhance 

prediction accuracy. Secondly, the system effectively 

integrates diverse IoT sensor data—including voltage, 

current, battery status, and environmental conditions—

providing a comprehensive view of the power supply 

system's status and resilience. Continuous real-time 

monitoring enables prompt anomaly detection, facilitating 

proactive management of potential power failures. 

Overall, the experimental results validate the effectiveness 

of this integrated IoT-based intelligent power supply 

management system, particularly the SeismoGuard 

Ensemble classifier, in enhancing reliability and efficiency 

across seismic observation stations. 

4.1 Discussion 

The findings in Table 1 show that the SeismoGuard 

Ensemble classifier surpasses individual classifiers like 

Random Forest, SVM, KNN, and Logistic Regression on 

all important metrics. The ensemble's model mixture 

allows it to capture various trends in seismic data, with 

90% accuracy, 88% precision, 91% recall, and an F1-score 

of 89%. This combined strategy improves prediction 

accuracy by using each classifier's advantages, presenting 

a more balanced and dependable result than individual 

models such as KNN, which struggles because of 

sensitivity to noise and outliers, or Logistic Regression, 

which can underperform in nonlinear data situations. 

Environmental factors like power outages and 

transmission delays may have an impact on classifier 

efficiency. The SeismoGuard Ensemble's resilience stems 

from its flexibility to these factors, as opposed to simpler 

models such as KNN or Logistic Regression, which are 

more sensitive to data fluctuation and noise. However, 

under extreme circumstances, like serious network 

congestion or high-latency settings, the ensemble's 

computational intricacy can cause delays. Conventional 

models such as Random Forest may execute superior in 

such situations because of their fewer computational 

requirements, but they would compromise prediction 

precision. 

Despite its benefits, the SeismoGuard Ensemble has 

certain drawbacks. Its computational cost can be an issue 

in real-time applications, where rapid choices are critical. 

Furthermore, the ensemble may fail with sparse data or 

overfitting in cases where particular models dominate the 

voting procedure. Further enhancements could concentrate 

on enhancing the ensemble's effectiveness and 

investigating hybrid deep learning models to enhance 

flexibility, guaranteeing consistent effectiveness across 

various seismic circumstances. 
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5 Conclusion and future work 

In conclusion, this paper introduces an IoT-based 

intelligent power supply management system integrated 

with the SeismoGuard Ensemble classifier, showcasing its 

significant enhancements in reliability and efficiency for 

seismic observation stations. Through ensemble learning 

and real-time IoT sensor data integration, the system 

accurately forecasts and addresses potential power 

failures, ensuring uninterrupted operations and data 

integrity during seismic events. The experimental findings 

underscore superior performance metrics compared to 

conventional approaches, underscoring their effectiveness 

in bolstering disaster preparedness and operational 

resilience. Moving forward, future studies might examine 

the use of these methodologies in smart grid systems. By 

integrating predictive analytics and real-time monitoring 

into smart grids, similar benefits could be realized, 

optimizing energy distribution, enhancing grid stability, 

and promoting sustainable energy practices. 
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Uhv gas-insulated switchgear (GIS) plays an important role in power system, but its UHF partial 

discharge may cause equipment failure and threaten the safe and stable operation of power system. In 

this paper, a multi-sensor fusion based UHV GIS UHF local discharge detection and positioning 

technology is studied. The technology uses multiple sensors to collect the relevant data of UHV GIS 

equipment, and then through data fusion and analysis, complete the positioning solution under the 

mixed-team cuckoo algorithm, obtain the accurate location of the local amplifier, and realize the 

detection and positioning of the UHF local amplifier. In order to test the feasibility of this technology, a 

case application is also carried out at the end. The result shows that in the UHF test, the signal 

collected by sensor B is about 7ns ahead of sensor C, and the difference of signal transmission distance 

is 2.1m, which is consistent with the sensor layout spacing. The signal source is judged to be located on 

the left side of sensor B. The signal collected by sensor A is about 5ns lower than that of sensor B. It can 

be determined that the high-frequency signal source is between sensor A and sensor B. At the same time, 

the coordinate of the local release source is (0.52, 0.12, 0.45), which is the support insulator in the GIS. 

The abnormal signal is determined to be C-phase internal insulation discharge of T0511 tool brake. The 

results show that multi-sensor fusion is feasible in GIS location detection, which can effectively prevent 

equipment failure and improve the reliability of power system. 

Povzetek: Raziskava predstavi večsenzorsko fuzijo in algoritem kaotične kukavice za UHV GIS 

zaznavanje in pozicioniranje, kar izboljša natančnost ter zmanjšuje tveganje za okvare in motnje 

sistema. 

 

1 Introduction 
Uhv GIS is an important transmission equipment in 

power system, and its safety, reliability and stability are 

crucial to the operation of power system [1-2]. However, 

UHF partial discharge may occur during the operation of 

UHV GIS equipment, which may cause damage to the 

insulation materials inside the equipment, thereby 

causing equipment failure and affecting the operation of 

the power system [3-5]. Therefore, detecting and locating 

UHF partial discharge of UHV GIS equipment is of great 

significance to prevent equipment failure and ensure the 

safe and stable operation of power system. Scholars 

Zhang et al. conducted a study on the diagnosis and 

location of GIS equipment defects with the help of X-ray 

imaging detection technology and local release 

technology, and found that the combination of these two 

technologies can complete the diagnosis and location of 

GIS equipment defects and anomalies, and has a 

relatively considerable detection rate and accuracy, 

which improves the quality of GIS equipment detection 

[6]. Chen et al. fully analyzed the phenomenon and 

measurement principle of GIS partial discharge, and 

tested the local discharge positioning technology through 

case detection, obtained the UHF local discharge 

detection results and ultrasonic local discharge detection  

 

results, and found that under the action of ultrasonic and 

UHF local discharge detection methods, more real and 

objective detection results could be obtained. The 

feasibility of its application in practical projects is 

confirmed [7]. Zhang et al. tested the ultrasonic local 

discharge detection technology of GIS equipment 

through case application. In order to carry out the 

demonstration better, they first analyzed the detection 

principle, then set the monitoring process, and finally 

applied the technology to the operating state diagnosis of 

GIS equipment in 66kv substation. The results confirmed 

the feasibility of the method. It has promoted the 

development of GIS equipment detection [8]. It is not 

difficult to find that many scholars have joined in the 

research on GIS equipment office discharge detection, 

but few scholars have used multi-sensor research on 

office discharge positioning, which may lead to certain 

result errors, which is unfavorable to GIS UHV office 

discharge detection and positioning. In order to improve 

the effect of GIS UHF office discharge detection and 

positioning, this paper will use multi-sensor fusion to 

carry out the study of office discharge detection and 

positioning, and collect the relevant information of UHV 

GIS equipment through the sensor. Through data fusion 

and analysis, the detection and location of UHF local 

mailto:yyzron915228@yeah.net
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amplifier are realized, so as to effectively prevent 

equipment failures and improve the reliability of the 

power system. 

2 UHV GIS UHF office discharge 

detection and positioning 

simulation based on multi-sensor 

fusion 

2.1 Definitions of GIS UHF office 

discharge detection and positioning 

The location of local discharge power supply is the focus 

of GIS equipment local discharge detection. Since the 

structure size and related design of UHV GIS equipment 

are obviously different from that of conventional GIS 

equipment, in order to further study the UHV GIS office 

release location technology, the UHV GIS UHV office 

release detection and location analysis of house shows is 

conducted to test the correspondence between the time 

difference between UHV signals at different locations 

and the actual field detection. In order to study the 

propagation characteristics of the internal discharge 

signal in UHV GIS, the UHF positioning method is 

proved to be applicable to the field location. The 

simplified 3D GIS model is constructed, the boundary of 

the model is selected as the gas boundary, the electric 

field simulation is carried out, and the UHF positioning 

simulation is carried out for UHV GIS equipment. 

Considering the complexity of GIS main body structure, 

the internal materials can be divided into conductive 

materials and non-conductive materials according to 

different material properties during simulation, and the 

insulating devices and gases inside GIS equipment can 

be uniformly processed. Nowadays, the structure of UHV 

GIS equipment includes long straight bus bars, simple T-

shaped and L-shaped structures, as well as complex 

structures such as isolation switches. The following will 

take complex structures as an example to carry out 

positioning simulation experiments. The UHF simulation 

of UHV GIS needs to conform to the actual signal 

propagation rules in the field, and the mathematical 

model of UHV signal must meet the requirement of the 

actual propagation gauge. Therefore, on the setting of the 

square power supply, a double exponential oscillation 

attenuation function is suspended to simulate the 

propagation of UHF electromagnetic waves. Among 

them, the time-domain form of the double exponential 

type oscillation attenuation function [9] is shown in 

formula 1. 

 

s(t) = G (e
1.3(t−t0)

τ − e
2.2(t−t0)

τ ) sin(2πfct) (1) 

 

In the formula, the amplitude of the local release 

signal is represented by G; The attenuation constant is 

represented by τ ; The central oscillation frequency is 

represented by fc; The start time is represented by t0. The 

UHF double exponential attenuation oscillation 

waveform is shown in Figure 1. 

 

 

Figure 1: UHF double exponential attenuation oscillation 

waveform 

2.2 Multi-sensor fusion UHV GIS UHF 

office discharge detection and 

positioning simulation 

The 3D simplified model of GIS is built according to the 

structure of an isolation switch in a 1000kV UHV 

substation. The model is mainly divided into four parts, 

namely, the conductive part of the isolation switch, the 

basin insulator, the support insulator and the GIS shell. In 

order to simulate the situation that the static and static 

contacts are in alignment during the operation of the 

isolation switchgear, the simulation model sets the 

contact contacts to the connected state. Due to the 

addition of the isolation switch in the internal structure, 

the discharge point may appear in various positions of 

the isolation switch, rather than only on the central axis. 

Therefore, it is not only necessary to judge from the 

vertical and horizontal, but also to judge the distance 

before and after. 3D positioning requires 4 detection 

points to determine the three delay differences. During 

the propagation period, the electromagnetic wave will 

propagate along the conductive part of the tool brake, the 

GIS gas part, and the support insulator part, but the 

propagation speed of each other is different. The 

electromagnetic wave first reaches the entire shell along 

the conductive part, and the supporting insulator is 

relatively close to the discharge point, but the speed is 

slightly slower. Electromagnetic waves in different 

media speed differences are relatively not obvious, so 

quickly uniform coverage throughout the three-

dimensional model. According to this feature, the 

applicability of the 3D model to UHF simulation can be 

verified, and the electromagnetic wave amplitude of the 

GIS shell at different times can be statistically obtained, 

as shown in Table 1. 

Table 1: Performance of electromagnetic wave amplitude 

of the shell at different times. 

Time 0ns 2ns 4ns 6ns 8ns 10ns 
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Amplitude 

/mV 

1±1 3±1 6±1 9±1 12±1 15±1 

During the operation of the equipment, most of the 

internal local discharge problems are generated on high-

potential conductors. In the simulation, the discharge 

point is selected on the conductive part of the space, that 

is, (0.5, 0,1.2), and four sensors are installed on the upper 

and lower parts of the basin insulators on both sides, as 

shown in Figure 2. 

 

 

Figure 2: Schematic diagram of sensor layout. 

In the 3D modeling model, there are four observation 

point sensors, and the acquired UHF signal along the 

situation is shown in Figure 3. 

 

 

Figure 3: Time delay of three-watt high frequency signal. 

In MATLAB, the delay difference of the simulation 

results is 8.2ns, 22ns and 24ns, respectively, and the 

locations of four observation points A, B, C and D are 

known to be PD1(0.8,0,0.6), PD2 (0.8, 0,0.9), PD3(0.2, 

0,1.4), PD4 (0.2,0,0, etc. 1), the only solution is (0.49, 

0.02, 1.212), and the three coordinate errors are 1.4%, 

2%, and 1%, respectively, meeting the relevant 

requirements. 

3 Local discharge location solution 
Based on the above positioning simulation analysis, it is 

necessary to use multiple UHF sensors to adopt the 

spatial positioning method for local release positioning, 

so as to meet the positioning error requirements. The 

spatial positioning method based on multiple UHF 

sensors is no longer a simple linear equation solution, but 

involves the solution of nonlinear equations, so the 

intelligent search algorithm is chosen to solve the local 

discharge source [10]. Based on the principle of energy 

product, the starting point of UHF signal is determined. 

When the initial moment of sensor signal is ti(i =
1,⋯ , N) , N  is the number of sensors. Then, let the 

transmission speed of the power supply signal be v, and 

the difference between the start time of the first sensor 

signal and the start time of the i  sensor be tIi =
(i = 2,⋯ , N),tIi = tI − ti. Based on the space geometry, 

formula 2 can be obtained. 

 

{
 
 

 
 
vtI2 = dI − d2

⋯
vtIi = dI − di

⋯
vtlN = dI − dN

 (2) 

 

The distance between the local emission source and 

the sensor is represented by di. The calculation formula 

in the three-dimensional space coordinate system is 

shown in formula 3. 

 

di = √(xi − xs)
2 + (yi − ys)

2 + (zi − zs)
2 (3) 

 

By combining formula 2 and formula 3, a nonlinear 

system of equations with local emission source as the 

solution can be obtained. How to solve these equations is 

the key to judge the location of the local discharge source. 

Therefore, the chaotic Cuckoo algorithm is applied to 

this solution to obtain the location of the local release 

source [11]. 

3.1 Chaotic Cuckoo algorithm 

The chaotic Cuckoo algorithm is a swarm intelligence 

algorithm that simulates the process of finding other 

brooding birds, and has a strong search ability.  At the 

same time, it can also show superior convergence in 

specific places [12-13]. The specific algorithm flow is as 

follows: first, N bird nests Nesti(x1, x2, ⋯ xD), 1 ≤ i ≤N 

are set, and the location of bird nests is randomly set in 

D-dimensional space. f(Nesti) 1 ≤ i ≤N represents the 

fitness value of each bird nest under the selected 

humidity function, and the bird nest with the highest 

fitness is selected. Second, let xi
t represent the position in 

the t iteration of the i bird nest, and let Levy(λ) represent 

the search path chosen by the algorithm, then the 
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algorithm bird nest position update mode can be 

calculated by formula 5. 

xi
t+1 = xi

(t) + α⨁levy(λ)(i = 1,2,⋯ , n) (5) 

Where, the search step is represented by α ; ⨁  is 

point multiplication. Third, assuming that the probability 

of finding foreign bird eggs is P , the uniformly 

distributed random number γ is [0, 1], and if γ > 𝑃, then 

the nest position is iterated, and vice versa. During the 

iteration of the algorithm, the convergence speed and 

solving accuracy will not remain unchanged, but will 

change. In order to reduce the influence of this aspect, 

the hybrid idea will be used to intervene. Logisic 

mapping is a one-dimensional discrete chaotic system 

with fast operation speed. Repeated iteration of equations 

can produce a better chaotic sequence, and the resulting 

chaotic sequence is extremely sensitive to the initial state 

and system parameters. Therefore, Logistic equation is 

used. The chaos variable is shown in formula 6. 

 

yn+1 = 4yn(1 − yn) (6) 

 

Where, n = 1,2,⋯ , n,yn is A chaotic variable and yn 

is [0,1]. When the output value of the solution of the 

algorithm for consecutive iterations k is unchanged, it is 

considered to be trapped in a local solution. According to 

the optimization calculation of the above formula, the 

current optimal solution is converted according to 

formula 7. 

 

y1
k =

xbest−xmin
k

xmax
k −xmin

k  (7) 

 

If y1
k is iterated T times by yn+1

k = 4yk
n(1 − yk

n)(n =

1,2,⋯ , n), the chaotic sequence yk = (y1
k, y2

k, ⋯ , yT
k) can 

be obtained. Inversely map the solution value according 

to Formula 6: 

 

xbest
∗k = xmin

k + (xmax
k − xmin

k )ym
k , m = 1,2,⋯ , T (8) 

 

In the formula, xbest
∗k  is the calculated optimal 

solution position, and the chaotic Cuckoo algorithm flow 

is shown in Figure 4. 

 

Initiate Set parameters and initialize Calculate the fitness function
Check whether the stop condition 

is met

Whether the fitness function 

changes within the number of 

iterations set by the parameter

Chaotic mapping of an optimal 

nest
Get a new nest

Calculate the fitness function of 

the nest

Update and sort
Increment the number of 

iterations by 1

Calculate the fitness function of 

the nest

N

N

Y

Y

 

Figure 4: Flow of chaotic Cuckoo algorithm. 

3.2 Local emission source solution based 

on chaotic cuckoo 

Today's UHV GIS equipment tank diameter is large, in 

order to ensure the local discharge positioning accuracy, 

need to use multiple UHF sensors detection and 

positioning. When the multi-channel ultra-high frequency 

signal is obtained, it is solved according to formula 2 and 

formula 3. When the chaotic Cuckoo algorithm is used to 

solve the location of the local release source, it is 

necessary to establish a spatial marking system according 

to the specific situation of GIS equipment. Usually, the 

GIS components are installed on both sides of the basin 

formula and other references to determine the coordinate 

origin. When the chaotic Cuckoo algorithm is used to 

solve the location of local discharge source, the 

determining element of the UHF sensor in the outermost 

position is calculated, and the approximate cylinder 

boundary determined by the GIS tank in the search range 

is solved. The chaotic Cuckoo algorithm is applied in the 

field of local source solving, with emphasis on the 

construction of fitness function. The cumulative sum of 

squares function is constructed to calculate the fitness 

value of local discharge search. The process of solving 

local discharge source is to find the solution with the 

smallest difference between each known position. In the 

set coordinate system, ui(xi, yi, zi, )  represents the 

position of the i-th sensor, and the required location is 

V(Vx, Vy, Vz) . The fitness function is constructed as 

shown in Formula 9. 

 

Ksum = ∑ (2V − u1 − ui − vtli)
2N

t=2  (9) 

 

In the algorithm search solution place is to find Ksum
min , 

which is also the minimum value in each local. The 

global Ksum
min  in the boundary specification is solved by 

Levy flight path. After setting the calculation coordinates, 

solving the boundary, accurately reading the time 

difference and constructing the humidity function 

according to the steps above, the chaotic Cuckoo 

algorithm can be used to calculate and accurately solve 

the local release source position within the boundary 

range. In this paper, a single UHV GIS is taken as an 

example, and the cuckoo algorithm is used to solve the 

local discharge. In general, GIS positioning monitoring 

needs to use four UHF sensors. In equivalent calculation, 

GIS can approximate the cylinder and use the surface 

equation description algorithm of the cylinder to solve 

the boundary. With the center of the bottom surface of 

the cylinder as the origin, the three-dimensional space 

coordinate system is established, then the position of the 

four sensors can be given according to the actual 

situation, and the position of the local discharge source is 

unchanged. Based on the given process above, output the 

location of the office release source, that is, complete the 

office release detection and positioning work. 

4 Case tests 
This paper carries out feasibility analysis through case 

study, that is, taking A UHV AC substation as an 

empirical study. Historical data pointed out that on 

December 28, 2022, the 1000kV GIS equipment of the 

power station exceeded the limit alarm, the alarm sensor 

was located in the 1000kV#1 bus 18#C phase gas 

chamber, and the UHF local discharge detection was 

carried out with the long-rail instrument, and the 
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detection signal peak value of the built-in sensor was 

about 600mV. The UHF signal can also be detected at the 

basin insulators on both sides of the T0511C phase cutter 

gate, with a peak value of about 160mV, which is the 

local release phase characteristic of the UHF abnormal 

signal at that time. For further analysis, external 

interference signals need to be excluded. In this link, the 

instrument with automatic time difference analysis 

function is used to detect UHF local discharge, and the 

local discharge signal with discharge characteristics can 

be detected. In order tocheck the accuracy of interference 

signal recognition, an oscilloscope is also used to connect 

one signal to the built-in sensor and another signal to the 

external sensor. If the external sensor moves in all 

directions, it can detect UHF signals. The UHF abnormal 

signals in the air background and the abnormal signals in 

the GIS are the same local signal source. According to 

the time difference lead principle, the GIS internal signal 

is always ahead of the signal of the external sensor. 

Therefore, it can be determined that the UHV abnormal 

signal originates from the GIS internal signal and needs 

to be located in the office release. That is, the position of 

the signal source is located by means of the multi-

function office release positioning system PDS-G1500. 

Among them, the sensor A and B are arranged at the 

basin insulators on both sides of the C-phase of the 

T0511 tool brake, the distance is about 2.6m, and the 

signal peak is about 160mV; Sensor C is a built-in sensor 

with a signal peak value of about 600mV. The detection 

diagram is shown in Figure 5. 

 

 

Figure 5: UHF detection map. 

In the figure, the signal collected by sensor B is 

about 7ns ahead of sensor C, and the difference of signal 

transmission distance is 2.1m, which is consistent with 

the sensor layout spacing. It is judged that the signal 

source is located on the left side of sensor B. The signal 

collected by sensor A is lower than that of sensor B, 

about 5ns, so it can be judged that the high-frequency 

signal source is between sensor A and sensor B. In order 

to further locate the local location accurately, the UHF 

spatiotemporal difference spatial positioning method is 

used to further locate the local location. Two UHF 

sensors are arranged at the basin-type insulators on both 

sides of the tool brake, and the sensors on each basin-

type insulator are respectively located at the top surface 

and the lowest surface of the basin-type insulator, as 

shown in Figure 2. The time difference between the 

sensor and the sensor is shown in Table 2. 

Table 2: Time difference of UHF sensors. 

sensor The time difference 

compared to sensor A 

A 0 

B 0.8 

C 2.9 

D 4.8 

 

After many measurements, the time difference of the 

signals collected by the four sensors tends to be stable. A 

group of data waveforms with stable time difference are 

selected to read the time difference values between the 

other three groups of UHF signals and the 1# sensor 

respectively, and the corresponding coordinates and time 

difference values are obtained. After full calculation, the 

coordinates of the local release source (0.52, 0.12, 0.45) 

are obtained, which are the support insulators in the GIS. 

The abnormal signal is determined to be C-phase internal 

insulation discharge of T0511 tool brake. The signal 

source is located at the bottom support insulation, which 

may cause partial discharge due to defects such as 

internal cracking and air gap of the solid insulation pad at 

the bottom of the brake. 

5 Conclusions 
To sum up, this paper first proposed the GIS UHF mean 

square detection and positioning method, and built a GIS 

simplified model. Through simulation analysis, the GIS 

location method was obtained, and the positioning error 

was calculated to verify the accuracy of the method. The 

conclusions are as follows: First, for UHV GIS 

equipment with long straight pipe, when the distance 

between sensors is less than 2.1m, the two-point linear 

time difference positioning method can not be 

successfully positioned. Second, for GIS equipment with 

complex structures such as circuit breakers and spacing 

switches, sensors still need to be further increased in 

order to accurately position the office discharge. At the 

same time, for the time difference location of multi-

channel signals, the chaotic Cuckoo algorithm is applied 

to the solution of UHF local discharge location, and it is 

verified by a practical case. It is found that with the 

support of the algorithm, the use of multiple sensors can 

complete the location of local discharge source, which 

can provide some reference for the development of 

practical projects. Although the research has made some 

achievements, due to the limitations of resources, 

knowledge, time and other aspects, there are certain 

shortcomings in the research society, such as the failure 

to detect and analyze abnormal office release signals in 

UHV GIS by manual methods. In the future, on the basis 

of this research, the UHV GIS equipment detection 
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database will be continuously improved, the anomaly 

map diagnosis and analysis will be integrated, the 

backend system data will be connected with the field 

detection terminal with the help of 5G technology, the 

intelligent research and judgment will be realized 

through big data, and the application research of edge 

technology and cloud computing in GIS equipment 

detection will be further carried out. 
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Sports injury not only affects the health of athletes, but also has a negative impact on their sports 

performance and competitive level. By mining the key features of sports injury data, we can identify the 

key factors that affect athletes' performance, so as to improve sports performance and competitive level. 

Therefore, this paper proposes an improved key feature mining algorithm for sports injury data based 

on LOF enhanced k-means and sparse principal component analysis. The basic probability assignment 

method of attribute weight is used to assign the damage data, which provides a neat and consistent data 

basis for the subsequent key feature mining of sports injury. The K-means algorithm improved by LOF 

algorithm is used to classify the assignment results and divide the sports injury data. PCA is used to 

reduce data dimensions, simplify redundancy, and enhance the independence of sports injury data 

features. Using reweighted sparse PCA to realize key feature mining of sports injury data. The 

experimental results show that the proposed method can accurately capture the essential differences 

between non sports injury data and sports injury data, and accurately divide non sports injury data and 

sports injury data. At the same time, the average absolute percentage error and root mean square error 

of the assessment accuracy of injury factor assignment are both lower than 0.1, and the DBI values of 

all samples are not more than 0.13, it can effectively mine the key features of sports injury data. 

Povzetek: Raziskava predlaga izboljšan algoritem za iskanje ključnih značilnosti podatkov o športnih 

poškodbah z združevanjem dveh algoritmov.

1 Introduction 

Sports injury refers to the injury of muscles, ligaments, 

bones and other tissues in the process of sports activities, 

including sprains, strains, fractures and other types. The 

occurrence of these injuries is often related to many 

factors, such as age, gender, physical condition, training 

level, sports events, etc. Sports injury data plays an 

important role in sports medicine, rehabilitation training, 

athlete training management and other aspects [1]. Such 

data includes athletes' physiological parameters, sports 

training records, living habits, training data, medical 

records, athletes' feedback, medical data and historical 

injury data [2]. Based on these data, we can find out the 

key factors related to sports injury, such as excessive 

training, unreasonable exercise intensity and frequency, 

improper technical actions, etc; And understand the 

development trend of sports injury of specific groups or 

individuals, so as to provide clues for prevention and 

intervention [3]. This helps to formulate more targeted 

preventive measures to reduce the occurrence of sports 

injuries. However, this kind of data has the characteristics 

of huge data volume, data format and data category 

differences, and high data dimensions, which lead to low 

data utilization efficiency and inability to accurately and 

efficiently obtain the key features of massive data.  

 

 

Therefore, many scholars have carried out research on it. 

Abualigah et al. proposed a new feature selection model 

combining the sine cosine algorithm and genetic 

algorithm, and screened out the most informative and 

important features by identifying and eliminating the 

redundancy, noise and attributes not directly related to the 

task in the original data set [4]. However, the model 

involves multiple parameters, including crossover 

probability, mutation probability, population size, 

iteration times, etc. in genetic algorithm, as well as 

specific parameters that may be involved in sine cosine 

algorithm. Tuning these parameters is critical to model 

performance, but it can also be a time-consuming and 

complex task. Inappropriate parameter setting may lead 

to poor performance of the model or local optimal 

solution. Kalaivani et al. obtained the data set from UCI 

machine learning database, and screened the optimal 

feature subset from the original data set through multiple 

feature selection algorithm combined with the evaluation 

criteria of autocorrelation and information gain [5]. 

However, the information gain has the disadvantage of 

preferring to select data attributes with a large number of 

values, resulting in a large value of information gain, 

which does not necessarily mean that the attribute is a 

key feature. Shehab et al. proposed an unbalanced data 

mixed feature selection cloud model based on k nearest 
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neighbor algorithm, which uses feature subset selection 

preprocessing to reduce data complexity and realize data 

feature mining [6]. However, when the model faces 

high-dimensional data, the distance calculation between 

samples becomes complex and it is difficult to accurately 

reflect the similarity between samples, which may lead to 

the decline of the model's feature selection performance. 

Tan et al. proposed a rock-climbing key point detection 

algorithm based on an improved hourglass network. By 

designing a multi-channel pooling residual structure and 

introducing an hourglass attention structure, the algorithm 

solved the problems of variable target scales and feature 

adaptability, improved the performance of attitude 

estimation methods, and verified its effectiveness and 

generalization ability on multiple datasets [7]. Although 

the multi-channel pooling residual structure aims to 

improve the limitations of information loss and 

insufficient context extraction caused by multiple 

upsampling and downsampling in hourglass networks, the 

design process may face challenges such as how to 

balance the information fusion of different pooling paths 

and how to avoid information redundancy or loss. 

Data mining algorithms refer to a set of heuristic methods 

and calculation processes for creating data mining models 

based on data [8]. These algorithms search and extract 

specific patterns, trends and statistical information from 

the data through in-depth analysis of the data provided, 

thus providing valuable insight and decision support for 

data users. Typical data mining algorithms include 

clustering analysis, association rules, principal 

component analysis, etc. Among them, principal 

component analysis is to use orthogonal transformation to 

transform the observation data represented by linear 

dependent variables into a few data represented by linear 

independent variables. These linear independent variables 

are called principal components. Specifically, all 

high-dimensional data points are converted to a new 

coordinate system by projection mapping, and the 

dimension of this coordinate system is less than or equal 

to the dimension of the original coordinate system. At the 

same time, the standard for finding this new coordinate 

system is that in the new coordinate system, the variance 

sum of the data on each coordinate axis corresponding to 

the projected data is the largest, so the saved data is the 

most complete. Therefore, this paper proposes an 

improved key feature mining algorithm for sports injury 

data. 

In summary, the relevant research summary table is 

shown in Table 1.

Table 1: Research summary table 

Existing research Defective nature Improvements in this paper 

Abualigah et al. [4] proposed a 

hybrid feature selection method, 

SCAGA, which combines sine cosine 

algorithm (SCA) and genetic 

algorithm (GA). The method utilizes 

the UCI machine learning warehouse 

dataset and evaluates key 

performance indicators such as 

classification accuracy, worst fitness, 

average fitness, best fitness, average 

feature count, and standard deviation. 

The results show that SCAGA 

performs better in balancing the 

exploration and utilization strategy of 

search space, and achieves the best 

overall performance on the test 

dataset compared to basic SCA and 

other related methods such as ant lion 

optimization and particle swarm 

optimization. 

Improper parameter settings in 

the sine cosine algorithm may 

result in poor model 

performance or local optima. 

The attribute weight probability basic 

assignment method was adopted to 

assign values to the damage data, 

which provides a more concise and 

consistent data foundation for 

subsequent feature mining, thus 

avoiding performance problems 

caused by improper algorithm 

parameter settings. In addition, by 

adopting the improved K-means 

algorithm and principal component 

analysis method based on LOF, this 

paper further improves the accuracy 

and efficiency of data processing. 

Kalaivani et al. [5] used data mining 

classification methods such as KNN, 

SVM, and decision trees to predict a 

heart disease dataset containing 282 

observations and 75 attributes from 

the UCI machine learning warehouse. 

They also utilized the Multi Feature 

Selection Algorithm (MFSA) 

combined with autocorrelation and 

information gain for feature selection 

However, the disadvantage of 

information gain is that it tends 

to select data attributes with a 

large number of values, 

resulting in a large number of 

values for information gain, 

which does not necessarily 

mean that the attribute is a key 

feature. 

We adopted methods such as weighted 

sparse principal component analysis, 

combined with the actual situation of 

the data and the importance of 

features, to conduct more 

comprehensive and accurate feature 

selection. This can effectively avoid 

the limitations of information gain and 

improve the accuracy and 

effectiveness of feature selection. 
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to improve classifier performance. 

Shehab et al. [6] proposed a novel 

hybrid feature selection cloud model 

based on k-nearest neighbor 

algorithm for handling imbalanced 

data. The model combines firefly 

distance measurement and Euclidean 

distance, and exhibits good 

performance compared to simple 

weighted nearest neighbors, 

effectively improving classification 

accuracy and reducing processing 

time through cloud distributed 

models. 

However, when the model faces 

high-dimensional data, the 

distance calculation between 

samples becomes complex and 

difficult to accurately reflect the 

similarity between samples, 

which may lead to a decrease in 

the model's feature selection 

performance. 

This paper uses principal component 

analysis to reduce the dimensionality 

of data, simplify redundant 

information, and enhance the 

independence of data features. This 

method can effectively reduce the 

complexity of data, reduce the 

difficulty of calculating the distance 

between samples, and improve the 

efficiency and accuracy of feature 

selection. Meanwhile, by using the 

improved K-means algorithm with 

LOF for data classification and 

segmentation, this paper further 

improves the accuracy and stability of 

data processing. 

Tan et al. [7] proposed a rock 

climbing keypoint detection 

algorithm based on an improved 

hourglass, which uses a 

multi-channel pooling residual 

structure and hourglass attention 

structure to improve keypoint 

detection performance. Its 

effectiveness was verified on MPII, 

COCO, and rock-climbing datasets, 

with key performance indicators 

including detection accuracy and 

algorithm generalization ability. 

Although the multi-channel 

pooling residual structure aims 

to improve the limitations of 

information loss and 

insufficient context extraction 

caused by multiple upsampling 

and downsampling in hourglass 

networks, the design process 

may face challenges such as 

how to balance the information 

fusion of different pooling paths 

and how to avoid information 

redundancy or loss. 

Similar ideas and methods were 

adopted. By using weighted sparse 

principal component analysis and 

other methods, this paper has achieved 

key feature mining of sports injury 

data, which can be seen to some extent 

as an alternative or supplement to the 

multi-path pooling residual structure. 

Meanwhile, the method proposed in 

this paper places greater emphasis on 

the integrity and consistency of data, 

avoiding challenges such as 

information fusion and redundancy. 

 

2 Mining key features of sports 

injury data 

In order to accurately extract key features from massive 

data, effectively process and classify complex sports 

injury data, and achieve prediction and prevention of 

sports injuries. Using the basic probability allocation 

method of attribute weights, diverse sports injury data is 

transformed into a unified format, and the contribution of 

each attribute in the injury data is quantified. 

Subsequently, based on the improved K-means algorithm 

and combined with the LOF algorithm to handle outliers, 

the quantified data was accurately classified with the aim 

of revealing potential structures and patterns in the data. 

Finally, principal component analysis (PCA) combined 

with LASSO regression model is used to reduce the 

dimensionality and extract key features of the classified 

data, in order to reduce data complexity and improve 

feature independence. This series of methods aims to 

construct an efficient sports injury data analysis and 

prediction model, providing scientific basis for athletes, 

coaches, and medical personnel to accurately assess 

injury risk and develop effective intervention measures, 

thereby improving the health level and competitive 

performance of athletes. 

2.1 Damage data assignment 

Sports injury data typically encompasses a wide range of 

information, including physical parameters, exercise 

intensity, duration, type of exercise, and environmental 

conditions. The diversity and complexity of these data 

pose challenges in directly extracting key features from 

them [9]. By adopting a reasonable allocation strategy, 

various types of data can be converted into a unified 

format, simplifying the complex sports injury data into a 

more manageable form. 

In this paper, the basic probability assignment method of 

attribute weight is used to assign damage data. The basic 

probability assignment method of attribute weight can 

assign different weights according to the importance of 

attributes, so as to quantify the contribution of different 

attributes in the damage data. This method helps to make 

better use of key attributes and ignore or reduce the 

impact of non key attributes in the subsequent data 

mining process. Attribute weight is denoted by jw
, the 

calculation formula is: 

ˆ
ij

j

A B

w
w

y y
=

+
  (1) 
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Where: 
ˆ

ijw
represents the preweight of the attribute in the 

j
th attributeof the i th data category; Ay

 means that 

athletes become "people with injury tendency"; By
 

means that athletes become the "injury prone group", and 

the risk of specific injuries of athletes in different sports 

will be greatly increased. 

The injury factor data was quantified according to the 

jw
 calculated by the above formula, 

0.51jw 
 

indicates the internal injury causing factor; 
0.5jw 

 

indicates the external injury causing factor. 

After the division of internal and external damage factors, 

the assignment details ofthe external damage data set Ay
 

and internal damage data By
 are shown in Table 2. 

The factor assignment in Table 2 is carried out. If an 

athlete has no previous injury, the factor is assigned 0, the 

option with the smallest impact on sports injury is 

assigned 1, and the option with the largest impact is 

assigned 3. Assigning values to sports injury data can 

transform different types of injuries to injury factors into 

a unified measurement standard, effectively solve the 

problems such as missing values, abnormal values or 

inconsistent data formats contained in the original sports 

injury data, so that different data can be compared and 

analyzed, and quickly identify the key factors related to 

injury occurrence, it provides a basis for key feature 

mining of subsequent sports injury data. 

Table 2: Details of damage data assignment 

Weight assignment External damage to injury factors Internal to injury factors 

0 No previous injuries No previous injuries 

1 Minor damage Minor damage 

2 Obvious damage Obvious damage 

3 Serious injury Serious injury 

 

2.2 Motion data classification based on 

improved K-Means algorithm 

Although the original data has been quantified or coded, 

the assigned data may not be clearly divided into different 

categories or groups [10]. For sports injury data, different 

types of sports, injury degrees, recovery stages, etc. may 

need to be further classified to more accurately analyze 

data characteristics and laws [11]. K-means algorithm is a 

distance based clustering algorithm, which can divide the 

samples in the dataset into K clusters, making the 

samples in the same cluster more similar, while the 

samples between different clusters are less similar. This 

clustering analysis method helps to find potential 

structures and patterns in the data, and provides valuable 

information for sports injury prediction. However, 

K-means algorithm is vulnerable to the problem of data 

imbalance. When the number of samples of one class in 

the data set is far more than that of other classes, the 

clustering effect may be affected. LOF algorithm can 

identify outliers in the dataset. By calculating the local 

outlier factor (LOF) of each data point, the LOF 

algorithm can evaluate the degree of anomaly of the point 

relative to its local neighborhood. If the LOF value of a 

point is far greater than 1, it is considered as an outlier.  

 

Removing these outliers before clustering or carrying out 

special processing can reduce their impact on the 

K-means clustering process, thus improving the accuracy 

of clustering. The algorithm implementation process is 

described as follows: 

Inputs: The original motion dataset, density threshold, 

and number of outlier points, respectively, are 

represented by, 
 1 1, ,..., NX x x x=

、  、 n ; 

Output: Top ranked n  larger outlier factor value object. 

(1) Construct 
g

 grids for detecting motion datasets 

based on a variable gridding strategy. 

The grid space was determined as the clustering region, 

the dimensions of the motion data space were divided 

using the same size of spacing, and then similar interval 

segments of the same dimension were merged to obtain 

the space based on the grid division. Using the 

fast-ranking method to arrange the original motion data 

set of the i th dimensional data, and calculate the 

similarity of neighboring interval segments, after the 

extraction is completed, judge the similarity of 

neighboring interval segments in the i th dimensional 

space [12]. Repeatedly perform this step to get the result 
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of merging similar intervals in different dimensions and 

output this result. 

(2) The number of motion data points for each grid cell is 

obtained: 

Define the number of data points is, compare the density 

threshold and the number of data points size, but the 

number of data points is greater than the density 

threshold, it means that this data belongs to the sports 

injury data, when all the sports data to calculate the 

outlier factor can be terminated, and record the results of 

the sports injury data, the outlier factor 
( )iL x

 of the 

motion data to be detected is calculated as follows: 

( )
( )
( )1

m
k

k i

i

k k i

g x
L x

g x=

= 
  (2) 

Among them, 
( )k iH x

 denotes the set of neighborhoods 

of a sample of sports injury data ix
, k  represents the 

k th set of neighbors, the local outlier is the set 
( )k iH x

 

in the sample, the mean of the localized accessible 

density ratios of the sample ix
; 

m

ix
 represents the m  

near-neighbor samples, m  represents the m  

neighborhood sets. 
( )k ig x

 is the localized reachable 

density for the sample ix
. The degree of outliers for 

sample x  can be determined by 
( )iL x

. 

(3) Traversing to a sports injury data point requires 

elimination: 

After elimination, we continue to iteratively calculate the 

data points for detecting sports injuries, and finally 

arrange the outlier values in the order of largest to 

smallest, and save the outlier values of the top part. After 

eliminating the outliers, a more accurate clustering center 

was determined according to the maximum and minimum 

distance criterion as follows: 

After the Euclidean distance is calculated according to 

the maximum minimum distance algorithm, the sample 

points are divided into each cluster center according to 

the nearest neighbor principle. This algorithm is different 

from the traditional K-means clustering algorithm in 

determining the center point strategy, clustering 

categories K  is not an empirical setup, but the 

following strategy is followed: 

(a) Determine the initial cluster center: 

Selecting an object ix
 in the sample points of the 

motion data, which is used as the first clustering center, 

to find the Euclidean distance of all data points with that 

clustering center ix
, the method is shown in equation 

(3): 

( ) ( ) ( )
1

,
k

s

a b i ak bk

k

d x x L x x x
=

= −
 (3) 

Of which: ax 、 bx
 all represent samples, s  denotes 

the spatial dimension, the Euclidean distance between 

two samples in that space is denoted by 
( ),a bd x x

. 

(b) Based on the result of 
( ),a bd x x

, the new clustering 

centers are obtained, The data points with the largest 

European distance from ix
 are classified in the same 

data set; The remaining moving data points are 

calculated, and the Euclidean distance between each data 

sample point and the initial center point ix
, and the 

sample point corresponding to the maximum value is still 

determined, which is divided into the same category. 

Based on the above strategy of cyclic operation, complete 

the classification of all the sports data, and stop updating 

the clustering center when no more new clustering 

centers are generated, and get the effective clustering 

center K . The steps are as follows: 

Step 1: In 
( )0,1

, a value is selected in the interval and 

given, with 


 denotes that the initial clustering center 

1F
 is generated at this moment; 

Step 2: Cluster center update strategy. 

Finding the Euclidean distance between different points 

and 1F
 is expressed by 1id

, and the new cluster center 

2F
 is kx

 corresponding to 
 1 maxk ind d=

; Then, find 

the 3rd clustering center, find the distance between the 

first two clustering centers and different points defined as 
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1id 、 2id
, the distance between the first two clustering 

centers is defined as 12d
, when 

( ) 1 2max min ,n i id d d=
 and 12nd d 

 with the 

situation of 
( )1,2, ,i n= L

, the 3rd clustering center 3F
 

is lx
. 

After determining the existence of a third clustering 

center, determine whether the current situation is 

consistent with 
( ) 1 2 3max min , ,j i i id d d d=

 and 

12nd d 
, verifying that a 4th clustering center 

currently exists. Determine whether the next clustering 

center exists according to the above derivation strategy, 

the conditions for terminating the updating of the new 

cluster centers is 12nd d 
. 

Step 3: Summarize cluster centers: 

The above algorithm organically combines the 

maximum-minimum clustering criterion and the local 

outlier detection algorithm to accurately determine the 

clustering center iZ
. The type of motion data is 

classified by finding the distance of each motion data 

from the center point with the following equation: 

( )
,

,

i

a b n

x Z

j

d x x d
d

d
=

  (4) 

arg mini iZ Fr=
  (5) 

Where, the distance between the two-motion data and the 

set of data types are denoted by ,ix Zd
、  iZ

,the 

eigenvalues is described as r , the number of parameters 

is denoted by k . 

After the above operation finally get a key cluster and a 

number of dispersed clusters, the key cluster is regarded 

as the core point, calculate the distance between each 

point and the core point, and then determine whether 

there is any abnormality in the current sports data; the 

greater the distance with the core point, the greater the 

chance of verifying that this type of sports data is sports 

injury data; the smaller the distance with the core point, 

the greater the chance of verifying that this type of sports 

data is sports injury data. The smaller the distance from 

the core, the smaller the chance of validating this type of 

sports data as sports injury data. Thus, the sports data can 

be classified into the sports injury data set 1Z
 and 

non-sports injury datasets 2Z
. 

Key feature mining of sports injury data based on 

principal component analysis 

Even if the motion data is grouped by clustering, each 

group may still contain a large number of feature 

variables. There may be redundant or highly correlated 

variables in these features, which not only increases the 

complexity of data analysis, but also may affect the 

accuracy of key feature mining. As the number of 

features increases, there will also be a so-called 

"dimension disaster", that is, in high-dimensional space, 

the distribution characteristics of data may become 

complex and difficult to deal with. Principal Component 

Analysis (PCA) is an effective dimensionality reduction 

technology, which can remove redundancy and noise in 

data while retaining the main information of data [13]. 

Through PCA processing, the original high-dimensional 

data can be projected into the low dimensional space to 

form several main components (principal components), 

which contain most of the information of the original data 

and are independent of each other. This can not only 

reduce the dimension of the data, but also remove the 

redundancy between features, and then extract the key 

features in the data.  

Therefore, PCA is applied to perform the dimensionality 

reduction on sports injury data set 1Z
 to enhance the 

independence between the features of sports injury data 

[14]. 

Assuming that 1Z
 contains n  sample of sports injury 

data, in order to eliminate the effect of magnitude and 

analysis results, standardize the data in 1Z
. 

norm

X
X





−
=

  (6) 

Among them, X  is the data matrix of 1Z
, 


 is the 

mean vector of each feature in 1Z
,   is a vector of 
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standard deviations for each feature (operated element by 

element), normX
 is the normalized data matrix. 

Calculate the covariance matrix C  of standardized data 

normX
: 

1

1

T

norm normC X X
n

=
−   (7) 

For the covariance matrix C , perform the 

eigen-decomposition and get the eigen-values 

1 2, ,   L
 (in descending order) and the corresponding 

eigenvectors 1 2, ,v v vL
. 

The first 


 eigenvectors corresponding to the largest 

eigenvalues are selected and used as principal 

components [15], forming the principal component 

matrix V : 

1 2, ,V v v v =  L
  (8) 

Projecting it onto the principal component space, the 

projection of the original data onto the principal 

component space, i.e., the principal component score, is 

calculated. It can be expressed as follows: 

normA X V=
  (9) 

Considering that in the application of principal 

component analysis (PCA), the principal component 

vectors obtained are not sparse enough and contain many 

non-zero elements, when the principal component vectors 

contain a large number of non-zero elements, it means 

that these principal components are composed of linear 

combinations of multiple original variables, rather than 

significant contributions of a few key variables [16-17]. 

This makes it difficult to interpret the data characteristics 

represented by each principal component, because each 

variable has a certain contribution to the principal 

component, but the degree of contribution may not be 

high, affecting the reliability of mining results. Sparse 

Principal Component Analysis (Sparse PCA) introduces 

sparsity constraints to ensure that each principal 

component is composed of only a few key variables. In 

this way, the data features represented by each principal 

component are clearer and easier to interpret. In sports 

data analysis, sparse PCA can more effectively identify 

key features closely related to sports injuries, providing 

scientific basis for developing effective intervention 

measures. Therefore, in order to more accurately mine 

key features in sports injury data, optimization 

framework and Least Absolute Shrinkage and Selection 

Operator (LASSO) regression model [18] are added on 

the basis of principal component analysis algorithm. The 

objective function formula of LASSO regression is as 

follows: 

2

1,
min T T

s
X W I

 
    − + =

 (10) 

Among them,   and 


 are respectively the 

orthogonal matrices of 
n p

 and 
p d

, I  is the unit 

matrix, 


 is a regularization parameter, 
•

s  represents 

the Frobenius norm, 1
•

 represents L1 norm, W  by 

p p
 the weighting matrix of order and the matrix W  

is a diagonal array. By introducing the L1 norm 

regularization term, a portion of the regression 

coefficients are compressed to zero, thereby achieving 

variable selection and feature sparsity. Therefore, based 

on sparse PCA, the alternating minimization method is 

adopted to iteratively update and solve the objective 

function of LASSO regression, in order to further 

improve the interpretability of features. 

As a result, the alternating minimization method is used 

to iteratively update   and 


, solve the objective 

function of LASSO regression. The specific steps are as 

follows: 

Step 1: Select any 0  and 0
 as the initial value. 

Step 2: For the 
( )1t t 

 th iterations, updates t  and 

t
, with the expression: 

2

1 1
arg min T T

t t s
X W I


      −= − + =

 (11) 

When solving t
, the following is obtained by 

performing a singular value decomposition of t
: 
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t qW   =
  (12) 

Among them, 
 

 is the left singular vector matrix, qW
 

is the diagonal matrix contains singular values,    is a 

right singular vector matrix. 

Then, you can take the first 


 column of 
 

 as a new 

t
. As a result of this, the t

 can be expressed as 

follows: 

2

arg min T T

t t s
X I


   = − =

 (13) 

Step 3: During the iteration process, the convergence is 

evaluated by checking the error condition, expressed as: 

2
T

t t s
X   − 

  (14) 

In the formula, 


 is a small positive number indicating 

the permissible margin of error. 

Step 4: When maxt t=
, stop iterating. Getting the final   

and 


, of which   of the column vectors are sparse 

principal components [19-20], i.e., the key features of the 

sports injury data. 

Through the above process, the key features in the sports 

injury data can be mined more accurately and provide 

scientific basis for the development of effective 

interventions. 

3 Experimental analysis 

3.1 Experimental setup 

In verifying the application effect of the method in the 

paper, the test data used came from a city track and field 

team, and the historical sports data of 50 athletes in the 

dataset were selected as the test data. The amount of 

athletic data is 2000 items, including 25 male athletic 

data and 25 female athletic data, and the age of all 

athletes is between 18 and 25 years old. The types of 

sports injuries of the athletes are shown in Figure 1. 

Athletes' sports injury data are obtained through Yitikang 

HC-901G sports monitor. The relevant parameters of the 

motion monitor are shown in Table 3. 

During the experiment, the parameters of the proposed 

algorithm are set as shown in Table 4. 

      

         (a) Running knee injury                   (b) Muscle strain 

    

(c) Ankle sprain                   (d) Elbow sprain 

Figure 1: Types of sports injuries 
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Table 3: Relevant parameters 

Parameter Numerical value 

Size Width 74mm * Height 12mm * Thickness 11.2mm 

Weight 25g 

Battery capacity 130mAh 

Standby time 35 days 

Display OLEO 

Temperature and humidity usage 0℃+40℃，2085%RH 

 

Table 4: Parameter settings of the proposed algorithm 

Name of the parameter Parameter values 

pain level weights 0.3 

weighting of the degree of swelling 0.2 

the weighting of the degree of activity limitation 0.25 

time-to-injury weights 0.15 

treatment time weights 0.1 

K value 3 

K in LOF algorithm 2 

LOF outlier threshold 2.5 

The main ingredient 3 

sparsity parameter 0.5 

the number of iterations 1000 
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In Table 4, the outlier threshold of the LOF algorithm is 

set to 2.5, which aims to ensure that the algorithm can 

accurately identify outliers that significantly deviate from 

the normal data distribution range, while avoiding 

misjudging too many normal points as outliers; The 

sparsity parameter is set to 0.5 to control the size of the 

neighborhood, ensuring that each point has a sufficient 

number of neighboring points to accurately reflect its 

local density while maintaining computational efficiency; 

In the K-means algorithm, the value of K is set to 3, 

which is based on a preliminary understanding of the 

structure of the dataset. By dividing the data into three 

main clusters, it helps to better understand the intrinsic 

structure of the data; In the LOF algorithm, the K value is 

set to 2, which helps to improve the robustness of the 

algorithm in sparse or noisy datasets. 

Based on the above parameters, test the sensitivity of the 

proposed method and evaluate its performance with the 

current parameter settings. The result is shown in Figure 

2. 

Iteration times/times
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en
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v
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y

200 400 600 800 1000

1

0

0

 

Figure 2: Sensitivity results 

 

According to the analysis of Figure 2, with the existing 

parameter settings, the proposed method can achieve a 

sensitivity of 0.9 within 100 iterations. This indicates that 

the existing parameter settings can enable the proposed 

method to accurately identify more sports injury data and 

have high operational stability. 

On this basis, clustering experiments were conducted on 

the motion data collected from the experiment. By 

clustering data points with similar features together, a 

clear cluster is formed. This clustering pattern not only 

validates the effectiveness of the clustering method 

proposed in this paper, but also reveals the essential 

differences between different categories of data. The 

experimental results are shown in Figure 3. Figure 3 (a) 

shows the raw data of the operation. By displaying the 

distribution of raw data points, it is possible to intuitively 

see the differences in features between non sports injury 

data and sports injury data, which provides a foundation 

for subsequent clustering analysis; Figure 3 (b) shows the 

clustering effect. 

As can be seen from Figure 3, this method can accurately 

capture the essential differences between non sports 

injury data and sports injury data, and effectively divide 

non sports injury data and sports injury data. It can be 

seen from Figure 3 (b) that the non sports injury data are 

gathered together in a circle to form a relatively 

concentrated and distinctive area, and the sports injury 

data are gathered in a circle and distributed in another 

area with obvious differences. This distribution pattern 

not only verifies the effectiveness of this method, but also 

provides strong data support for the subsequent sports 

injury prevention, early diagnosis and personalized 

rehabilitation program formulation. 
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(a) Distribution results of raw motion data 
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(b) Distribution results of clustered data 

Figure 3: Clustering effect test results 

 

3.2 Results and analysis 

DBI is an evaluation index of clustering quality, denoted 

as  , this metric evaluates the effect of data clustering 

by calculating the average distance of data points within 

each cluster from the center of the cluster as well as the 

distance between the centers of different clusters, and it is 

used to measure the compactness and separateness of the 

clustering results. In the process of feature selection, by 

comparing the DBI values under different feature  

 

combinations, key features that have a significant impact 

on clustering results can be selected. The formula for   

is as follows: 

2
1

1
max

k
i j

j i
i

i j

X X

k c c


=

 
+  =

 −
 


 (15) 

Among them, i、 
j

 denote the sum of the squares of 

the intraclass distances of any two classes; ic 、 jc
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denote the first clustering center. Take the value of   

between 0~1, the smaller the value means the smaller the 

distance within the class, and the larger the distance 

between the classes, the better the clustering result; on the 

contrary, the closer the value is to 1, it means the worse 

the clustering effect is. 

In order to further verify the effectiveness of the method 

in this paper on motion data clustering, the quality of 

motion data clustering of the algorithm in this paper is 

evaluated according to formula (15), and the DBI values 

of the motion data clustering results of this algorithm 

after clustering different amounts of motion data are 

tested, as shown in Table 5. 

It can be seen from Table 5 that after clustering the 

motion data with different amounts of data through the 

algorithm in this paper, even if the amount of data 

continues to increase, the DBI value of the damaged data 

and the non damaged data after clustering does not 

exceed 0.13, indicating that the similarity of data points 

within the cluster is high, while the data points between 

clusters are significantly different, which can reliably 

complete the clustering of the damaged data and non 

damaged data in the motion data. 

In order to verify the reliability of the method of this 

paper for the mining results of key features of sports 

injury data, the average absolute percentage error and the 

root mean square error were calculated to validate the 

results of the assignment of sports injury to injury factors 

in the paper, and the average absolute percentage error is 

denoted by O , the root mean square error is denoted by 
Q

. By comparing the MAPE values under different 

feature combinations, key features that have a significant 

impact on the prediction results can be selected. This 

helps optimize the model and improve prediction 

accuracy, and in sports injury data analysis, RMSE can be 

used to measure the accuracy of different models or 

algorithms in predicting the risk or degree of sports 

injuries. A lower RMSE value indicates that the model 

can better capture the intrinsic patterns of motion injury 

data. The formula for O  and 
Q

 are as follows:

Table 5: DBI values 

Number of sports injury data/piece Sports injury data Non sports injury data 

100 0.089 0.055 

200 0.072 0.049 

300 0.062 0.024 

400 0.051 0.056 

500 0.098 0.078 

600 0.078 0.069 

700 0.087 0.012 

800 0.104 0.099 

900 0.108 0.113 

1000 0.118 0.109 

Table 6: Error details 

Number of sports injury 

data/piece 

Internal to injury factors External to injury factor error 

Mean Absolute 

Percent error 

Root mean square 

error 

Mean Absolute 

Percent error 

Root mean square 

error 

100 0.025 0.026 0.023 0.022 

200 0.034 0.036 0.039 0.035 

300 0.039 0.038 0.041 0.039 

400 0.041 0.039 0.046 0.041 

500 0.053 0.045 0.058 0.047 

600 0.064 0.058 0.066 0.063 

700 0.075 0.063 0.072 0.069 

800 0.079 0.072 0.076 0.072 

900 0.082 0.081 0.083 0.079 

1000 0.088 0.087 0.089 0.084 



Improvement of Key Feature Mining Algorithm for Sports… Informatica 49 (2025) 49–64 61 

 

( )
1

1n

i i

i i

p r
p

O
n

=

 −

=



 (16) 

( )
2

1

n

i i

i

p r

Q
n

=

−

=


 (17) 

Where, the recognized and actual values of the 

damage-to-injury factor were denoted by ip 、 ir ; total 

sports injury data is denoted by n ; According to Eqs. 

(16) and (17), the characterization errors of the internal to 

injury factor and external to injury factor of the sports 

injury data are calculated respectively, and the smaller the 

calculation results are, the closer the recognition value is 

to the actual value, which proves that the method of this 

paper is able to effectively realize the recognition of the 

to injury factor of the sports injury. Table 6 shows the 

details of the error of the recognized to injury factor of 

the sports injury recorded in this experiment. 

As can be seen from Table 6, the error value becomes 

larger with the increase of the number of sports injury 

data, but the growth rate is kept at a very low level. Even 

when the number of sports injury data surged to 1000, the 

recognition errors of both internal and external injury 

factors did not exceed 0.1, among which, the highest 

mean absolute percentage error of internal injury factor 

was 0.088, and the highest root mean square error was 

0.087; the highest mean absolute percentage error of 

external injury factor was 0.089, and the highest root 

mean square error was 0.084. The small error values fully 

proved that the method of this paper is very good at 

recognizing sports injuries. 

According to the urgency of sports injuries, they were 

categorized into acute and chronic injuries, including 

fractures, dislocations, joint sprains, acute bursitis, 

muscle strains, etc., and chronic injuries, including 

chronic tenosynovitis, fatigue periostitis, chondromalacia 

patella, etc. The proposed method was chosen as a 

comparative method. In order to verify the effectiveness 

of the proposed method more comprehensively, the 

method of literature [4], the method of literature [5] and 

the method of literature [6] were chosen as the 

comparison methods. The key features mining effect of 

different methods for different sports injuries is tested. 

The obtained results are shown in Figure 4. 
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(a) Acute injury 
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(b) Chronic injury 

Figure 4: Mining effect of key features 

 

From the analysis in Figure 4, it can be seen that the 

proposed method achieves a key feature mining effect of 

0.8 or above for both acute and chronic injuries, which is 

relatively high. Among them, for acute injuries such as 

fractures, dislocations, and joint sprains, their key 

characteristics may be more prominent and obvious, as 

such injuries are usually accompanied by severe pain, 

swelling, and functional impairment. These features are 

easily identified and extracted during the data mining 

process, thereby improving mining accuracy. For chronic 

injuries such as chronic tenosynovitis, fatigue periostitis, 

and patellar chondromalacia, the extraction of key 

features may be more complex and difficult due to their 

longer course, relatively subtle symptoms, and tendency 

to recur. However, by using the reweighted sparse 

principal component analysis method, these features can 

be accurately captured, providing important references 

for subsequent injury prevention, diagnosis, and 

treatment. 

4 Discussion 

Compared with previous works such as literature [4], 

literature [5], and literature [6], the method proposed in 

this paper shows higher performance in mining key 

features of acute and chronic injuries. This advantage is 

mainly due to the reweighted sparse principal component 

analysis (PCA) method used in this paper. This method 

can accurately identify the most critical features for 

distinguishing acute and chronic injuries, providing 

important reference for subsequent injury prevention, 

diagnosis, and treatment. 

Specifically, previous work may have mainly relied on 

traditional data mining techniques such as support vector 

machines (SVM), decision trees, or neural networks. 

Although these methods can to some extent uncover 

features related to injuries, they often lack precision and 

sensitivity for specific types of injuries, such as acute and 

chronic injuries. In contrast, the reweighted sparse PCA 

method proposed in this paper can better capture key 

information in the data by introducing sparsity and 

reweighting strategies, thereby improving the accuracy 

and efficiency of key feature mining. 

In addition, this paper also verified the reliability of the 

proposed method in identifying sports injury factors by 

calculating indicators such as Mean Absolute Percentage 

Error (MAPE) and Root Mean Square Error (RMSE). 

The results show that even when the amount of sports 

injury data surges to 1000, the identification error of 

internal and external injury factors does not exceed 0.1, 

which fully proves the effectiveness of our method. 

Another significant advantage of this paper compared to 

previous work is its comprehensiveness and 

systematicity. This paper not only focuses on the mining 

of key features, but also comprehensively evaluates the 

clustering results through evaluation indicators such as 

DBI index. This comprehensive and systematic research 

method enables this paper to gain a deeper understanding 

of the inherent patterns and characteristics of sports 

injury data, thereby providing more comprehensive 

guidance for the prevention and treatment of sports 

injuries. 
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5 Conclusion 

In this paper, we propose to improve the key feature 

mining algorithm of sports injury data to accurately mine 

the key features in the sports injury data to improve the 

accuracy of sports injury prediction and the level of 

personalization of rehabilitation strategies. The specific 

advantages are as follows: 

(1) By improving the feature mining research, the key 

features that are highly related to sports injuries can be 

extracted from the raw data more accurately. These 

features not only cover the basic information such as 

exercise intensity, frequency and mode, but also may 

include the athlete's physiological indicators, 

psychological state and other deep-level information, so 

as to construct a more comprehensive and accurate 

prediction model. 

(2) PCA data dimension reduction technology can 

significantly reduce the dimension of data while retaining 

key information. This not only reduces the amount of 

calculation, but also improves the utilization efficiency of 

sports injury data, making it possible to process and 

analyze large-scale sports injury data. 

Experiment proves that, the method of this paper can 

accurately classify non-sports injury data and sports 

injury data, and effectively mine the key features of 

sports injury data, which will play a more important role 

in the field of sports injury prevention, diagnosis and 

rehabilitation. 

Although PCA data dimensionality reduction technology 

performs well in reducing data dimensions, in practical 

applications, as the amount of data and feature 

dimensions increase, the running time of the algorithm 

may be significantly extended. At the same time, 

improved feature mining algorithms may also involve 

more complex calculations when extracting deep level 

features, further increasing the computational burden. In 

addition, when dealing with large-scale datasets, the 

scalability of the algorithm becomes a key consideration 

factor. Although the method proposed in this paper is 

theoretically applicable to large-scale data, it may 

encounter problems such as memory limitations and tight 

computing resources in practical operations, which can 

affect the performance and scalability of the algorithm. 

Future work will focus on optimizing algorithm 

performance and enhancing scalability to address the 

challenges posed by large-scale and high-dimensional 

data. We will explore more efficient data dimensionality 

reduction techniques and improve the computational 

process of feature mining algorithms, while utilizing 

parallel computing, distributed computing, and cloud 

computing technologies to reduce runtime and overcome 

resource limitations. In addition, the plan is to apply the 

algorithm to additional data types, such as biomechanical 

data, to comprehensively understand the health status of 

athletes. At the same time, alternative mining algorithms 

such as deep learning and machine learning ensemble 

methods will also be studied to enrich the feature 

selection process and improve prediction accuracy. We 

hope to broaden the application scope of the algorithm 

and improve its practicality and influence in the fields of 

sports injury prevention, diagnosis, and rehabilitation. 
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Traditional ways of monitoring power systems do not offer sufficient real-time information on equipment 

status and do not sufficiently address various operational scenarios and parameters. To address these 

problems, a new method referred to as Dynamic Black Hole-driven Deep Convolutional Generative 

Adversarial Network (DBH-DCGAN) has been developed. This method utilizes the dynamic Black Hole 

mechanism that can adjust the flexibility and stability of the DCGAN model according to the power 

condition. The purpose of this study is to present and assess the novel DBH-DCGAN approach and its 

impact on improving the accuracy and efficiency of power plant monitoring. A large set of power equipment 

images was gathered that contains data regarding all the equipment. The images were then pre-processed 

using Histogram Equalization to improve the contrast of the images. To enhance the monitoring accuracy 

and flexibility in different power system situations, the proposed Dynamic Black Hole-driven Deep 

Convolutional Generative Adversarial Network (DBH-DCGAN) method was applied. Experimental results 

demonstrate that DBH-DCGAN effectively monitors power plants across different operating conditions, 

achieving performance metrics of recall (95.4%), accuracy (94.2%), and F1-score (96.3%). The study 

concludes that the DBH-DCGAN method significantly improves reliability and efficiency in power system 

management, thereby advancing intelligent monitoring technologies within the power grid. 

Povzetek: Predlagana je nova metoda DBH-DCGAN za inteligentno spremljanje elektroenergetske 

opreme, ki prilagaja model glede na pogoje v omrežju in izboljšuje zanesljivost in učinkovitost nadzora. 

 

1 Introduction 

Electric power is crucial for the efficient operation of 

critical infrastructure and overall socioeconomic stability, 

significantly influencing both industrial and residential 

sectors. As connectivity advances, the capabilities of 

power grid monitoring systems are expanding, with 

increased emphasis on sophisticated technologies for real-

time performance analysis and predictive maintenance [1]. 

The power grid's ability to operate safely and consistently 

is impacted by the security of its transformation and 

transmission equipment. Information system data from 

different kinds of equipment is required as additional 

assistance to do operations with the Internet of Things 

(IoT) for power transfer, transformation devices, and 

tracking devices. This is in addition to the necessity for 

remote monitoring of power transfer and transformation 

information [2]. It is challenging to promote power grid 

production procedures, safety supervision administration, 

and other company innovations and intelligent 

communication because power grid intelligent 

communication equipment technological maturity and 

system adoption are not high, and digital data platform and 

real mapping interaction ability are not enough [3]. 

A smart grid is an innovative type of power grid that 

combines modern sensor measurements, communication, 

data, computer, and control technologies with a physical 

power grid. It depends on the physical power grid and 

combines these technologies effectively [4]. It attempts to 

completely satisfy user demand for power while 

optimizing resource allocation; it also guarantees the 

security, dependability, and efficiency of the power 

supply; it corresponds with environmental regulations; it 

guarantees power quality; and it adjusts to the evolving 

power market. It provides consumers with additional 

benefits and a dependable, affordable, clean, and 

interactive power source. An electric energy meter that 

measures the power loss produced by a station during grid 

function or a substation's function and transmits that 

information to the user is known as an electric power 

distribution system [5]. 

The power sector, which is a crucial base industry for 

ensuring the long-term expansion of the national economy, 

has an extensive amount of knowledge about power 

equipment. A robust smart grid that can efficiently 

guarantee societal growth is built on transmission and 

transformation equipment, which is in excellent condition 

and operates consistently [6]. Numerous grid accidents, 
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particularly in the past several years, have been brought 

through pollutants, icing, strong winds, and lightning. 

Building an effective control and administration system 

for smart grids is imperative to ensure the secure operation 

of the grid, accelerate emergency response times, and 

perform thorough and accurate tracking, diagnosis, and 

early signaling of the condition of power transformation 

and transmission equipment [7]. For monitoring power 

equipment in power systems, a novel approach based on a 

DBH-DCGAN is proposed. 

Contribution of study: 

• As power systems continue to evolve into more 

complex structures, advanced monitoring techniques are 

increasingly seen as necessary to guarantee the efficiency 

and dependability of power appliances. Because of the 

shortcomings of traditional methods, new panoramic 

monitoring tactics have been developed to provide more 

accurate and up-to-date information regarding the 

operational state of equipment.  

• A new method called DBH-DCGAN, which stands 

for Dynamic Black Hole-driven Deep Convolutional 

Generative Adversarial Network, is created to solve these 

limitations. When it comes to steady performance under 

different operating situations and equipment 

characteristics, the dynamic Black Hole mechanism helps 

to further boost the DCGAN model's versatility. 

• To prepare the image data for analysis, we compile a 

panoramic dataset and apply the histogram equalization 

technique. Python is used to implement the proposed 

approach.  

• Various experimental results demonstrate the efficacy 

of the proposed DBH-DCGAN in monitoring power 

plants.  

 

2 Related works 

The study examined the condition-tracking system of 

power transfer and transforming devices were using 

panoramic information, and the data model was introduced 

into the power transfer IoT and transforming devices [8]. 

Simulation software was utilized to validate the efficacy 

and precision of the proposed structure, demonstrating its 

superiority over the conventional structure. The network 

safety of the power transferring structure was utilized and 

tends to build the fundamental model of power grid 

condition awareness [9]. It subsequently presented the 

fundamental architecture of the panoramic condition 

awareness technologies of the smart grid functioning state, 

which includes recognizing conditions, understanding 

conditions, and forecasting conditions.  It is significant to 

develop a comprehensive condition monitoring system for 

smart grid operating status using a variety of technologies 

that could help decision-makers create well-informed 

decisions by accurately predicting the maximum risk 

assault path that the system might experience.  

The panoramic condition monitoring strategy for typical 

environment applications was presented using an optical 

fiber composite power connection [10]. The proposed 

surveillance system plan facilitated the construction of the 

intelligent surveillance architecture for the modern power 

system and improved the functioning and servicing of 

electricity transmission lines. The researchers developed 

automated power transfer tower recognition by employing 

a modern deep learning system [11]. Compared to other 

methods, their method was more appropriate for 

application in power grid disaster investigation because it 

could consider both accuracy and speed. A miniature 

multirotor unmanned aerial vehicle (UAV) utilized for 

power grid inspection was established in the research [12]. 

The proposed solution incorporated mobile network 

communications and a smart robot. It offered benefits for 

power grid monitoring that were both effective and 

feasible, and it could be promoted and used. They 

examined reactive visualization approaches for multiple 

devices and Geographic information system (GIS)-based 

grid panoramic visualizing display techniques in 

the research [13]. Employing clustering techniques, the 

evaluations improved both the GIS rendering and the 

visualization components, hence increasing the 

visualization performance. 

The study presented a Power system state estimation 

(PSSE) based on real-time data using a deep ensemble 

learning method [14]. The outcomes demonstrated that the 

proposed strategy performed better than the data-driven 

PSSE approaches. The study proposed an adaptive fault 

identification system and approach using GIS maps and 

IoT [15]. The procedure of panoramic presentation and 

reaction optimization that utilized GIS, as well as the phase 

of automatic defect detection and data evaluation based on 

IoT sensor information, were the main components of the 

technique. It increased productivity and offered a 

dependable and practical approach for smart address 

location and evaluation in power grid design. To improve 

power maintenance and operation, the study developed a 

set of servicing mechanisms for electrical devices using 

big data analytic technologies [16]. Big data utilization in 

electrical device maintenance and operation control leads 

to increased social and economic advantages as well as 

higher brand impact and better service for power supply 

companies. Table 1 presents the related works. 
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Table 1: Related works 

Study Method Dataset Key Results Gaps in SOTA 

[8] Power Transfer 

and Transforming 

Devices 

Monitoring 

Panoramic information 

introduced into IoT-

enabled power transfer 

and transforming 

devices 

Simulated power 

transfer systems 

Demonstrated 

superior efficacy and 

precision over 

conventional 

structures 

No consideration of 

dynamic learning 

models or real-time 

condition updates 

[9] Network 

Safety for Power 

Grid Condition 

Awareness 

Power grid condition 

awareness model using 

fundamental panoramic 

condition architecture 

Power grid 

condition data 

Effective in 

recognizing, 

understanding, and 

forecasting grid 

conditions 

Lacked integration of 

deep learning for 

enhanced predictive 

capabilities 

[10] Optical Fiber-

Based Power 

Connection 

Monitoring 

Panoramic monitoring 

for typical 

environments using 

optical fiber 

connections 

Optical fiber 

communication 

data 

Improved power 

transmission 

monitoring and line 

maintenance 

Limited application 

to specific 

environments and not 

scalable for diverse 

grid systems 

[11] Deep 

Learning for 

Power Transfer 

Tower 

Recognition 

Automated tower 

recognition using 

modern deep-learning 

techniques 

Image data of 

power transfer 

towers 

Suitable for disaster 

investigation due to 

high accuracy and 

speed 

Did not address 

complex, evolving 

grid conditions in real 

time 

[12] UAV for 

Power Grid 

Inspection 

Unmanned Aerial 

Vehicle (UAV) with 

mobile network and 

smart robot 

communication 

UAV flight data 

and power grid 

inspection data 

Effective and 

feasible for grid 

inspection with high 

mobility 

Limited scalability in 

large grid networks 

with frequent updates 

[13] GIS-based 

Grid Panoramic 

Visualization 

Reactive visualization 

and GIS-based 

visualization techniques 

for grid monitoring 

GIS data and 

power grid sensor 

data 

Improved GIS 

rendering and 

visualization 

performance using 

clustering 

Lack of advanced 

predictive analytics 

or integration with AI 

[14] PSSE Using 

Deep Ensemble 

Learning 

Power system state 

estimation with real-

time data using deep 

ensemble learning 

Real-time power 

system data 

Outperformed 

traditional PSSE 

methods in accuracy 

and speed 

Not optimized for 

large-scale, dynamic 

grids requiring 

adaptive updates 

[15] Adaptive 

Fault 

Identification with 

GIS and IoT 

Fault identification and 

reaction optimization 

using GIS and IoT 

sensor data 

GIS data and IoT 

sensor data 

Increased 

productivity and 

offered reliable fault 

detection 

Did not incorporate 

panoramic 

monitoring 

techniques or 

advanced learning 

algorithms 

[16] Big Data for 

Electrical Device 

Maintenance 

Big data analytics for 

improving power 

maintenance and 

operation 

Big data from 

electrical devices 

Increased social and 

economic advantages 

and improved service 

No integration of 

deep learning or 

dynamic condition 

monitoring 
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3 Methodology 

3.1 Data collection 

This study was able to get 1495 images showing 

equipment faults. The internal components of the 

substation equipment were analyzed, and the results 

showed that the equipment could be classified into 

3 categories (power cable, distribution equipment, and 

transformer), 18 components (insulator, bus, relay, etc.), 

14 varieties of faults (oil leakage, burning, abnormal 

indication, screw loosening, crack damage, rust, silica gel 

discoloration, falling, etc.), and relevant measures and 

recommendations. After that, duplicate, unclear, and 

inconsistent images are manually filtered out of the 

gathered image data. Following screening, 896 excellent 

images are chosen to make up the first image set. These 

images are then similarly processed to have a resolution of 

416 × 416 pixels. 

3.2 Pre-Processed using histogram 

equalization 

Through the redistribution of intensity values throughout 

the image, an approach known as histogram equalization 

is applied in image processing to enhance the general 

quality and contrast of the image. An image's dark and 

light areas may not have the best contrast, making features 

difficult to identify. Brighter parts become brighter and 

darker areas become darker as a result of histogram 

equalization spreading out the intensity levels. 

When the intensity levels in a digital image fall 

inside range [0, 𝐾 − 1], the histogram becomes a discrete 

function 𝑔(𝑞𝑙) = 𝑚𝑙 , where 𝐾  represents the number of 

the level, 𝑞𝑙  is the 𝑙𝑡ℎ  intensity value, and 𝑚𝑙 

represents the number of pixels in the image with intensity 

𝑞𝑙. A popular method for standardizing a histogram is to 

divide all of its fundamentals by the total amount of pixels 

in the image, symbolized by 𝑁 × 𝑀 , where 𝑁 𝑎𝑛𝑑 𝑀 

represent the image's column and row dimensions. We can 

obtain a normalized histogram using the Equation (1), 

𝑜(𝑞𝑙) =
𝑚𝑙

𝑁𝑀
𝑓𝑜𝑟 𝑙 = 0,1,2, … 𝐾 − 1                     (1) 

Where 𝑜(𝑞𝑙)  represents an approximation of the 

possibility that an image will include intensity level 𝑞𝑙 , 

which is shown in Equation (2). 

∑ 𝑜(𝑞𝑙) = 1𝐾−1
𝑙=1                                                     (2) 

 Let 𝑞  represent the intensities of an image while 

considering the constant intensity values. 𝑞 appears to be 

within range [0, 𝐾 − 1] . The focus is directed towards 

transformations, or intensity mappings, of the type 𝑡 =

𝑆(𝑞) where 0 ≤ 𝑞 ≤ (𝐾 − 1)generates an output intensity 

level 𝑡 for each pixel in the input image given intensity. 

3.3 DBH-DCGAN 

An improved technique known as the DBH-DCGAN is a 

procedure for changing the panoramic tracking capabilities 

of power equipment in power systems. Developed from 

power system design and deep learning, the overview of a 

new method for monitoring and assessing power 

equipment tries to achieve higher accuracy and efficiency 

that has never existed before. DBH is employed to enhance 

the deep convolutional neural network structure by 

allowing the DBH-DCGAN. By integrating these two 

methods, the network can obtain high-quality images of 

the panoramic environment of power equipment faster, 

thereby improving the amount of monitoring and detailed 

evaluation. 

The integration of DBH with DCGAN has several 

modifications: The DBH parameters are fine-tuned for 

each iteration, where several parameters like gravitational 

and black hole parameters are fine-tuned to optimally 

balance between exploration of solutions and exploitation 

of good solutions. This enables the network to escape from 

the local minima and achieve a global optimum. DBH is 

incorporated into the DCGAN structure to fine-tune the 

generator and discriminator networks, adjusting the weight 

of the networks in response to the generation of high-

quality panoramic images and the identification of the 

anomalies present in the generated images. Although 

DBH-DCGAN is computationally expensive because of 

the real-time processing and iterative learning, real-time 

monitoring and early warning of possible problems justify 

its computational overhead, while dynamic optimization 

makes it capable of real-time monitoring of power 

equipment. 

The method also helps in giving the right degree of 

accuracy when determining power equipment errors, 

problems, or even probable threats because of the learning 

capability of the method to look at certain trends and 

characteristics from a large data set. Consequently, the 

real-time assessment of the panoramic images indicates 

that the DBH-DCGAN can distinguish between the 

anomalies and the errors from the normal state. This 

enables it to offer warnings and in addition more 

recommendations on what can be done to prevent a 

breakdown. Additionally, incorporating dynamic 

optimization into the training process of the black hole will 

augment the functionality and performance of the network 

that is being trained as the parameters are being adjusted 

in training sessions. For instance, DBH-DCGAN can 

capture information from all the relevant information 

sources and adjust settings based on new conditions in the 

power system environment for this type of flexible 

optimization solution. 
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3.3.1 Deep convolutional generative adversarial 

network (DCGAN) 

The Deep Convolutional Generative Adversarial Network 

(DCGAN) generates high-resolution images of power 

equipment faults. By training a generator and 

discriminator together, DCGAN improves anomaly 

detection and equipment monitoring, providing detailed 

and accurate insights into potential issues and fault 

conditions. 

A system known as the DCGAN forms the foundation for 

the unsupervised learning portion of the analyzed model. 

DCGAN comprises two elements, the generator, and 

discriminator, which undergo training over each other in a 

minimax setting. The generator gains the ability to 

translate random distribution samples into output vectors 

of a given structure. An actual sample from a set of data or 

a generator output is the two inputs that the discriminator 

receives. The discriminator gains the ability to distinguish 

between created and real input. 

A cross-entropy loss coefficient based on the number of 

inputs successfully identified as produced and the number 

properly categorized as real is used by the discriminator 

during training. The definition of the cross-entropy loss 

between forecasts 𝑧̂ and true labels 𝑧 is shown in Equation 

(3), 

ℒ(𝑥) = −
1

𝑀
∑ [𝑧𝑚 log 𝑧̂𝑚 + (1 − 𝑧𝑚) log(1 − 𝑧̂𝑚)] 𝑀

𝑚=1                                                                       

(3) 

Were,  

𝑀 - Number of samples, and  

𝑥 - Learned vector of weights.  

Labels are expressed numerically in this computation as 1 

for real and 0 for established. Next, the cross entropy for 

accurate actual forecasts reduces when 𝑧̂𝑞  represents the 

discriminator's forecasts for all actual inputs as shown in 

Equation (4).  

ℒ𝑞(𝑥) = −
1

𝑀
∑ log 𝑧̂𝑞,𝑚

𝑀
𝑚=1                                    (4) 

Since all of the correct forecasts in this instance are ones, 

likewise, if 𝑧̂ℎ stands for the discriminator's forecasts for 

every produced input, then the cross entropy for accurate 

forecasts of generated outputs reduces to Equation (5), 

ℒ𝑒(𝑥) = −
1

𝑀
∑ log(1 − 𝑧̂ℎ,𝑚)𝑀

𝑚=1                       (5) 

Therefore, all zeros are the right forecasts in this particular 

instance. The discriminator's overall loss is determined by 

adding the prior two terms ℒ𝑐 = ℒ𝑞 + ℒ𝑒. The generator 

similarly makes use of a cross-entropy loss, but this loss is 

expressed as the number of created outputs that were 

mistakenly identified as real as shown in Equation (6). 

ℒℎ(𝑥) = −
1

𝑀
∑ log (𝑧̂ℎ,𝑚)𝑀

𝑚=1                             (6) 

As a result, the generator's loss decreases with increasing 

ability to generate outputs that the discriminator perceives 

as real. After adequate training phases, this causes the 

generator to finally create outputs. 

3.3.2 Dynamic Black Hole Algorithm (DBH) 

The Dynamic Black Hole (DBH) algorithm enhances the 

monitoring of power equipment by optimizing parameters 

iteratively. It balances exploration and exploitation to 

improve the network's ability to escape local minima and 

accurately detect anomalies in real-time equipment data. 

The DBH's primary stages were as follows,  

i) Development of the initial population 

The initial population of the black hole method, which was 

extensively utilized in adaptive algorithms, was generated 

at random. However, the computation results were affected 

by the possibility of assembling a large number of initial 

candidate solutions (CSs) in a small local space while 

utilizing this strategy. Consequently, several strategies for 

building a quality initial population have been proposed. 

In this research, the Small Region Creation Method 

(SRCM) was one of the strategies employed to generate an 

appropriate initial population. Using this strategy, the 

search range was initially consistently separated into 

several small zones equal to the size of the population. 

Subsequently, in every small location, a single original CS 

was generated at random. Consequently, the initial CSs 

might be dispersed equally over the search space utilizing 

the SRCM. 

ii) The black hole algorithm included certain steps, such as 

those responsible for black hole choice, the motion of 

a star, star substitution, and black hole updating. 

iii) Procedure for selection. 

Enhanced random competition, with variable 
𝑚

2
, is an 

instance of an improved stochastic competition framework 

used for the selection process. This operation's 

fundamental steps are listed below, 

It was believed that the population that occurred before the 

black hole updating process was the parent population, and 

that a new population was the offspring population. A 

union population was created by combining the parent and 

offspring populations. From the combined population the 

CSs whose total number of 
𝑚

2
 was chosen. The fitness 

values (FVs) of each CS 𝑤  in the combined population 

were contrasted to those of the chosen CSs and the total 
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amount of CSs whose FVs were higher than those of CS 𝑤 

was the CS (𝑤(𝑤. 𝑠𝑐𝑜𝑟𝑒)). 

To modify a CS's score, a thickness measure of a certain 

kind might be included based on the restraining and 

stimulative response in an artificial immune mechanism. A 

CS's premature character was apparent if its thickness was 

large. Therefore, it is necessary to constrain a CS with a 

high thickness and increase the selection probability of a 

CS with significant fitness. The score of a CS was 

increased by the change depending on the CS's fitness and 

thickness, which was explained in Equation (7) as follows, 

𝑤′. 𝑠𝑐𝑜𝑟𝑒 = 𝑤. 𝑠𝑐𝑜𝑟𝑒 − 0.5. 𝐷. (1 −
𝑒(𝑤)

𝑒𝑚𝑎𝑥
) . 𝑤. 𝑠𝑐𝑜𝑟𝑒 +

0.5.
𝑒(𝑤)

𝑒𝑚𝑎𝑥
. 𝑤. 𝑠𝑐𝑜𝑟𝑒                   (7) 

Where 𝐷 represented the thickness of a CS, which was the 

combined population as a whole divided by the number of 

people whose fitness was nearly identical to that of 

individual 𝑤.It was stated in the following Equation (8), 

𝐷 =
(0.9.𝑒(𝑤)→1.1.𝑒(𝑤)

𝑀
                                            (8) 

Where 𝑀 represents the union's entire population, 𝑒(𝑤) is 

the FV of a potential solution𝑤, and 𝑒𝑚𝑎𝑥 is the maximum 

FV of the union's population. The numerator was the sum 

of all the individuals whose fitness falls within 

0.9∗𝑒(𝑤) 𝑎𝑛𝑑 1.1∗𝑒(𝑤). The CSs in the union population 

were sorted in descending order based on the scores of 

every CS; the first half was chosen for the subsequent 

iteration. 

iv) Termination criteria. 

Similar to the black hole algorithm, this process was 

carried out. 

4 Result  

Our proposed DBH-DCGAN approach was implemented 

on a Python 3.10 platform using an Intel i5 5th Gen laptop 

running Windows 11. This demonstrates the approach’s 

feasibility on moderately powered hardware, highlighting 

its potential scalability and adaptability to more resource-

constrained environments commonly found in real-world 

monitoring systems. We evaluate the performance of our 

proposed approach here by contrasting it with 

conventional approaches, including multi-scale dynamic 

graph convolutional network (D-GCN) attention [17], 

class-specific residual attention (CSRA) [17], and -Driven 

Dynamic Graph Convolutional Network (ADD-GCN) 

[17]. 

The precise nature of the data gathered, which guarantees 

an accurate understanding of the operation of the 

equipment, is referred to as accuracy. Loss is the measure 

of the difference between anticipated and actual values, 

which indicates ineffectiveness in the entire structure. This 

technology helps with preventive maintenance, which 

lowers delay and improves overall system dependability in 

the ever-changing world of contemporary power systems 

by decreasing loss and enhancing accuracy. Figure 1 

displays the output of accuracy and loss. 

 

Figure 1: Output of a) accuracy and b) loss 

The confusion matrix indicates the performance of the 

binary classification model as illustrated in the following 

Figure 2. It compares true labels (vertical axis) with 

predicted labels (horizontal axis) across four classes: The 

scale is made up of Normal, Slightly Abnormal, 

Moderately Abnormal and Severely Abnormal, with the 

values ranging from 3 to 10 and the darker shades of blue 

corresponding to higher qualities. For instance, the model 

successfully identified 10 instances of a specific class 

while at the same time, classified 6 instances of that class 

to another class. This tool can be used to assess the model's 

diagnostic accuracy and reliability and stresses that the 

model's performance in discriminating between various 

degrees of abnormality needs improvement. 

 

Figure 2: Confusion matrix 

ROC curve evaluates the performance of a binary classifier 

in the context of our study. The curve plots True Positive 

Rate against False Positive Rate across different 

thresholds. The orange line represents the ROC curve, 

while the blue dashed line signifies random chance. With 

an Area Under the Curve (AUC) of 0.97, the model 

exhibits exceptional accuracy. This visualization is crucial 
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for assessing the model's effectiveness in distinguishing 

between different fault conditions and equipment 

categories in our monitoring system. 

 

Figure 3: Result of ROC curve 

Figure 4 presents the outcomes of the DBH-DCGAN 

method employed to estimate the health of the 

power equipment state. The mean precision is utilized to 

quantify the evaluations of four different equipment health 

conditions. Our proposed DBH-DCGAN method has a 

mean precision of health of 96.42%, and slightly abnormal 

values of 89.49%, whereas moderately abnormal and 

severely abnormal have results of 90.34% and 95.31%, 

respectively.   

 

Figure 4: Evaluation outcomes of DBH-DCGAN 

technique for four states 

The F1-score measures efficacy by balancing recall and 

precision. It assesses the model's capacity to accurately 

recognize abnormalities in power equipment tracking, 

providing an extensive evaluation of its efficacy in 

practical situations. The F1-score of the proposed DBH-

DCGAN method is 96.3%, surpassing the F1-scores of the 

traditional ADD-GCN, CSRA, and Multi-scale D-GCN 

procedures, which are 81.1%, 80.3%, and 81.9%, as 

displayed in Figure 5. 

 

Figure 5: Result of F1-score 

The recall evaluates the system’s capacity to accurately 

recognize every pertinent occurrence of power equipment 

faults compared to the total number of actual problems to 

reduce missed detections and improve monitoring 

accuracy in the changing power system environment. With 

a recall rate of 95.4%, the proposed DBH-DCGAN 

strategy outperforms the traditional ADD-GCN, CSRA, 

and multi-scale D-GCN methods, which have recall rates 

of 78.9%, 75.8%, and 79.2%, correspondingly as shown in 

Figure 6. 

 

Figure 6: Output of recall 

The precision evaluates the power equipment defects that 

are found and diagnosed, guaranteeing dependable and 

effective operation.  
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This measures the efficiency of the system and how well it 

is identifying and analyzing the abnormalities, reducing 

delay. In comparison to the existing methods including the 

ADD-GCN, CSRA, and Multi-scale D-GCN whose 

precision values are 83.3%, 85.3%, and 84.9% and the 

precisions of the proposed DBH-DCGAN approach are 

94.2%, is shown in Figure 7. Table 2 shows the result of 

precision, recall, and F1-score. 

 

Figure 7: Result of precision 

Table 2: Result of precision, recall, and F1-score 

Methods F1-

score  

Precision  Recall 

CSRA 80.3% 85.3% 75.8% 

ADD-GCN 81.1% 83.3% 78.9% 

Multi-scale D-

GCN 

81.9% 84.9% 79.2% 

DBH-DCGAN 

[Proposed] 

96.3% 94.2% 95.4% 

 

4.1 Discussion 

CSRA [15] may be effective but they are not easily 

guaranteed to be understandable which makes it 

challenging for one to understand how a specific model 

arrived at a particular decision. This is important because 

interpretability is usually required for decision-making in 

a setting such as power equipment monitoring. ADD-GCN 

[16] may experience the greatest challenge when exposed 

to rapidly changing structures of the network or settings 

within the power system. It could be challenging to 

identify and respond to changes in the network topology. 

Since there are strong interdependencies between 

characteristics in several dimensions, the multi-scale D-

GCN [17] may be challenging to interpret. This means that 

there might be some challenges in identifying how data 

passes through the network and how all the factors affect 

the decision-making process, therefore making the 

monitoring system complex to understand. In contrast, 

DBH-DCGAN offers a promising alternative by 

addressing these challenges. The DBH-DCGAN model is 

designed to enhance the monitoring of power equipment 

by providing improved interpretability and adaptability. Its 

architecture is tailored to handle dynamic network 

structures more effectively, ensuring better performance in 

varying conditions. Additionally, the model's design 

simplifies the decision-making process, making it more 

accessible and understandable.  

5 Conclusion 

Specifically, the new environment of energy is based on 

the instant transition to distributed networks and 

renewable sources, whereas accurate monitoring 

technology constitutes a critical necessity. In this research, 

a novel approach based on a DBH-DCGAN is proposed 

for monitoring power equipment. We gathered the 

panoramic equipment image dataset. For training and 

inference, DBH-DCGAN frequently needs a large amount 

of computer power. The proposed method's efficiency is 

measured in terms of recall (95.4%), precision (94.2%), 

and F1-score (96.3%). It may be difficult to implement 

such models in continuous monitoring systems due to 

resource limits and computing efficiency, particularly in 

situations with limited resources. Future enhancements in 

effective training and implementation methodologies are 

essential. Handling computational limits will allow for 

simple incorporation into continuous monitoring systems, 

which is critical for applications that require limited 

resources. 
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The extraction and recognition of vocal melodies from music data is an intricate but necessary step in 

digitized music technology. Efficient preprocessing methods are essential for precise musical signal 

evaluation and processing. Conventional techniques for automating this task include Convolutional 

Recurrent Neural Network-Conditional Random Field (CRNN-CRF), Non-Harmonic Adaptive Network-

Global Average Filtering (NHAN-GAF), and Frequency-Aware Multi-Objective Regression (FA-MOR), 

but they have constraints like lower accuracy and higher false alarm rates. These techniques frequently 

fail to sustain high precision in differentiating vocal melodies, resulting in suboptimal efficiency. 

Objectives: To tackle these drawbacks, the Quadratic Fluctuation Equation (QFE) is proposed as an 

innovative technique for automatically extracting vocal melodies. Methods: The QFE technique uses a 

Wiener filter and a penalized procedure to generate a dual-objective metric that efficiently manages 

phase discrepancies and reduces errors in inversion operations. This technique is especially good at 

compensating for problems like cyclical jumps in the frequency domain, which are common pitfalls in 

conventional techniques. Comprehensive computational experiments were carried out on a dataset of 373 

ancient Chinese instrumental music pieces. The dataset, which included spectrograms from 17 various 

instruments, presented a solid foundation for assessing the effectiveness of the Quadratic Fluctuation 

Equation. Results: Experimental findings show that the Quadratic Fluctuation Equation surpasses 

previous approaches with an accuracy of 98%, which is an important advancement over modern 

techniques. The Quadratic Fluctuation Equation also performed well in terms of voice recall value, false 

alarm ratio, raw pitch precision, and raw chroma level. Conclusion: Overall, the Quadratic Fluctuation 

Equation technique is a robust solution for extracting and discriminating vocal melodies, with higher 

accuracy and dependability than previous methods. The findings highlight the capacity of the Quadratic 

Fluctuation Equation to advance the area of digitized music evaluation and signal processing. 

Povzetek:Razvita je enačba kvadratnih fluktuacij (QFE) za ekstrakcijo vokalnih melodij, ki presega 

tradicionalne metode, zmanjšuje fazne neskladnosti in napake ter izboljšuje digitalno obdelavo glasbenih 

signalov. 

 

1 Introduction 

Melody extraction is the collection of frequency 

components reflecting the dominant melodic line of a 

polyphony musical. This is a top goal in the field of music 

information retrieval MIR, with applications including 

humming-based inquiries, cover song recognition, and 

sing voice splitting [1]. This method is extremely 

challenging for two main reasons: First, in polyphonic 

music, it is typical for numerous instruments and singing 

voices to be performed simultaneously and jumbled by the 

harmonic structure, which makes it difficult to distinguish 

and identify F0 readings for particular devices. Next, while 

it's true that F0 values can be accurately detected, it 

remains laborious to assess if they belong to the leading 

melody [2]. Users need an appliance that not only meets 

their natural inclination to listen to and identify music, but 

also facilitates the discovery of new music, but also 

improves the feedback and retrieval impact. Extraction of 

the main melody and estimate of many pitches are major 

subjects in the field of music information retrieval. Main 

melody extraction frequently known as "melody 

extraction", the computer mechanically extracts melodies 

analyzing the audio content of a piece of music and 

extracting the song's main melody [3]. The principal 

melody is the basis of the song and is the foundation for a 

variety of applications, including song score recognition, 

pitch analyses, and musical topic assessment. Depending 

on the number of simultaneous sound sources, music can 

be categorized as either monophonic or polyphonic from 

the standpoint of music signal processing [4]. Singing 

melody extraction has been a hot topic in the music 

information retrieval field because of its many downstream 

applications, including music retrieval, cover song 

https://doi.org/10.31449/inf.v49i8.
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recognition, and music transcribing. The harmonic 

components of the polyphonic audio have a complicated 

pattern [5]. A possible method for identifying cover 

versions is to isolate the primary melody, and 

accompaniment, and search for both components 

separately. In addition to its usage in identifying cover 

versions, primary melody extraction has a wide range of 

other musical applications. Several basic elements and 

associated harmonics compose a polyphonic music signal 

[6]. It extracts the meanings and qualities of objects 

directly from voice data and then searches a vast library of 

voice data for voice data with similar attributes. Melody-

based music recovery includes humming-based song 

recovery as a subcategory [7]. Fundamental frequency (f0) 

is defined as the rate of vocal fold vibrations during song 

or speech production. Although it is true that while both 

speech and music are created by comparable vocal 

assembling, they are radically different in terms of both 

production and perception. Although discourse provides a 

language-driven message, music transmits both songs and 

verses. Moreover, the effect of source-channel link 

miracles is more notable in music than in speech, 

according to vocalists who produce regulated variations in 

f0 by rapidly adjusting the posture of the throat in response 

to perceptual inputs. Therefore, speakers are often less 

concerned about the variations in f0. Moreover, the f0 zone 

is larger and the individual sound units last longer in a 

melody than in speech [8]. 

A Joint detection and categorization (JDC) system that 

concurrently detects singing voices and calculates pitch, 

the JDC system is made up of a primary system that 

forecasts the pitch curves of the vocal melody and a 

supporting system that aids in voice identification. 

Constructed using a convoluted recurrent neural network 

with remnant links, the main network involves predicting 

pitch labels that cover the vocal range, in addition to non-

voice status [9]. A unique approach for separating singing 

voices combines the benefits of the original extract method 

with the deep neural network (DNN). They utilize DNN's 

excellent feature extraction capability to retrieve the 

fundamental frequency of singing music, and then they use 

the non-negative Network Equations method and the 

normal vocal resonant concept to create smooth masking 

for the finished isolated audio [10]. Automated text-to-

music harmonization lines up the rhymes with the 

combined singing audio (performing voice with music 

playing). An automated speech detection algorithm can 

accomplish this synchronization [11]. The goal of this 

study is to evaluate the effectiveness of guided percussive 

vocal training vs linguistic treatment in improving 

communicative effectiveness [12]. Vocal treatment, often 

provided by a Speech Language Pathologist (SLP-V) via 

telemedicine, is indeed the usual. Despite this "black box" 

representation, there are several well-established medical 

therapies that have commonly prescribed objectives and 

clinical aims yet show signs of subpar performance. 

Several European singers and voice coaches use the 

Comprehensive Voice Training (CVT) [13]. "Global 

Voice Prevention and Treatment Model 

(GVPTM)" therapeutic conditions have been evaluated 

[14] using voice health academic instructors in both in-

person and telepractice settings. Throughout the 

presentations, surface electromyography (sEMG) was 

utilized to assess the muscle strength associated with 

breathing and position. Position differences in phonatory 

muscles sEMG activation and aerodynamics voice 

characteristics have been examined utilizing the 

multivariate Kruskal-Wallis test[15]. One way to evaluate 

the quality of a musician's performance is via the 

application of a spatial detection method utilizing sensor 

data. Based on the unique qualities of each vocal line, they 

use the adaptable cascading retrieving control system to 

track down and extract their achievements. Mined voice 

audio streams are attributed using a sensor's spatially 

localization technique and a large database of high-quality 

vocals. To match the extracted voice with the writing, a 

typical method uses Dynamic Time stretching to maximize 

mutual information. To find the best text-to-voice 

orientation, a new method called Connectionist Temporal 

Classification (CTC) has been presented. Even though this 

method yields remarkable results, it can only be used with 

very short files since the storage cost of the optimal 

orientation searching maintains a linear input length [17]. 

The evaluation of vocal music instruction for performers 

is affected by several things. The score results of 

evaluators are heavily impacted by subjective 

considerations. The Back Propagation Neural Network 

(BPNN) is a revolutionary technique that can replicate any 

nonlinear continuous function to a given degree of 

precision. The Back Propagation Neural Network is part of 

the widely used adaptive feedforward learning network 

[18]. 

2 Related works 

In the area of vocal melody extraction and voice training, 

different approaches have been created to address issues 

such as precision, alignment, and performance assessment. 

Conventional methods, like convolutional neural networks 

and acoustic models, have presented useful knowledge, but 

they have constraints, like low accuracy in noisy settings 

and difficulty managing polyphonic audio. This section 

provides a review of key contributions from associated 

works, concentrating on their objectives, methodologies, 

findings, and constraints to present an in-depth knowledge 

of progress and existing gaps in this area. 
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Table 1: Summary of related work in vocal melody extraction and voice training 

Reference No Objective Methodology Result Limitations 

[9] Kum & Nam, 

2019 

Joint identification 

and classification of 

singing voice 

melody. 

A convolutional 

recurrent neural 

network (CRNN) 

method with 

remaining links for 

pitch forecasting and 

voice classification. 

Enhanced 

effectiveness 

through efficient 

identification of 

singing voice and 

pitch. 

Low precision in 

noisy settings and 

difficulties with 

overlapping voices. 

[10] Durrieu et al., 

2010 

Unsupervised main 

melody extraction 

from polyphonic 

audio signals 

Deep neural 

networks are used in 

the source/filter 

model to distinguish 

between vocal 

melody and 

accompaniment. 

Precise extraction of 

the singing voice's 

basic frequency. 

Constrained 

resilience in 

complicated 

polyphonic settings; 

phase discrepancies 

cause errors. 

[11] Sharma et al., 

2019 

Automated lyrics-

to-audio alignment 

for polyphonic 

music. 

Singing-adapted 

acoustic models 

employing an 

automatic speech 

identification 

algorithm. 

Lyrics are now 

better aligned with 

singing audio. 

Accuracy problems 

in noisy settings and 

challenges in 

managing various 

audio conditions. 

[12] Jungblut et al., 

2022 

Assess the 

effectiveness of 

directed rhythmic-

melodic voice 

training for treating 

chronic non-fluent 

aphasia. 

Behavioral and 

imaging outcomes 

of directed 

rhythmic-melodic 

voice training. 

Significant 

enhancement in 

communicative 

capabilities of 

patients with non-

fluent aphasia. 

Constrained 

applicability to other 

kinds of voice 

disorders or 

nonfluent speech 

conditions. 

[13] McGlashan et 

al., 2022 

Assess the 

effectiveness of the 

Complete Vocal 

Technique (CVT) in 

patients with muscle 

tension dysphonia 

using telehealth. 

Telehealth-

delivered CVT for 

enhancing voice and 

function 

Enhanced vocal 

function and 

excellence in 

patients 

Real-time voice 

coaching is limited 

by telehealth and a 

small sample size. 

[14] Grillo, 2021 Evaluate the Global 

Voice Prevention 

and Therapy Model 

for student teachers 

through in-person 

and telepractice 

Estill Voice 

Training. 

The VoiceEvalU8 

app evaluates voice 

quality in student 

teachers in both in-

person and 

telepractice 

situations. 

Enhanced voice 

health and function 

in student teachers. 

There is constrained 

follow-up data on 

long-term voice 

health 

enhancements. 

[15] Castillo-

Allendes et al., 2022 

Investigate muscle 

activity and 

aerodynamic voice 

modifications at 

Surface 

electromyography 

(sEMG) is used to 

assess phonatory 

Discovered posture-

related 

modifications in 

voice muscle 

A pilot study with a 

small sample size 

and the requirement 
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various body 

postures. 

muscle activity 

across various 

postures. 

activity and 

aerodynamics. 

for more various 

postures. 

[16] Hongtao & Li, 

2022 

Assess the accuracy 

of vocal art 

efficiency using 

sensor space 

localization. 

Monitor vocal 

performance using a 

sensor space 

localization 

technique. 

Correct assessment 

of vocal efficiency 

in terms of spatial 

positioning. 

Constrained 

adaptability to 

multiple vocal 

genres and 

efficiency settings. 

[17] Doras et al., 

2023 

Text-to-voice 

alignment for 

lengthy audio 

recordings. 

Linear Memory 

Connectionist 

Temporal 

Classification 

(CTC) for text-to-

speech alignment 

Attained precise 

text-to-voice 

alignment for 

lengthy recordings. 

Storage expenses 

and constraints in 

processing 

extremely long files 

[18] Cao, 2022 Assess vocal music 

teaching utilizing 

Backpropagation 

Neural Network 

(BPNN). 

BPNN evaluation of 

nonlinear functions 

for vocal music 

instruction. 

Enhanced 

assessment of vocal 

music instruction 

Subjective bias in 

evaluator scoring 

influences the 

findings. 

The studies reviewed demonstrate significant advances in 

vocal melody extraction, alignment, and voice training, 

with multiple methods improving efficiency in particular 

circumstances. However, typical difficulties, such as 

managing complicated polyphonic audio, noise sensitivity, 

and subjective biases in assessment, persist across these 

techniques. These constraints highlight the ongoing 

necessity for more flexible and resilient solutions to these 

problems. The presented QFE technique closes these gaps 

by establishing a more efficient way to handle phase 

discrepancies, decrease false alarms, and enhance the 

overall accuracy of vocal melody extraction. 

3 Materials and method 

As previously stated, the main objective of our research is 

the extraction and discrimination of musical signals. The 

procedure of extracting music characteristics is the major 

emphasis of this part. For this study, the Chinese dataset 

was utilized. Preprocessing is done by using a pre-

emphasis filter. The research flow is depicted in Figure 1. 

 

Figure 1: Research flow 
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3.1 Data set 

A comprehensive dataset was created, comprising 373 

instrumental music pieces in spectrogram form. These 

pieces showcase 17 various kinds of instrumentation, 

executed by over 60 musicians. The main objective of 

creating this dataset was to compile a large collection of 

ancient Chinese music to study vocal melody extraction. 

The music was primarily sourced from professional 

compact discs (CDs), which were selected for their 

superior recording excellence and efficiency. Professional 

CDs were chosen over other sources of music audio for 

multiple factors: they frequently show better sound quality 

as a result of modern recording techniques utilized in 

commercial studios, and getting such a huge volume of 

excellent data on their own would be prohibitively costly. 

The Short-Time Fourier Transform was used to convert 

each music piece in the dataset into a spectrogram, which 

is a visual representation of frequencies over time. This 

method guarantees that each audio sample is precisely 

represented in terms of its frequency elements, which are 

critical for the subsequent evaluation [19]. 

3.2 Preprocessing of vocal melody using pre-

emphasis filter 

A pre-emphasis filter was used during the preprocessing of 

vocal melodies, which is an important step in enhancing 

signal quality. This filter tackles the problem where higher 

frequency elements of an audio signal appear less 

prominent than lower frequency elements. A pre-emphasis 

filter boosts the magnitudes of higher frequencies, thereby 

balancing the frequency range and improving the total 

signal-to-noise ratio (SNR). This procedure aids in the 

resolution of numerical problems that may arise during the 

computation of the Fourier transform. Particularly, the pre-

emphasis filter compensates for a 6 dB/octave reduction in 

signal strength above 8 kHz, preserving high-frequency 

details. Furthermore, the pre-emphasis step aids in the 

elimination of any DC-level shifts that may influence the 

accuracy of the signal representation. The audio signal is 

divided into frames utilizing the window technique, with 

each frame ranging from 33 to 100 frames per second. The 

frame length and displacement are adjusted to guarantee 

seamless changes between successive frames, with the 

displacement typically set to one-third of the frame length. 

This careful preprocessing guarantees that the audio 

signal's features are precisely recorded and evaluated for 

future steps in the study. 

Concerning reproducibility, the dataset is not presently 

accessible to the public. Further attempts will be made to 

present accessibility to the dataset to assist reproducibility 

and future study in this field. 

 

3.3 Automatic extraction and discrimination 

using quadratic fluctuation equation (QFE) 

The music signal concept is made up of three functions: 

glottal activation function, vocal cords modulating 

function, and mouth radiated function. These functions are 

based on the features of the vocal cords modeling of the 

music signal. Equation 1 illustrates how these three 

functions are connected in sequence to create the music 

signal creation mechanism.  

𝑇(𝑧) = 𝐺(𝑧)𝑉(𝑧)𝑀(𝑧)                                        (1) 

Lossless sound channels and formant simulations are 

popular representations of the vocal cords. The vocal cords 

oscillation, which happens in specific frequency ranges, 

has an impact on the activation wave of the audio input. 

The resonance's highest point is the maximum created by 

the contour of the spectral curve at the resonance 

wavelength. The all-pole concept of the vocal cords 

represents generic vowels, whereas the zero-pole form 

represents non-general vowels and the majority of vowels. 

Equation 2 defines the transfer characteristic formula of a 

second-order resonance. 

𝐹𝑖(𝑦) =
𝑧𝑖

1−𝑎𝑖𝑧−1−𝑏𝑖𝑦−2                                        (2) 

The formant structure of the audio stream is generated by 

obtaining several 𝐹𝑖 linear arrangements. 

𝐹(𝑦) =
𝑙𝑖𝑚

𝑁 → ∞
∏ [(1 − 𝑧𝑖) × (1 − 𝑎𝑖𝑦

−1 + 𝑏𝑖𝑦
−2)]𝑀−1

𝑖=0                                                                

(3) 

We refer to the proportion of the sound signal to the voice 

tract's yield pulse speed as the radioactive amplitude, 

neglecting the fact that the open field of the mouth is 

significantly narrower than the face total area, and we 

deduce the radioactive resistive interpretation in equation 

4 because the resonant framework of the sound signal is an 

articulation in the type of all poles. 

𝑦𝐿(Ω) = 𝑗𝑀𝑟𝑄𝑟Ω × (𝑄𝑟 − 𝑗𝑀𝑟Ω)−1                 (4) 

Equation 5 specifies the goal value of the QFE inverting in 

the time dimension. 

𝐵(𝑛) = 0.5(∆𝑤)2 = 0.5(𝑤 − 𝑝)2                  (5) 

The pulse field for the current experiment is represented 

by 𝑝, the waveform field by 𝑤, and the residue by 𝜕𝑤. The 

QFE inversion's residue formula is found in equation 6. 

∆𝑤𝑖 = 𝑆𝑢𝑝{𝑝𝑖 − 𝑤𝑖}             (6) 
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A cyclical leap will happen at this point if the pitch 

discrepancy between the projected information and the 

actual data is more than half a loop. Since the original 

sample is often inaccurate when applied to real core 

samples, it is susceptible to loop hopping, which has a 

significant influence on the inversion. Depending on this, 

we suggested adding a penalty phrase to the goal function 

to limit it and prevent the cyclical leap.  

The QFE inversion is suggested as a way to reduce the 

impact of cyclical leaps on the reversal. It may be reversed 

with an inadequate beginning structure and yet provide 

outcomes that are close to perfect. The QFE inversion 

technique and theory are distinct from the conventional 

full-wave equation inverted approach. Rather than 

employing straight subtraction in this case, the filter and 

one of the data sources are convolutional before being 

utilized to deduct from the other given dataset. The 

incidence of cyclical jumps may be effectively suppressed 

by the adaptive full-wave formula inversion. 

A signal's combination with its impact signal, f(t), yields ft 

itself. The waveform field w is produced by the 

convolution of the stress value with the waveform field 

quantity d. u.d may be produced when the projected 

waveform field information and the actual waveform field 

information are highly similar. The modeled information 

is mixed with the estimated filter factors once the filter 

parameters have been computed. The phase gap between 

the modeled and actual data is steadily decreased by 

continuous repetition, and the cycle leap is effectively 

controlled. At the same time, the predicted values continue 

to become closer to the genuine data. The filter factor 

resembles or progressively transforms into a stress 

function. At this point, the discrepancy between the actual 

data and the modeled information is as small as possible, 

and a perfect inversion effect is ultimately realized. 

Upward QFE inversion is the name of this technique. The 

difference between the actual and modeled data may also 

be narrowed by repetition when the actual data is mixed 

with the filter factors and contrasted with them. This 

technique is known as the eventual responsive 

QFE inversion. By using these vocals main melodies are 

extracted and discriminated. Algorithm 1 demonstrates the 

suggested Quadratic Fluctuation Equation (QFE) 

algorithm. 

Algorithm 1: Quadratic Fluctuation Equation (QFE) Algorithm 

Input : Spectrogram of Music: Audio frequency time representation. 

Pre-processed Signal: Audio signal processed with a pre-emphasis filter. 

Filter Parameters: Values utilized to equalize frequency and optimize SNR. 

Output : Extracted Vocal Melody: Isolated melody from the music. 

Modeled Data: Predicted melody values. 

Inversion Results: Adjusted the result of the QFE inversion procedure. 

Step 1 : Prepare Data: Transform audio to spectrogram and use pre-emphasis filtering. 

Step 2 : Model Functions: Define glottal activation, vocal cord modulation, and mouth-radiated functions. 

Step 3 : Simulate Vocal Cords: Utilize formant simulations to model vocal resonance. 

Step 4 : Generate Formant Structure: Obtain linear configurations for the formant structure. 

Step 5 : Compute Amplitude: Calculate the ratio between sound signal and vocal tract pulse speed. 

Step 6 : Apply QFE: Utilize QFE to model and invert the vocal signal, and manage cyclical jumps with a 

penalty term. 

Step 7 : Improve Findings: Iterate to decrease the discrepancies between modeled and actual data. 

Step 8 : Extract Melody: Complete vocal melody extraction by reducing variances between real and modeled 

data. 

The Quadratic Fluctuation Equation (QFE) algorithm 

separates vocal melodies from instrumental music by 

initially converting the audio to a frequency-time 

representation known as a spectrogram and then using a 
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pre-emphasis filter to improve high-frequency elements. It 

then models the vocal signals with functions that simulate 

vocal cord vibrations and formant structures. The 

algorithm manages cyclical errors by computing amplitude 

and performing the QFE inversion technique to the data. 

Through iterative refinement, the QFE algorithm reduces 

discrepancies between forecasted and actual data, leading 

to precise extraction of the vocal melody from the music. 

4 Results 

This section demonstrates the evaluation of the quadratic 

fluctuation equation in the process of extraction of vocal 

main melodies. The performance metrics used for 

evaluation include accuracy, voice recall value, false alarm 

ratio, raw pitch precision, and raw chroma level. The 

existing techniques used for comparison are Convolutional 

Recurrent Neural Network-Conditional Random Field 

(CRNN-CRF) [20], neural harmonic-aware network with 

gated attentive fusion (NHAN-GAF) [21], and Frequency 

amplitude and multi-octave relation (FA-MOR) [22].    

4.1 Accuracy 

Accuracy is defined as the percentage of frames in the 

extraction when melodies and voices are accurately 

predicted. The accuracy of the mechanism may 

be calculated as a measure of its efficacy.  Figure 2 shows 

the accuracy of the extraction and discrimination of the 

vocal main melodies of the proposed and existing methods. 

Table 2, shows the accuracy outcomes. This demonstrates 

that the QFE offers more accurate melody extraction than 

the standard methods. 

 

Figure 2: Accuracy of the extraction of vocal melodies 

 

 

Table 2: Outcomes of accuracy 

Methods Accuracy (%) 

CRNN-CRF  65 

NHAN-GAF  86 

FA-MOR  75 

QFE [Proposed] 98 

 

4.2 Voice recall value 

The voiced frames with accurate voicing estimation from 

the voiced frames are referred to as recall. Recall is the 

capacity of a system to identify all the pertinent 

answers inside a given dataset. Figure 3 shows the voice 

recall value of the extraction and discrimination of the 

vocal main melodies of the proposed and existing methods. 

Table 3 shows the voice recall value outcomes. This shows 

that the QFE is capable of providing high recall value. 

 

Figure 3: Voice recall value of the extraction of vocal 

melodies 

Table 3: Outcomes of voice recall value 

No. of 

Datase

t 

Voice recall value (%) 

 
CRNN-

CRF  

NHAN-

GAF  

FA-

MOR  

QFE 

[Proposed] 

1 63 75 83 92 
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2 55 66 89 96 

3 63 55 75 91 

4 68 73 85 93 

5 55 66 75 97.5 

 

4.3 False alarm ratio 

Unvoiced sequences when unvoicing is incorrectly 

calculated from the unvoiced sequences are known as false 

alarm ratios. It indicates that the method's incorrect 

extraction of the vocal melody. It demonstrates that the 

QFE has a low false alarm ratio, which results in fewer 

extraction errors. Figure 4 shows the false alarm ratio of 

the extraction and discrimination of the vocal main 

melodies of the proposed and existing methods. Table 4 

shows the false alarm ratio outcomes. 

 

Figure 4: False alarm ratio of the extraction of vocal 

melodies 

Table 4: Outcomes of false alarm ratio 

Methods False alarm ratio (%) 

CRNN-CRF  73 

NHAN-GAF  92 

FA-MOR  85 

QFE [Proposed] 40 

 

 

4.4 Raw pitch precision 

The voiced frames with accurate pitch estimation from the 

voiced sequences are referred to as raw pitch precision. 

The accuracy of vocal melody predictions is measured by 

precision. It demonstrates the better raw pitch precision of 

the QFE and demonstrates its reliability in extraction. 

Figure 5 shows the raw pitch precision of the extraction 

and discrimination of the vocal main melodies of the 

proposed and existing methods. Table 5 shows the raw 

pitch precision outcomes. 

 

 

Figure 5: Raw pitch precision of the extraction of vocal 

melodies 
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Table 5: Outcomes of raw pitch precision 

No. 

of 

Dat

aset 

Raw pitch precision (%) 

 
CRNN-

CRF 

NHAN-

GAF  

FA-

MOR  

QFE 

[Proposed] 

1 55 72 87 92 

2 65 75 85 97 

3 70 85 90 98 

4 71 80 87 95 

5 65 72 83 96 

 

4.5 Raw chroma level 

The voiced frames when chromas are accurately 

approximated from the voiced frames are referred to as the 

raw chroma level. Figure 6 shows the raw chroma level of 

the extraction and discrimination of the vocal main 

melodies of the proposed and existing methods. Table 6 

shows the raw chroma level outcomes. It demonstrates that 

the QFE Raw has a greater chroma level than the other 

techniques and demonstrates the dependability of its 

extraction. 

 

Figure 6: Raw chroma level of the extraction of vocal 

melodies 

 

 

Table 6: Outcomes of raw chroma level 

Methods Raw chroma level (%) 

CRNN-CRF  48 

NHAN-GAF  75 

FA-MOR  87 

QFE [Proposed] 97 

 

5 Discussion 

The presented Quadratic Fluctuation Equation (QFE) for 

automated vocal melody extraction outperforms 

conventional techniques, as shown in Tables 1–5. When 

comparing metrics such as accuracy, voice recall value, 

false alarm ratio, raw pitch precision, and raw chroma 

level, QFE regularly outperforms other techniques. A 

deeper analysis of these findings presents knowledge of 

the causes for QFE's outstanding efficiency and shows 

potential causes of discrepancies. 

In terms of accuracy, QFE attains an outstanding 98%, 

outperforming the CRNN-CRF, NHAN-GAF, and FA-

MOR models, which achieve 65%, 86%, and 75%, 

respectively. This rise is mainly due to QFE's novel 

incorporation of a penalized method with the Wiener filter, 

that efficiently eliminates phase discrepancies and cyclical 

jumps during the inversion procedure. In contrast, 

conventional approaches such as CRNN-CRF and NHAN-

GAF lack the precision required to manage frequency-

domain variations, resulting in lower accuracy rates. 

Sophisticated preprocessing improves QFE's signal-to-

noise ratio, enabling more precise melody extraction. 

The voice recall value also demonstrates QFE's 

superiority, with scores ranging from 91% to 97.5%, as 

opposed to the fluctuating and typically lower recall values 

of CRNN-CRF (55%-68%), NHAN-GAF (55%-75%), 

and FA-MOR (75%-89%). QFE's capability to capture a 

higher proportion of true vocal melodies could be 

attributed to its quadratic fluctuation method, which excels 

at handling complicated frequency modulations 

commonly found in vocal music. Conventional techniques 

struggle to recognize these finer details, resulting in lower 

recall values. The structured dataset utilized in the QFE 

model helps to enhance efficiency by efficiently capturing 

the complexities of audio signals. 

Another important metric where QFE surpasses its 

competitors is the false alarm ratio, which is 40% lower 

than the higher rates of CRNN-CRF (73%), NHAN-GAF 

(92%), and FA-MOR (85%). QFE's sophisticated 

penalized method is likely to decrease overfitting and the 

identification of unnecessary or inaccurate melodies, 

which is an ongoing problem in conventional models. 
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Competing models' higher false alarm ratios may be 

attributed to their dependence on easier signal 

discrimination techniques, which are less efficient at 

managing noisy or overlapping frequency bands, 

particularly in datasets with complicated vocal and 

instrumental interactions. 

In terms of raw pitch precision, QFE maintains to lead with 

values ranging from 92% to 98%, while the other models 

have substantially lower precision rates: CRNN-CRF 

(55%-71%), NHAN-GAF (72%-85%), and FA-MOR 

(83%-90%). The quadratic fluctuation method in QFE is 

critical in precisely capturing pitch deviations, resulting in 

improved efficiency by decreasing cyclical jumps and 

pitch errors. Conventional models, on the other hand, are 

absent from this level of advance and frequently struggle 

to sustain high precision in pitch recognition, particularly 

on difficult datasets. The pre-emphasis filtering used 

during QFE preprocessing improves high-frequency 

resolution, which is essential for precise pitch estimation. 

Similarly, QFE surpasses other models in terms of raw 

chroma level, scoring 97%, whilst CRNN-CRF, NHAN-

GAF, and FA-MOR fall behind at 48%, 75%, and 87%, 

respectively. This suggests that QFE is better at capturing 

the harmonic structure of an audio signal, owing to its 

higher time-frequency resolution and accurate phase 

correction methods. Conventional techniques fall short in 

this regard, especially since they do not provide an 

identical level of detail when correcting and maintaining 

harmonic content. The QFE model's spectrogram-based 

dataset contributes to the higher raw chroma level score by 

offering a more precise representation of harmonic 

content. 

The observed differences between QFE and conventional 

models could be attributed to multiple factors. The dataset 

utilized in this study, which included a wide range of vocal 

and instrumental elements, was likely too complicated for 

simpler models such as CRNN-CRF and NHAN-GAF. 

Their architectures are not intended to handle complex 

frequency modulations as well as QFE. Furthermore, 

QFE's architecture, which combines a penalized method 

with sophisticated time-frequency evaluation, outperforms 

other methods in managing phase discrepancies and 

cyclical jumps that are common in complicated vocal 

melody extraction tasks. QFE's preprocessing methods, 

especially the incorporation of a pre-emphasis filter, help 

its greater efficiency metrics by improving the clarity of 

high-frequency elements and ensuring precise melody and 

pitch extraction. 

Deep learning-based techniques, such as Convolutional 

Neural Networks (CNNs), have grown in popularity in 

Music Information Retrieval (MIR) research because of 

their ability to learn features from complicated data 

autonomously. In comparison to CNNs, the QFE 

technique offers numerous computational benefits. 

Initially, the QFE algorithm is less computationally 

intensive, needing fewer resources and shorter training 

times because it concentrates on signal processing and 

harmonic feature extraction rather than deep learning 

architectures, which require extensive data and numerous 

stages of training. Furthermore, QFE has greater 

generalizability because it relies less on large, 

labeled datasets, which are frequently needed for CNNs to 

prevent overfitting. This renders QFE especially useful for 

applications in which data collection is expensive or 

limited. While CNNs excel at learning complicated 

patterns from massive data sets, QFE's lightweight and 

effective design may be advantageous in situations 

requiring quick, dependable findings with low 

computational overhead. 

In conclusion, the QFE model for automatic vocal melody 

extraction outperforms conventional approaches in all 

important metrics. Because of its sophisticated 

architecture, resilient dataset managing, and advanced 

preprocessing methods, it achieves higher accuracy, better 

voice recall, fewer false alarms, and better pitch and 

chroma detection. These findings show QFE's ability to 

substantially improve the precision and dependability of 

vocal melody extraction, particularly in difficult musical 

settings where conventional techniques fall short. Other 

models' efficiency differences can be attributed largely to 

their easier architectures and the absence of detailed signal 

processing methods, which QFE efficiently addresses. 

6 Conclusion 

Predicting the basic harmonic or pitch associated with the 

music's origin is known as melody extraction. The vocal 

performance often serves as the primary rhythmic basis in 

modern music, making it the most frequent responsibility 

in melodic lines to determine the singing voice's tone. The 

research on music is more relevant to people's lives since 

it is a powerful means of expressing and transmitting 

feelings. While individuals are formed with the capacity to 

enjoy and recognize music, it is incredibly challenging for 

machines to evaluate, comprehend, and extract music 

material. Thus, the study of music data extraction has been 

greatly addressed by scientific circles. As a result, the QFE 

inverted approach is the subject of the study in this work. 

Chinese vocal is used as the database. We defined 

inversion and described the full-wave formula inversion 

theory. The goal functional and slope calculation equations 

are deduced from the inverting of the full-wave solution in 

the time dimension. By employing this music information 

is retrieved. Several criteria, including accuracy, voice 

recall value, false alarm ratio, raw pitch precision, and raw 

chroma level, were used to assess the QFE's performance. 

These factors were contrasted with standard techniques. 

The findings demonstrate that the QFE is more effective at 

extracting and discriminating vocal main melody. To 

further increase the functionality of the method, we will 

examine the challenge of voice improvement in the future. 
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An approximate sate-action-reward-state-action (ASARSA) algorithm is proposed to solve the resource 

allocation optimization in multiple-input multiple-output (MIMO) communication systems, especially in 

the context of energy harvesting (EH) wireless communication systems. ASARSA algorithm aims to 

overcome the dimensional disaster problem faced by traditional SARSA algorithm in high-dimensional 

state space. By transforming the resource allocation optimization problem into a Markov 

decision-making problem and applying reinforcement learning, this study realizes the resource 

allocation optimization of EH-MIMO system. The experimental results showed that the system 

throughput of ASARSA algorithm reached 15.0×105 bits under the condition of 100 slots, which was 

0.2×105 bits and 3.6×105 bits higher than that of SARSA and Q-Learning (QL) algorithms, 

respectively. In terms of convergence speed, ASARSA algorithm was close to the target accuracy after 

76 iterations, which was 25 iterations and 77 iterations less than SARSA and QL algorithms, 

respectively. In addition, the average absolute error and root mean square error of ASARSA algorithm 

were 3.54% and 3.10%, which were 1.27% and 0.58%, 2.01% and 1.12% lower than those of SARSA 

and QL algorithms, respectively. These results show that ASARSA algorithm has higher efficiency and 

better optimization effect in resource allocation optimization. It is also found that ASARSA algorithm 

can maintain high computational efficiency and low approximate error, which proves its effectiveness 

and reliability in practical applications. Therefore, ASARSA algorithm can effectively optimize the 

allocation of EH-MIMO resources, solve the shortage of spectrum resources to some extent, and 

promote the development of EH-MIMO technology. 

Povzetek: Predstavljen je nov SARSA-algoritem za optimizacijo razporejanja virov v MIMO 

komunikacijskih   sistemih, ki učinkovito rešuje problem dimenzionalnosti in izboljšuje razporejanje 

virov.

1 Introduction 

Nowadays, with the rapid development of society, people 

are no longer satisfied with a single communication 

mode, encouraging them to pursue more efficient 

communication systems. More demand has made space 

spectrum resources appear to be stretched, which has led 

the government to strictly manage and unified planning 

of wireless spectrum usage. Based on this background, a 

variety of communication technologies with high spectral 

efficiency have been developed constantly, among which 

multiple-input multiple-output (MIMO) systems have 

attracted wide attention [1]. In response to the initiative 

of developing and applying green communication 

technology, some research try to introduce energy 

harvesting device into MIMO wireless communication 

system to achieve energy saving and emission reduction 

and increase the service life of the system. However, 

MIMO is equipped with multiple antennas at both the  

 

 

transmitting and receiving ends. Therefore, the channel of 

MIMO is usually presented in the form of a matrix, which 

is more difficult to estimate and process [2]. In addition, 

the current energy harvesting-MIMO (EH-MIMO) 

wireless communication system resource allocation 

optimization algorithm has insufficient prior information 

and high algorithm complexity, which cannot effectively 

realize the resource allocation optimization of 

communication system [3]. Due to the complexity and 

dynamics of EH-MIMO environment, the resource 

allocation optimization is still a challenge. To this end, 

this study transforms the resource allocation optimization 

problem of EH-MIMO communication system into 

Markov decision-making problem. A novel method based 

on reinforcement learning (RL) approximate 

state-action-reward-state-action (SARSA) algorithm is 

proposed to obtain the suboptimal transmission strategy, 

so as to maximize the system throughput and finally 

complete the resource allocation optimization of 
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EH-MIMO communication system. By achieving these 

goals, it aims to contribute to the development of green 

communication technology and improve the overall 

performance of the EH-MIMO system. The innovation of 

the research mainly includes two points. The first point is 

to extract the characteristics of the EH-MIMO 

communication system resource allocation optimization 

problem, transform it into a Markov decision-making 

problem, and use SARSA algorithm to obtain suboptimal 

transmission strategies. The second point is to propose an 

approximate sate-action-reward-state-action (ASARSA) 

algorithm for dimensional disaster to improve the 

optimization effect of EH-MIMO communication system 

resource allocation. The main structure of the study is 

divided into four sections. The first section is a 

comprehensive organization and analysis of current 

relevant research literature. The second section proposes 

a resource allocation optimization strategy for MIMO 

communication systems based on SARSA algorithm. The 

third section analyzes the effectiveness of the resource 

allocation optimization strategy proposed in the study for 

MIMO communication systems. The final section is a 

summary of the entire research content. 

2 Related works 

MIMO technology has high spectral efficiency and can 

guarantee the data transmission rate and quality in the 

communication process. It has been concerned by 

relevant researchers. Liu et al. [4] put forward a joint 

transmit beamforming model for dual function MIMO 

radar and multi-user MIMO communication transmitter. 

A complexity reduction design was proposed based on 

zero forced inter user and radar interference. Ma et al. [5] 

designed a random model based on three-dimensional 

broadband non-stationary geometry for the MIMO 

channel of unmanned aerial vehicles. Both line of sight 

and non-line of sight conditions were considered to 

explore the rotation effect of unmanned aerial vehicles. 

Dang et al. [6] proposed a joint message passing 

detection and decoding algorithm to improve the 

information and data transmission efficiency. The 

findings denoted that the algorithm had good 

performance. Wang et al. [7] proposed a 

three-dimensional spatiotemporal frequency 

non-stationary geometric random model and applied it to 

capture channel characteristics of 6G terahertz ultra 

large-scale MIMO. Chang et al. [8] proposed a capacity 

optimization algorithm for MIMO communication 

systems by combining augmented Lagrangian method, 

intelligent reflector, and Broyden Fletcher Goldfarb 

Shano methods, which effectively improved the 

efficiency of MIMO communication systems. Grossi et 

al. [9] designed a spectrum sharing architecture that 

simultaneously existed in MIMO communication systems 

and surveillance radars. The coexistence and 

synchronization design of the two systems in the 

architecture under clutter environment were discussed, 

providing reference opinions for the practical application 

of MIMO communication systems and surveillance radar. 

Temiz et al. [10] aimed to optimize the dual function 

radar and communication system with the optimization 

goals of speed and energy efficiency. To achieve the 

above goals, an optimized pre-encoder for MIMO 

orthogonal frequency division multiplexing dual radar 

communication system was proposed. The experiments 

were designed to analyze the pre-encoder. Zhang [11] 

designed a signal propagation improvement method for 

MIMO communication systems by combining intelligent 

reflective surfaces and passive reflective units, thereby 

increasing the capacity, reducing the operating costs, and 

improving the energy efficiency of the MIMO 

communication system. 

RL is one of the most widely used and frequent 

paradigms and methods in machine learning. Many 

scholars have paid more attention to the SARSA 

algorithm. Hassanien et al. [12] proposed an autonomous 

driving path planning model that combined the Dyna 

framework based on RL with the SARSA algorithm to 

address the hidden dangers in computational efficiency 

and safety in current autonomous driving path planning. 

This model could effectively ensure the efficiency and 

safety of path planning. Alfakih et al. [13] proposed a 

SARSA-based system resource management optimization 

algorithm for the task unloading and resource allocation 

of mobile edge computing in the current network physical 

social system. Chen et al. [14]. combined genetic network 

programming with evolutionary algorithm of SARSA 

algorithm to design an artificial financial market, which 

facilitated solving increasingly complex financial 

research problems. Rais et al. [15] extended the SARSA 

algorithm and proposed a Harmonic SK Deep SARSA 

algorithm to improve its stability. Then, the new 

algorithm was applied to the decision-making of 

autonomous vehicle in the expressway scene. Mohamed 

et al. [16] explored the usage of deep RL technology in 

network attack detection and classification. An anomaly 

network intrusion detection model based on the deep 

SARSA algorithm was designed. This model combined 

the advantages of SARSA algorithm and deep neural 

network. Ren et al. [17] constructed an optimization 

model that combined a neural network model with an 

RL-based SARSA algorithm. Through this model, the 

flow shop scheduling problem was solved, thereby 

improving the production efficiency of the flow shop. Shi 

et al. [18] proposed a delay aware routing strategy based 

on SARSA to optimize the network configuration and 

management of the distribution internet of things (IoT). 

The limited access range and signal attenuation caused by 

communication distance and obstacles in existing 

communication methods were addressed. Aljohani et al. 

[19] designed an optimization framework based on 

SARSA algorithm to optimize real-time energy 

consumption of electric vehicles. 



Approximate SARSA Algorithm for Dimensionality-Challenged… Informatica 49 (2025) 87–104 89 

 

In the above content, SARSA algorithm has important 

applications in various fields, and there are also certain 

research results in the optimization of system resource 

allocation. However, there are few studies in the literature 

applying SARSA to RA optimization in MIMO wireless 

communication systems. To solve this problem, a 

resource allocation optimization based on SARSA is 

proposed, which improves the performance of MIMO 

wireless communication system and provides theoretical 

guidance and new ideas for the development of MIMO 

wireless communication system. The suboptimal 

transmission strategy is obtained by Markov 

decision-making process and SARSA algorithm. Finally, 

the results and limitations of the existing research and the 

proposed method are further summarized and compared, 

as shown in Table 1. 

Table 1: Summary table in related works 

References Research method Limitations 

Liu et al [4] A joint transmission beamforming model is proposed 
Requires precise user interference 

elimination 

Ma et al. [5] 
A stochastic model based on 3D broadband 

nonstationary geometry is designed 

Model complexity makes it difficult to 

handle real-world changes 

Dang et al. [6] 
Improve the efficiency of information and data 

transmission 

Algorithm is inefficient in 

high-dimensional state spaces 

Wang et al. [7] 
A three-dimensional space-time frequency 

non-stationary geometric stochastic model is proposed 

Limited adaptability to actual 

environmental changes 

Chang et al. [8] 
Combined with augmented Lagrangian method, the 

efficiency of MIMO communication system is improved 
Sensitive to initial conditions 

Grossi et al. [9] 

The spectrum sharing architecture of MIMO 

communication system and surveillance radar is 

designed 

Challenges in synchronization design 

in complex environments 

Temiz et al. [10] 

An optimized pre-encoder for MIMO orthogonal 

frequency division multiplexing dual radar 

communication system is proposed. 

The stability of the algorithm in 

non-ideal environments needs to be 

verified 

Zhang [11] 
Combining smart reflector and passive reflector 

improves the capacity of MIMO communication system 
Sensitive to environmental changes 

Hassanien et al. 

[12] 

Combining Dyna framework and SARSA algorithm, an 

autonomous driving path planning model is proposed 

Challenges in handling uncertainties in 

actual driving 

Alfakih et al. 

[13] 

An optimization algorithm of system resource 

management based on SARSA is proposed 

Inefficiency in handling 

high-dimensional problems 

Chen et al. [14] 

The artificial financial market is designed by combining 

genetic network programming with evolutionary 

algorithm of SARSA algorithm 

Inefficiency in dealing with complex 

financial issues 

Rais et al. [15] Harmonic SK Deep SARSA algorithm is proposed 
Challenges in decision-making in 

high-speed scenarios 

Mohamed et al. 

[16] 

An abnormal network intrusion detection model is 

designed based on deep SARSA algorithm 

Poor efficiency in handling large-scale 

network attacks 

Ren et al. [17] 
Combining neural network model and RL algorithm 

based on SARSA, the optimization model is constructed 

Low efficiency in dealing with 

complex scheduling problems 

Shi et al. [18] 
A delay-aware routing strategy based on SARSA is 

proposed 

Low efficiency in handling 

communication distance and obstacle 

issues in IoT 

Aljohani et al. 

[19] 

A real-time energy consumption minimization 

framework for electric vehicles based on SARSA 

algorithm is designed 

Low efficiency in addressing real-time 

energy consumption optimization 

issues 

This paper 

A real-time energy consumption minimization 

framework for electric vehicles based on SARSA 

algorithm is designed 

- 
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3 Resource allocation strategy for 

EH-MIMO system based on 

SARSA algorithm 

MIMO technology is a combination of digital 

modulation, multi-carrier, digital signal processing, and 

space-time multiplexing technologies, which can 

effectively improve the anti-interference ability and 

transmission ability of the system. In this section, an 

EH-MIMO resource allocation mathematical model is 

constructed based on MIMO model, and the 

mathematical model is transformed into a Markov 

decision-making process, which is solved by RL. After 

that, the SARSA algorithm is introduced to alleviate the 

dimensional disaster problem of the model, so as to 

improve the resource allocation optimization effect of 

EH-MIMO communication system. 

3.1 Construction of EH-MIMO resource 

allocation mathematical model 

MIMO wireless communication system is a 

comprehensive technology combining digital modulation, 

multi-carrier transmission, digital signal processing, and 

space-time multiplexing technologies, which can 

effectively improve the robustness and transmission 

capacity of wireless communication system [20]. The 

integration of EH technology and MIMO technology can 

not only achieve energy-saving of wireless 

communication, but also alleviate the shortage of 

spectrum resources, which is an important direction for 

the development of green communication in the future 

[21]. In order to achieve green communication, reduce 

resource consumption and increase system life, an energy 

harvesting device is installed at the transmitter of the 

MIMO wireless communication system, and an 

EH-MIMO model is constructed. This allows the system 

to capture and store energy from wind and solar power, 

where energy storage is achieved through batteries of 

limited capacity. The EH-MIMO model is shown in 

Figure 1. 

In Figure 1, there are a total of TN
 antennas at the 

transmitting end. There is a total of RN
 antennas at the 

receiving end. In the energy model, it is assumed that 

there is a total of time slots T  within the operating time 

range. The interval between adjacent time slots   is a 

constant. In a time period of 1,2, ,t T= , the collected 

energy of the energy model is tE
, and the maximum 

collected energy limit is maxE
. All collected energy is 

stored in a battery with a capacity of maxB
. Assuming 

that all the energy collected by the transmitting end is 

applied to the signal transmission work, and no other 

types of energy loss occur. In addition, during the storage 

or recycling of the battery, it has no energy loss. Before 

use, the battery stores a portion of energy 0B
. In actual 

situations, the battery cannot be charged instantaneously. 

Therefore, during the time slot t , the stored energy of 

the battery is 1tE − . The energy reaching process 

mentioned above is shown in Figure 2 (a). In addition, in 

the EH-MIMO model, assuming that wireless channel is a 

block attenuation flat fading and the change in channel 

gain tH
 over time   can be ignored, the channel 

changes are shown in Figure 2 (b). 
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Figure 1: EH-MIMO model 
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Figure 2: Schematic diagram of energy arrival and channel changes 

 

In Figure 2(a), the energy collected by the system is 

stored in the battery. When the transmitting end uses the 

energy to transmit it to the transmitting end, the 

transmission power is tP
. Therefore, during the battery 

energy transfer, the update of battery energy follows 

Formula (1). 

 1 1 maxmin , , 1,2, ,t t t tB B E P B t T+ −= + −  =
 (1) 

In Figure 2(b), the received signal tY
 at the receiving 

end can be represented by Formula (2). 

 t t t t tY P H X n= +
     (2) 

In Formula (2), 

2

t tP H=
 is the power gain of the 

channel. tH
 is the channel gain. tX

 is the modulation 

format vector of all transmitting antenna transmission 

symbols. tn
 is the vector of additive Gaussian white 

noise, and obeys the mean of 0 and the variance of 
2 . 

In MIMO systems, due to the fact that the transmitting 

and receiving ends are equipped with multiple antennas, 

the channel gain is a matrix with a scale of T RN N
. 

The biggest advantage of MIMO technology is its ability 

to gain space and capacity. After obtaining channel 

information, the channel matrix tH
 of MIMO can be 

subjected to singular value decomposition (SVD) to 

obtain the eigenvalues of tH
, and all eigenvalues are not 

zero. r  is the rank of tH
. In MIMO, there is 

T RN N
, as shown in Formula (3). 

 
 min ,T R Rr N N N= =

      (3) 

Based on the above content, the channel matrix of the 

MIMO system is subjected to SVD processing to obtain 

independent parallel single-input single-output (SISO) 

channels r , as illustrated in Formula (4). 

 
H

tH USV=
          (4) 

In Formula (4), U  is a receive shaping filtering matrix 

with dimension, and R RN N
. V  is a transmission 

pre-wave filtering matrix with a dimension of T TN N
. 

S  is a diagonal matrix with elements 
1 2, , , r

t t t  
 on 

the diagonal and dimensions R TN N
. At this point, the 

characteristic value 
1 2, , , r

t t t  
 of tH

 can be utilized 

to stand for the state of each SISO channel at the time slot 

t . After SVD processing, the EH-MIMO is shown in 

Figure 3. 

When using the transmitter, the number of bits it sends in 

the time slot t  is the system throughput. When the 

transmitting end only knows causal information, the 

information that the transmitting end can know includes 
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the current state of tB
, tE

, and tH
, while the future 

information is in an unknown state. Therefore, a 

mathematical model for EH-MIMO resource allocation 

problem can be constructed based on constraint 

conditions and objective functions, as shown in Formula 

(5). 
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Figure 3: EH-MIMO model after SVD processing 
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(5) 

In Formula (5), B  represents the received signal 

bandwidth. 
i

tp
 represents the transmission power 

allocated by the CC time slot to the i th SISO channel. 
2  is the noise power of the SISO channel. Based on the 

above content, a mathematical model for the EH-MIMO 

resource allocation problem can be constructed. By 

solving the problem, EH-MIMO resource allocation 

optimization can be achieved. 

3.2 EH-MIMO mathematical model solution 

based on RL 

Formula (5) is a convex optimization model. However, in 

solving using convex optimization, it is necessary for the 

transmitting end to obtain the states of all time slots, but 

this is difficult to achieve in practice. Therefore, the 

convex optimization solution method is not applicable to 

the model shown in Formula (5). Therefore, the study 

transforms the mathematical model shown in Formula (5) 

into a Markov decision-making process, and then applies 

RL to solve it. Markov decision-making process is a 

process to find the optimal strategy, which includes 

Markov process and dynamic programming [22]. The 

state space is defined as the set of all possible states of 

the system, including the energy level in the battery, 

channel conditions and current transmission strategy. The 

action space is defined as the set of all possible 

transmission strategies that can be adopted in each state. 

Based on the current state and the selected action, the 

transition probability between States is simulated, and the 

randomness of energy arrival and channel change is 

considered. At the same time, a reward function is 

defined based on system throughput or energy efficiency 

to quantify the performance of each pair of state-actions. 

Combining the above process, model transformation is 

implemented. The energy level represents the energy 

currently stored in the battery. Channel conditions 

include channel gain and channel state information. 

Action space is defined as the set of all possible 

transmission strategies that can be adopted in each state. 

The reward function quantifies the performance of each 

pair of state-actions based on system throughput or 

energy efficiency. If the state 
1ts +
 of the system in the 

next time slot is only related to the current state 
ts  of 

the system, and there is a transition probability Formula 

(6), it indicates that the state has Markov properties. 

1 1 1 2, , ,t t t tP s s P s s s s+ +  =       (6) 

According to the causality of adjacent states, in the ts
 

state, past states 1 1~ ts s −  can be discarded. If the states 

of all time slots in the system have Markov properties, 

this is a Markov stochastic process. In EH-MIMO 

mathematical model solving, RL can obtain transmission 

strategies based on Markov decision-making processes. 

RL is a continuous interaction between agent and its 

environment. Through the interaction, the updating 

decision strategy of RL can be updated in real time to 

carry out the next step [23]. The essence of RL is to solve 

intelligent agents, thereby changing the update decision 
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strategy, and ultimately maximizing rewards. The above 

process can be represented by Figure 4. 

The transmission strategy refers to the action a  method 

selected when the state is s , as shown in Formula (7). 

 
( )t t t ta s p a A s S =       (7) 

In Formula (7), S  is the set of system states.   is a 

strategy. ta
is an optional action. A  is an optional 

action set. Formula (7) represents the action selection 

probability 
p

 that the agent can obtain through   

when the system state is ts
. The agent can select a ta

 

in A  through 
p

.   is the method for selecting 

actions and remains constant. The intelligent agent 

continuously calculates the cumulative return function 

and obtains a suboptimal transmission strategy through 

this method. From the Bellman equation, it can be 

inferred that any strategy   corresponds to a certain 

action value function (AVF).  

Therefore, it is required to calculate and solve the optimal 

AVF 
( )* ,t tq s a  to obtain the optimal strategy 

*  and 

obtain the relatively optimal transmission strategy. When 

the optimal action is selected for any state in the system, 

this optimal set of actions is the optimal transmission 

strategy. In the study, Markov can be represented as a 

five tuple 
, , , ,rS A P R T

 based on this process. S  is 

the set of states. A  is a set of actions. rP
 is the 

probability of state ts
 transitioning to 1ts +  at time slot 

1t +  after the agent selects action ta
 during time slot 

t . R  is the reward received by the state ts
 after 

taking action ta
. T  is the total number of time slots. In 

practical situations, the rP
 of the model is an unknown 

number, so the model can be constructed as a model free 

Markov model, which adopts a model free rein RL 

method for the EH-MIMO model. There are generally 

two types of RL methods without models, namely Monte 

Carlo method and time difference method. Figure 5 

displays the Monte Carlo method schematic diagram. 

This method obtains the value function by exploring 

multiple times to obtain the mean. 

The time difference is also a commonly used method in 

RL. Its biggest difference from the Monte Carlo method 

lies in obtaining the value function, as shown in Figure 6. 
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Agent

 

Figure 4: The training of RL 
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Figure 6: Schematic diagram of time difference method 

 

In Figure 6, the time difference method does not need to 

go through all time slots and the resulting value function 

has a small variance. Therefore, the study applies time 

difference method to solve the model and obtain 

suboptimal transmission strategies. Q-learning (QL) is a 

common time difference separation line algorithm, which 

can obtain the MIMO system’s power allocation in each 

time slot, and then obtain the optimal transmission power. 

However, the QL algorithm selects the maximum 
Q

 

value action in a certain state 1ts + , which may lead to the 

algorithm ignoring other actions with the same value, 

resulting in insufficient exploration and affecting the final 

optimization strategy. Therefore, another algorithm in the 

time difference method, namely the SARSA, is applied to 

solve the model [24]. SARSA is an online algorithm. 

Different from QL algorithm, SARSA algorithm 

randomly selects the action with the maximum 
Q

 value 

based on a set probability when selecting actions, thus 

avoiding the defect of insufficient exploration in QL 

algorithm. In the SARSA algorithm, the update rules for 

the 
Q

-table are shown in Formula (8). 

 

( ) ( )

( ) ( )( )1

, ,

, ,

t t t t

t t t t t

Q s a Q s a

R Q s a Q s a  +



+ + −
 (8) 

In Formula (8), 
( ),t tQ s a

 is the AVF corresponding to 

the state action pair.  
  is the learning rate of the algorithm, which can 

control the speed of the algorithm environmental 

exploration. 


 is a discount factor, mainly used to 

determine the importance of the current AVF and the 

action function for the next time slot. In RL, action 

selection strategies can affect the environmental 

exploration performance of the algorithm, thereby 

affecting its performance. Therefore, an appropriate 

action selection strategy is crucial for the SARSA 

algorithm. After comprehensive consideration, the study 

adopts a Greedy Softmax strategy that combines Softmax 

and Greedy. This strategy can effectively balance the 

degree of environmental exploration and algorithm 

convergence, and considering the structure of Markov 

decision-making processes makes it suitable for the 



Approximate SARSA Algorithm for Dimensionality-Challenged… Informatica 49 (2025) 87–104 95 

 

research content. The Greedy Softmax strategy is shown 

in Formula (9). 

( ) ( )
1

1
1

,

, , , arg max , ,
t

t t
t t
a A

Softmax policy if

s a Q s a if


   



 


=   
  (9) 

In Formula (9),   is a uniform random number 

generated for each time slot, with a value range of (0,1). 

1  is a fixed value, with a value range of (0,1). 


 is a 

temperature parameter. In addition to RL for data 

resource allocation and value function, this study also 

introduces multiple quadrature amplitude modulation 

(MQAM) wireless communication system to enhance the 

transmission process through adaptive coding. The 

flexible rate-power adjustment of the adaptive model can 

improve the overall performance of the network. Two 

hypotheses are proposed. One is that the system satisfies 

linear modulation, and the adjustment time is an integer 

multiple of the code gap sT
. Second, the system pulse is 

selected in off-line Nyquist form, and the signal 

bandwidth is expressed as 

1

s

B
T

=

. Taking the 

transmission speed method of the sender as an example, it 

can be expressed as 

1
s

s

R
T

=

. The MQAM model may 

modulate different conditions simultaneously to achieve 

improved spectrum utilization. Under the background of 

additive white Gaussian noise channel, the theoretical bit 

error rate range of the model is calculated, as shown in 

Formula (10). 

 
1.5 ( 1)2 M

bP e − −
     (10) 

In Formula (10), bP
 denotes the transmitting power. 


 

is the signal-to-noise ratio. M  represents constellation 

points. 

3.3 EH-MIMO mathematical model solution 

based on ASARSA 

In the previous content, the study utilizes the SARSA 

algorithm to solve the EH-MIMO mathematical model to 

obtain the suboptimal power transmission strategy. The 

learning of the SARSA algorithm is illustrated in Figure 

7. 

In MIMO systems, because there are multiple antennas at 

both the transmitting and receiving ends, the number of 

management state pairs in Q-table is very large, resulting 

in insufficient dimension, and the inability to construct 

the table, which greatly affects the performance of the 

algorithm. To solve this problem, an ASARSA algorithm 

based on linear value function is proposed. ASARSA 

algorithm plays a key role in solving the "dimensional 

disaster" problem of traditional QL method in 

high-dimensional state space. 

ASARSA algorithm adopts linear value function 

approximation, which is a major difference from the 

traditional tabular method that needs to store separate 

values for each pair of states-actions. The ASARSA 

algorithm does not store the Q-table in the transmitter of 

the MIMO system, but replaces the Q-table with a 

constructed basis function. The basis function is shown in 

Formula (11). 

 
( ), , 1,2, ,m t tf s a m M=

     (11) 

In Formula (11), M  means the total amount of 

constructed basis functions. Next, the corresponding 

initial weights mw
 are assigned to all basis functions. 

By utilizing the weights corresponding to the basis 

function and the basis function, an approximate AVF 

( )ˆ , ,t tQ s a w
 can be obtained. This value to replace the 

( ),t tQ s a
 value in the traditional SARSA algorithm. The 

approximate AVF 
( )ˆ , ,t tQ s a w

 can be solved using 

Formula (12). 

 
( ) ( )ˆ , , , T

t t t tQ s a w Q s a f w =
     (12) 

In Formula (12), 
1Mf R 

 is a matrix composed of 

basic functions. 
1Mw R   is a matrix constructed by the 

corresponding weights of the basis function. When using 

ASARSA, the closer the value
( )ˆ , ,t tQ s a w

 is to the 

value
( ),t tQ s a

, the better the performance of the 

algorithm. It uses the least squares difference to evaluate 

the approximation accuracy between the two, as shown in 

Formula (13). 
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Figure 7: The learning process of SARSA algorithm 
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Figure 8: Overall EH-MIMO model based on ASARSA algorithm 

It minimizes 
( )J w

 to obtain the optimal approximation 

accuracy. Therefore, the gradient descent method is 

applied to calculate w . The gradient of 
( )ˆ , ,t tQ s a w

 is 

shown in Formula (14) 

 
( )ˆ , ,t tQ s a w f =

    (14) 

The value of w  is adjusted according to the direction of 

gradient descent, so as to minimize the error between 

( )ˆ , ,t tQ s a w
 and 

( ),t tQ s a
. The weights of the 

ASARSA are updated according to Formula (15). 

( )

( )

1 1, ,

ˆ , ,

t t t

t

t t

R Q s a w
w w f

Q s a w




+ ++ 
 +  

−   (15) 

According to the above design and formula, the model of 

the whole system can be obtained, as shown in Figure 8. 

In the ASARSA algorithm, the first step is to initialize the 

weight values corresponding to all basis functions, that is, 

to assign initial weight values to all basis functions. 

When in time slot t , it selects action ta
 based on   

in state ts
. Subsequently, it solves 

f
 and 

( )ˆ , ,t tQ s a w
 

according to Formula (12). Next, the state ts
 shifts to 

1ts + . Repeating the above operation can obtain 
( )1 1

ˆ , ,t tQ s a w+ + .Then, the weight values corresponding to 

the basis function are updated using Formula (15). After 

the algorithm fully explores the environment, the weight 

values converge and the correlation between the state and 

action is obtained. When the transmitter of the MIMO 

system is in the utilization stage, based on this 

correlation, the corresponding ta
 can be obtained at 

ts
. Because there is no Q-table in ASARSA algorithm, it 

can effectively avoid the dimensional disaster. Base on 

the above content, the ASARSA algorithm is constructed, 

and the EH-MIMO mathematical model is solved using 

this algorithm to optimize resource allocation in MIMO 

communication systems. At the same time, the study sets 

the exploration probability and learning rate as 1/k, where 

k is the number of iterations. This setting makes the 

algorithm tend to explore at the beginning, and gradually 

shift towards using known strategies as the iteration 

progresses to promote rapid convergence. Decreasing 

learning rate helps to learn quickly in the early stage, 

reduce the updating range in the later stage and avoid 

shock. The temperature parameter is initially set to 100 

and gradually decreases as learning progresses to increase 

the tendency to select the best action. These parameters 

are selected to balance exploration and utilization and 

ensure the effectiveness and stability of the algorithm. 
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4 Performance analysis of system 

resource allocation optimization 

strategy based on ASARSA 

To prove the optimization effect of ASARSA algorithm 

on resource allocation of MIMO communication system, 

simulation experiments are conducted in this study. To 

highlight the superior performance of ASARSA 

algorithm, this study chooses to compare and verify it 

with SARSA algorithm and QL algorithm. The 

experiment tests the performance of the model from the 

perspectives of convergence, F1, Recall, MAE, and 

RMSE values, throughput of EH-MIMO wireless 

communication system under different algorithms, and 

ROC curves of different algorithms. 

The parameters of the simulation experiment here mainly 

consider offline strategy, greedy strategy, conservative 

strategy and random strategy. Simulation parameters are 

shown in Table 2. 

In Table 2, k  represents the number of learning rounds 

for the current agent, which compares the effectiveness of 

ASARSA, SARSA, and QL in solving MIMO resource 

allocation optimization mathematical models. Firstly, it is 

required to compare the convergence of ASARSA, 

SARSA, and QL when solving the EH-MIMO resource 

allocation optimization mathematical model. The loss 

value is used as the judgment index in the experiment, as 

shown in Figure 9. In Figure 9(a), the ASARSA achieved 

near target accuracy after 76 iterations, which was 25 and 

77 fewer than SARSA and QL, respectively. In Figure 

9(b), the ASARSA algorithm approached the target 

accuracy after 10.0 seconds, which was 4.8 seconds less 

than the SARSA and 9.7 seconds less than the QL, 

respectively. 

This study uses F1 and recall rates to evaluate and 

compare the performance of ASARSA, SARSA, and QL. 

F1 is a binary model accuracy measure related to model 

precision and recall rate. The recall rate is a measure of 

the model recall rate, as shown in Figure 10. In Figure 

10(a), the F1 values of ASARSA were 96.52%, 1.05%, 

and 1.34% higher than SARSA and QL, respectively. In 

Figure 10(b), the recall value of ASARSA was 96.33%, 

which was 0.27% and 0.36% higher than SARSA and 

QL, respectively.

Table 2: Simulation parameter settings 

Parameter Unit Value 

Number of antennas at the transmitting end - 2 

Number of antennas at the receiving end - 2 

Noise W/Hz 0.2 

Bandwidth Hz 105 

Time interval s 1 

Total time slots - 100 

The total number of rounds of intelligent agent learning - 1000000 

Temperature parameters - 100 

Exploration probability - 1/k 

Learning rate - 1/k 

Initial battery energy J 0.15 

Battery capacity J 0.25 

Maximum collected energy J 0.20 

Energy quantification step size - 0.05 
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Figure 9: Convergence analysis of algorithms 
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Figure 10: F1 value and recall value of the algorithm 
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Figure 11: MAE value and RMSE of the algorithm 

 

This study evaluates and compares the performance of 

the ASARSA, SARSA, and QL using Mean Absolute 

Error (MAE) and Root Mean Square Error (RMSE) 

values, which are shown in Figure 11. In Figure 11(a), the 

average MAE value of the ASARSA was 3.54%, which 

was 1.27% and 2.01% lower than the SARSA and the 

QL, respectively. In Figure 11(b), the average RMSE 

value of the ASARSA was 3.10%, which was 0.58% and 

1.12% lower than the SARSA and the QL, respectively. 

The throughput of the EH-MIMO wireless 

communication system varies with the number of slots 

under different algorithm strategies, as shown in Figure 

12. The throughput of the system under the two strategies 

of ASARSA and SARSA was relatively close. Under the 

QL strategy, the throughput of the system was 

significantly lower than that of ASARSA and SARSA. 

When the number of slots was 100, the throughput of the 

system under the ASARSA strategy was 15.0×105 bit, 
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which was 0.2×105 bit and 3.6×105 bit higher than SARSA and QL, respectively. 
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Figure 12: The variation of wireless communication system throughput under different time slot numbers 

ASARSA

SARSA

QL

Battery capacity coefficient
0

A
v

er
ag

e 
th

ro
u

g
h

p
u

t/
b

it

0
1 2 3 4

4000

8000

12000

16000

 

Figure 13: The variation of wireless communication system throughput with the change of battery capacity coefficient 

 

Under the RA strategy obtained after the EH-MIMO 

resource allocation optimization mathematical model, 

different algorithms are used to solve the throughput of 

the EH-MIMO wireless communication system when 

comparing different battery capacity coefficients (


). 

The battery capacity coefficient varies according to 

different algorithm strategies, as shown in Figure 13. The 

throughput of the system under the two strategies of 

ASARSA and SARSA was relatively close, while under 

the QL strategy, the throughput of the system was 

significantly lower than that of ASARSA and SARSA. 

When the battery capacity coefficient was 4, the 

throughput of the system under the ASARSA strategy 

was 16900 bit, which was 1600 bit and 5000 bit higher 

than the SARSA and QL, respectively. 
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Figure 14: The change in throughput of wireless communication systems with the maximum collected energy 

 

Figure 14 shows the throughput variation of EH-MIMO 

wireless communication system under different algorithm 

strategies at maximum collected energy. The throughput 

of the system under the two strategies of ASARSA and 

SARSA was relatively close, while under the QL 

strategy, the throughput of the system was significantly 

lower than that of ASARSA and SARSA. When the 

maximum value of collected energy was 20, the 

throughput of the system under the ASARSA strategy 

was 5.1×104 bit, 0.1×104 bit and 0.7×104 bit higher than 

SARSA and QL, respectively. 

This paper uses ROC curves to analyze the 

comprehensive performance of ASARSA, SARSA, and 

QL, as shown in Figure 15. This paper uses ROC curves 

to analyze the comprehensive performance of ASARSA, 

SARSA, and QL, as shown in Figure 15. The AUC value 

of the ASARSA was 0.963, which was 0.016 and 0.027 

higher than the SARSA and the QL, respectively. On this 

basis, in order to further verify the robustness of 

ASARSA algorithm, the sensitivity analysis of key 

parameters is conducted. The exploration probability and 

learning rate vary from 0.1 to 0.01, while the temperature 

parameter varies from 50 to 200. Table 3 shows detailed 

information. 
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Figure 15: ROC curve analysis of the algorithm 

Table 3: Parameter sensitivity analysis 

Index 

Exploration probability/learning rate Temperature parameter (℃) 

0.1 0.05 0.01 50 100 200 

System throughput (bits) 14.5×105 14.8×105 15.0×105 14.2×105 15.0×105 14.3×105 
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Figure 16: Simulation results under different antenna numbers 

 

From Table 3, the algorithm is robust to parameter 

changes within a certain range, but its performance 

obviously declines beyond a specific range. This 

indicates that although parameter selection can affect 

algorithm performance, adjusting parameters within a 

reasonable range will not affect the effectiveness of the 

ASARSA algorithm. At the same time, the performance 

of the algorithm under different antenna numbers is 

further simulated. Scenes with 2, 4, 8 and 16 antennas are 

simulated, and the system throughput and algorithm 

convergence speed in each case are recorded, as shown in 

Figure 16. 

From Figure 16, the results show that with the increase of 

the number of antennas, ASARSA algorithm can still 

maintain a high system throughput, and the convergence 

speed is only slightly reduced. This discovery proves that 

ASARSA algorithm has good scalability in EH-MIMO 

systems of different scales. In summary, the ASARSA 

proposed in the study performs better and has higher 

efficiency in solving the EH-MIMO resource allocation 

optimization mathematical model. Under the ASARSA 

algorithm strategy, the throughput of the EH-MIMO 

system is higher and the optimization effect is better. 

Therefore, ASARSA can effectively optimize the 

allocation of EH-MIMO resources, thereby solving the 

spectrum resource shortage to a certain extent, and 

promoting the development of EH-MIMO technology. 

5 Discussion 

The combination of EH technology and MIMO system 

can achieve the energy-saving of wireless communication 

system and solve the spectrum resource shortage, which 

is one of the development trends of green communication 

in the future. The current EH-MIMO wireless 

communication system resource allocation optimization 

algorithm has the defects of insufficient prior information 

and high algorithm complexity, which can not effectively 

realize the communication system resource allocation 

optimization. In view of this, to solve the above 

problems, this study transformed the resource allocation 

optimization problem of EH-MIMO communication 

system into a Markov decision-making problem. An 

ASARSA algorithm based on RL was proposed to obtain 

the suboptimal transmission strategy, so as to maximize 

the system throughput and finally complete the resource 

allocation optimization of EH-MIMO communication 

system. 

Under the condition of 100 time slots, the ASARSA 

algorithm achieved a system throughput of 15.0×105 bits, 

which was significantly higher compared with the 

SARSA and QL algorithms. In terms of convergence 

speed, the ASARSA algorithm approached the target 

accuracy after 76 iterations, 25 and 77 fewer than the 

SARSA and QL algorithms, respectively. These results 

indicate that the ASARSA algorithm has higher 

efficiency and better optimization effects in resource 

allocation optimization. The innovation of the ASARSA 

algorithm lies in its ability to overcome the dimensional 

disaster. In high-dimensional state spaces, the traditional 

SARSA algorithm needs to store a large number of 

state-action pairs, which not only occupies a lot of 

memory, but also increases computational complexity. 

The ASARSA algorithm effectively solves the 

dimensional disaster problem through the linear AVF, 

avoiding the need to store the Q-table. Moreover, the 

ASARSA algorithm achieves a good balance between 

computational efficiency and accuracy. Although it uses 

an approximation method, its performance is still superior 

to or close to other models. 

In high-dimensional spaces, one of the main challenges 

faced by the SARSA algorithm is the dimensional 

disaster, that is, the performance of the algorithm drops 

sharply as the dimension of the state space increases. The 

ASARSA algorithm effectively avoids this problem 
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through a basis function method to approximate the AVF. 

Compared with the traditional QL method, the ASARSA 

algorithm does not need to store separate values for each 

state-action pair, but constructs the AVF through basis 

functions and corresponding weights, which greatly 

reduces memory requirements and computational 

complexity. 

Although the ASARSA algorithm improves 

computational efficiency through approximation 

methods, this may also introduce approximation errors. 

To quantify this trade-off, the research evaluates the 

approximation accuracy of the ASARSA algorithm. The 

results show that while maintaining high computational 

efficiency, the ASARSA algorithm can still maintain low 

approximation errors, proving its effectiveness and 

reliability in practical applications. In summary, the 

ASARSA algorithm has obvious advantages in solving 

the resource allocation optimization problems in 

EH-MIMO communication systems, especially when 

dealing with high-dimensional state spaces. At the same 

time, the innovation and computational trade-offs of the 

ASARSA algorithm in dealing with the dimensional 

disaster also provide important reference value for its 

practical application. Future work will further improve 

the generalization ability of the algorithm and verify it in 

a wider range of communication systems. 

6 Conclusion 

In the EH-MIMO wireless communication system, 

reasonable resource allocation can effectively improve 

system efficiency and save system resources. To this end, 

a mathematical model is constructed for optimizing RA 

in the EH-MIMO system, and an ASARSA is proposed to 

solve it. The experimental results showed that the 

ASARSA achieved close to target accuracy after 76 

iterations, which was 25 and 77 fewer than SARSA and 

QL, respectively. After 10.0 seconds of iteration, the 

target accuracy was approached, which was 4.8 seconds 

less than SARSA and 9.7 seconds less than QL, 

respectively. The F1 value was 96.52%, which was 

1.05% and 1.34% higher than SARSA and QL, 

respectively. The Recall value was 96.33%, which was 

0.27% and 0.36% higher than SARSA and QL, 

respectively. The MAE value was 3.54%, which was 

1.27% and 2.01% lower than SARSA and QL, 

respectively. The RMSE value was 3.10%, which was 

0.58% and 1.12% lower than SARSA and QL, 

respectively. When the number of time slots was 100, the 

system throughput was 15.0×105 bit, 0.2×105 bit and 

3.6×105 bit higher than SARSA and QL, respectively. 

When the battery capacity coefficient was 4, the system 

throughput was 16900 bit, which was 1600 bit and 5000 

bit higher than SARSA and QL, respectively. When the 

maximum value of collected energy was 20, the system 

throughput was 5.1×104 bit, 0.1×104 bit and 0.7×104 bit 

higher than SARSA and QL, respectively. The AUC 

value was 0.963, which was 0.016 and 0.027 higher than 

SARSA and QL, respectively. This research innovatively 

extracts the characteristics of resource allocation 

optimization problems in EH-MIMO communication 

systems, transforms them into a Markov decision-making 

process, and uses SARSA algorithm to obtain the 

suboptimal transmission strategy. In addition, an 

ASARSA algorithm was proposed to solve the 

dimensional disaster problem, so as to improve the 

resource allocation optimization effect of EH-MIMO 

communication systems. The experimental results 

showed that ASARSA algorithm effectively achieved 

EH-MIMO resource allocation optimization, and then 

solved the spectrum resource shortage to a certain extent, 

promoting the development of EH-MIMO technology. 

The limitation of this study is that the number of antennas 

set in the simulation experiment parameters is small, 

which is different from the actual situation. Therefore, 

there may be some deviation between the obtained 

experimental results and the actual situation. 

Subsequently, the number of antennas should be 

increased to improve the reliability of the experiment. 
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Virtual reality (VR) technology is currently being used in emotion management and musical 

environment modeling to improve mental and emotional wellness through psychological advantages 

and a flexible musical environment. The purpose of the study is to utilize the Glow Worm Coactive 

Decision Tree (GW+DT) classifier to develop a technique for controlling feelings and creating 

authentic musical situations. An electroencephalogram (EEG) wave signal is collected in participant 

when they listen to VR-based music. Recursive Feature Elimination (RFE) is an extraction technique 

for extracting the collected EEG recording signals from the patients. Then the Improved Glow Worm 

Swarm Optimization (IGSO) method has been employed to determine an optimal set of characteristics 

for accurate emotion classification. Emotion is classified using the Decision Tree (DT) method 

depending on the feature selected in the EEG wave signal. The valence and arousal levels were 

measured using the self-assessment manikin (SAM). The GW+DT method achieved a greater accuracy 

(95%), recall (82.10%) and F1-Score (80.52%), significantly outperforming traditional methods. The 

findings highlight the probable involvement of VR and music therapy as a therapeutic approach to 

enhance mental health and emotional stability in clinical settings. 

Povzetek: Predlagasna je metoda GW+DT za EEG-podprto glasbeno terapijo v VR okolju za pacientke 

z rakom dojke. Metoda izboljšuje čustveno regulacijo, kar pokaže terapevtski potencial VR glasbene 

terapije.

1   Introduction  

Emotional management is a significant factor of the 

psychology science that involves techniques for 

modifying and adapting emotion to achieve preferred 

outcomes [1]. Virtual reality (VR) is a cutting-edge 

technology that creates immersive, embodied 

experiences by combining computer-generated 

multimodal displays, improving human sensorimotor 

skills, and boosting interaction with virtual worlds [2]. 

Companies worldwide are transforming into innovative 

factories using advanced technology systems and 

Augmented Reality (AR), embracing Industry 4.0 for 

faster product discovery, information transmission, and 

reduced labor-intensive activities [3]. VR technology 

makes immersive learning possible by using stereoscopic 

head-mounted displays and sensors to give spatial 

immersion and hands-on activities. VR is used to 

simulate a three-dimensional world on the screen [4]. VR 

enables users to engage with complicated Personal 

Computer (PC) data naturally, using their senses such as 

vision, hearing, and touch. Sensors that measure human 

activities as well as visualization tools are essential 

components. VR apps have several benefits, making 

them one of the most immersive technologies, giving the 

user a genuine experience [5]. Music is an essential 

constituent of human beings and has been shown in 

studies to activate the whole reward network and the 

anterior hippocampus, shedding light on the neurological 

correlates of emotion. However, the prominence of 

research into the hippocampus for cognitive functioning 

raises concerns regarding its consistency with larger 

studies [6]. Emotion management is an essential 

component of a person's existence and is critical for 

overall well-being. A method for studying how emotion 

are controlled from the regulator's perspective is 

https://doi.org/10.31449/inf.v49i8.
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described, which involves recreating social support 

situations in VR [7]. The strategy could be used to guide 

research on groups that struggle to regulate their 

emotion, such as young people with autism. Emotional 

control is critical in a variety of situations, particularly 

for those with neurodevelopment issues who frequently 

experience difficulty with emotion management [8].  

Objective of the study: The research aims to reduce 

anxiety and stress and then improve their mental health 

using VR-based musical simulations. The study aims to 

determine the influence of VR music therapy on 

emotional knowledge and mental health. 

2   Literature review  
This section summarizes the research conducted to 

assess the influence of VR-based musical simulations on 

reducing anxiety and stress with a focus on improving 

mental health and emotional awareness. Table 1 gives an 

overview of the related study.  

Table 1: Literature summary 

Related study Methodology metrics Results 

 [9] PAD emotional model, 

music impact 

Emotional state influence, 

assessment scores 

Music had minimal 

impact on 

communication; warm-

toned environment scores. 

 [10] Heuristic optimizer for 

VR emotion model 

Efficiency of relaxing 

experience 

The sequence of 

modifications influenced 

relaxation; effective for 

emotion-based adaptive 

VR 

 [11] Emotion-regulating 

improvisational music 

therapy 

Depression indicators, 

emotion control 

Significant improvement 

in emotion control and 

depression; limitation in 

generalisability noted. 

[12] Electronic intervention 

program 

Flow state, performance 

anxiety 

Increased flow state and 

control; did not enhance 

social skills 

 [13] Music listening during 

COVID-19 pandemic 

Affect management, 

stress coping 

Positive mood shift; 

variability in individual 

responses based on 

despair and anxiety 

[14] Brain-computer 

interaction music therapy 

Emotional control 

feedback 

Effective emotional 

control via EEG impulses; 

limitations in Western 

medication addressed. 

 [15] Machine-learning emotion 

analysis 

Emotion prediction 

accuracy 

Reliable emotion analysis 

using physiological 

signals; potential for 

enhancing mental and 

physical wellness. 
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Research gap: There are still several gaps in the field of 

emotion identification and therapeutic interventions [9], 

music had little effect on emotional states, which 

emphasizes the need for more potent music-based 

interventions. Although they did not provide dynamic 

adaptation for different emotion [10] showed the 

advantages of customizing VR experiences to emotional 

states. The efficiency of EIMT was demonstrated by [11], 

however small sample numbers limited the generalisability 

of the findings. The study [12] addressed anxiety reduction 

and flow improvement, but social skills were not 

addressed. The study [13] discovered that music improved 

mood, although they ran across problems with individual 

variability. A possible alternative to EEG-based music 

therapy was offered [14], although it was constrained by 

particular technological needs. Machine learning was 

utilized by [15] to analyze emotion; however, they 

encountered difficulties integrating several physiological 

inputs. To ensure wider applicability and effectiveness, the 

suggested solution integrates adaptive VR interventions 

with a dynamic, real-time emotion detection system. It 

positions itself as a breakthrough in the field by combining 

multi-modal data for full emotional understanding, 

improving emotional and social results, and streamlining 

real-time emotion tracking. 

 

3   Methodology 
The study attempted to investigate the usefulness of a VR-

based music training system in enhancing emotional 

regulation in patients. It combines VR technology and 

musical therapy, assessing the influence of emotional 

recognition using EEG data. The proposed approach 

focuses on data collection and analysis. The data collection 

unit gathered EEG measurements of participant while 

listening to the VR music teaching method, as depicted in 

Figure 1. 

 
 

Figure 1: Methodological flow 

3.1 Data samples 
The study included 48 female patients with breast cancer 

who were chosen based on their age, diagnosis, and past 

medical history; individuals with epilepsy, drug addiction, 

metastases, eyeglasses, or ports were not included. Its goal 

was to find out how musical therapy affected patients' 

outcomes. The study found that there were notable 

differences in patients' mental states according to age: 

younger patients (36–40 years old) experienced more 

stress about their bodies, employment, and fertility; 

middle-aged patients (40–55 years old) found it difficult to 

balance therapy with responsibilities to their families or 

jobs; and older patients (56–70 years old) worried about 

comorbidities, dependency, and quality of life. For people 

of all ages, therapeutic methods like music therapy and 

emotional support are essential in managing the 

psychological effects of breast cancer. Table 2 depicts the 

demographic character of the breast cancer patients. 

 

Table 2: Patients demographic factors 

Categories  No. of 

individua

ls (n=48) 

Percenta

ge (%) 

Gender  Female  48  100% 

Age  36–40 12 25 

40–55 20 42 

56–70 16 33 

Treatment 

history  

Chemothera

py  

16 33.4 

Radiation 

therapy  

13 27.0 

Surgery  10 20.8 

 Hormone 

therapy  

9 18.8 

Comorbiditi

es  

Diabetes  22 46 

Hypertensio

n  

12 25 

Heart 

disease  

6 13 

None  8 17 

Stage of 

cancer  

Stage 1 14 29 

Stage 2 18 38 

Stage 3 12 25 

Stage 4 4 8 

 

3.2 Feature extraction using recursive feature 

elimination (RFE) 
The RFE method is frequently employed considering its 

flexibility and adjusting options, as well as its efficacy in 

selecting features in datasets for training that is useful for 

predicting target variables and discarding weak features. 

The RFE approach is used for selecting the characteristics 

that are most significant by recognizing a strong 

association between particular features and the goal 
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(labels). The RFE process can be represented by Equation 

(1). 

 

𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 (𝐹𝑖) =  𝑀𝑜𝑑𝑒𝑙𝑡𝑟𝑎𝑖𝑛   (𝑋, 𝑌)                (1)   

                                                                              
𝐹𝑖  Represents the 𝑖𝑡ℎ  feature, 𝑋  is the medium of the 

feature, 𝑌  is the target variable and 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 (𝐹𝑖) 

denotes the importance score of the feature 𝐹𝑖  as 

determined by the model. 

The method enhances model performance by selecting the 

most relevant features, preventing overfitting and ensuring 

that findings accurately reflect real-world therapeutic 

effects. It also simplifies the dataset by reducing 

computational complexity, improves interpretation by 

pinpointing critical elements of the therapy and supports 

personalized interventions by identifying individual 

patient characteristics that influence better outcomes. 

Figure 2 depicts the steps involved in RFE feature 

extraction. 

 
 

Figure 2: Feature extraction method 

 

3.3 Feature selection and classification of 

emotional reorganization using glow worm 

coactive decision tree (GW+DT) 
The Glow-worm Coactive Decision Tree (GW+DT) 

combines the Improved Glow-worm Swarm Optimization 

(IGSO) and Decision Tree (DT) methodologies to improve 

feature selection and emotional categorization. IGSO 

simulates the luminous activity of glow-worms by 

improving feature selection using luciferin-based 

calculations, allowing the algorithm to progress to optimal 

solutions. Each glow-worm modifies its location in 

response to the luciferin levels of its neighbors, hence 

enhancing local and global search capabilities. The 

DT method uses this optimized feature set to classify 

emotional states by splitting data recursively based on 

attribute values. The combination of IGSO for feature 

selection and DT for classification yields an efficient and 

accurate technique for emotional reorganization 

prediction. 

 

3.3.1 Feature selection using improved glow-

worm swarm optimization algorithm (IGSO) 
After the feature extraction feature selection was employed 

using IGSO. The IGSO technique mimics the actual glow-

worms' luminescent behavior. Using a bionic approach, 

the program calculates the benefits and drawbacks of each 

glow-worm individual's position using luciferin. Every 

person has a unique perception or decision range, and they 

can only progress to exceptional people who have high 

luciferin values. Repetitive selection is used to traverse 

through the search space to apply optimization. Every 

glow-worm sends data to the neighborhood to inform 

regional choices while the algorithm is running. The 

initializing choice scope of the IGSO method under the 

circumstances is the intended function definition area. The 

decision domain range is then updated by Equation (2): 

 

𝑤𝑥
ℎ(𝑎 = 1) = 𝑚𝑖𝑛{𝑤𝑒 , 𝑚𝑎𝑥{0, 𝑤𝑥

ℎ(𝑠) + 𝛽(𝑛𝑎 −
|𝑁ℎ(𝑎)|)}},                                                    (2)   

                                
𝛽  is a constant parameter, while 𝑚𝑠  is a parameter that 

controls the number of neighbors. Each glowworm will be 

drawn to its neighbors, who glow brighter, by the IGSO 

algorithm principle.  As a result, glowworms employed a 

tendency to go in the direction of their neighbors with 

greater luciferin levels than did throughout the migration 

phase as given in Equation (3). 

 

𝑖ℎ𝑢(𝑎) =
𝑗𝑢(𝑎)−𝑗ℎ(𝑎)

∑ 𝑗𝑢𝑈𝜖𝑁ℎ(𝑠) (𝑎)−𝑗ℎ(𝑎)
                                    (3)     

                                                                                 

Consequently, the glow-worm movement's discrete-time 

model can be expressed as Equation (4). 

 

𝑞ℎ(𝑎 + 1) = 𝑞ℎ(𝑎) + 𝑟(
𝑞𝑢(𝑎)−𝑞ℎ(𝑎)

||𝑞𝑢(𝑎)−𝑞ℎ(𝑎)||
) (4)        

                                                                             Where 

𝑎(> 0) denotes the magnitude of the step and the operator 

for the Euclidean standard. Following the migration to a 

new place with glow-worm, the luciferin informs 

regulation is provided by Equation (5). 

 

𝑙ℎ(𝑎) = (1 − 𝜌)𝑙ℎ(𝑎 − 1) + 𝛾𝑤(𝑞ℎ(𝑎))                (5)     

                                                                           

Where 𝜌 ∈  (0, 1) , is the rate of luciferin degradation 

constant, 𝛾 is the enhancement constant of luciferin. The 

distance between the glow-worms steadily decreased due 

to the glow-worm progressively moving to the 

neighborhood of the limited excessive particular, this stage 

in the latter repetition of the IGSO procedure. The position 

update Equations (6 and 7) states that when glow-worms' 

attraction to one another gradually increases, each glow-

worm will go too far and either miss or arrive at the ideal 

location, which will lead to oscillation issues close to the 

extreme point. The position update equation turns into: 
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𝑞ℎ(𝑎 + 1) = 𝜔(𝑛)𝑞ℎ(𝑎) + 𝑡(
𝑞𝑢(𝑎)−𝑞ℎ(𝑎)

||𝑞𝑢(𝑎)−𝑞ℎ(𝑎)||
            (6) 

𝜔(𝑏) = 𝜔𝑚𝑎𝑥 − (𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛) ×
𝑛

𝑛𝑚𝑎𝑥
                (7)                                                                            

Where the highest weight is denoted by  𝜔𝑚𝑎𝑥 , and the 

minimum weight by 𝜔𝑚𝑖𝑛. The current iteration step is𝑚 

and the maximum iteration step is  𝑚𝑎𝑥 . An important 

component of a glow-worm's swarm optimization process 

is its inertial weight. It balances the glow-worm's ability to 

hunt both locally and globally, as well as how far it can 

migrate. A greater effect of the present location on the next 

move is achieved by increasing the weight value, which 

improves global search capability but detracts from local 

search capability. On the contrary, a lower weight value 

improves local search performance while degrading global 

search capability. This adaptive technique increases the 

study's capacity to determine the best VR music treatment 

circumstances for improved mental health results by 

ensuring thorough exploration and preventing 

unsatisfactory convergence. 

 

3.3.2 Emotion classification prediction using 

Decision Tree (DT) 
A selected feature was classified using Decision Trees 

(DT). It classifies data objects based on how well their 

properties are valued. First, a decision tree is built with a 

pre-classified set of data. For every node in the tree, a set 

of characteristics is chosen to separate the data into 

different groups. This partitioning process separates 

subsets of data items into smaller groups recursively, 

according to attribute values, until all of the data items in 

each group are from the same class. The DT divides the 

data based on the specified characteristics at each node, 

with edges labeled according to the parent attribute. The 

decision values on the decision tree's leaves aid in 

categorization. One popular classification strategy 

employed by DTs is a statistical classifier. The 

classification procedure incorporates certain criteria and 

recursively determines classes that differentiate the target 

application on all dimensions. Here, let W  represent a 

feature of a data point and Z  represent the class. The 

decision is made by calculating the W | Z  ratio, which 

helps choose the appropriate class for the data point given 

in Equation (8). 

 

RATIO ( Q | L)  =  F ( Q )  −  F( Q | L) F (Q)         (8)       

                                       

The uncertainty of variable Q given variable 𝐿 is estimated 

by the conditional entropy, represented by the 

symbol F( Q | L). In contrast, the marginal entropy does 

not account for any other variables; rather, it quantifies the 

uncertainty of variable 𝑄  only by calling this  F (Q) . 

Equation (9) defines the train data.  

 

C =  {(q1, l1), (q2, l2), … , (qN, lN)}                     (9)                                                                                    

As a consequence, the regression model can be expressed 

as follows Equation (10). 

 

l =  w(q)  =  Σ su ∗  J(q ∈  WK)                         (10)                                                                                           

where dl is the specific result associated with area WK, 𝑙 

is the expected output variable, w(q) represents the 

regression function, and 𝐽(𝑞 ∈ 𝑊𝐾)  is an indicator 

function that evaluates to 1 when the input 𝑞 falls inside 

region 𝑊𝐾 and 0 otherwise revalue using Equation (11). 

 

𝑤(𝑞) = ∑ 𝑆𝑘𝐻(𝑞𝜖𝑊𝐾)𝑘
𝑘=1                                    (11)                                                                                         

The following optimization problems must be solved to 

ascertain the values 𝑓𝑜𝑢𝑛𝑑𝑟ies given in Equations (12 and 

13) 

min u , r⎣ min s1∑wiϵW1 (u, r)(lh − s1)2 +

 min s1∑quϵW2 (u, r) (lh −  s2)2 ⎤                    (12)                                        

S1 =  ave((lu|qh ∈  Wh(u, s), ), S2 =  ave((lh|qh ∈

 W2(u, r))                                                               (13)                           

The process comprises selecting the optimal split variable 

(𝑢) after calculating the output values for each of the input 

variables. Each variable functions as a dividing line, 

separating the input space into two distinct sections (𝑢, 𝑠). 

After segmenting each region, the process is repeated until 

a stop condition is met.  They are skilled at capturing the 

intricate interactions between different facets of therapy 

and their impact on mental health because they can manage 

non-linear relationships between features. Moreover, DTs 

provide information about feature relevance, which aids in 

determining the therapy's most effective elements. Their 

ability to withstand outliers and eliminate the need for 

feature scaling makes data preparation easier. Their 

adaptability enables them to perform well with smaller 

datasets, which is advantageous if participant numbers are 

restricted. They can handle both numerical and categorical 

data with ease. Generally, decision trees provide a simple 

and efficient way to categorize and comprehend how 

virtual reality music therapy affects mental health and 

anxiety reduction. 

To improve categorization, Glow Worm Swarm 

Optimization (GWSO) and Decision Trees (DT) are 

combined in the Glow Worm Coactive Decision Tree 

(GW+DT). By fine-tuning settings and feature selection, 

GWSO maximizes DT while utilizing global search 

capabilities to increase accuracy. This hybrid technique 

provides robust performance and clear, actionable insights 

in data with complicated linkages by leveraging the 

interpretability of DT and the ability to investigate difficult 

decision boundaries of GWSO. Algorithm 1 shows the 

Glow Worm Coactive Decision Tree (GW+DT). 
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Algorithm 1: Glow Worm Coactive Decision Tree 

(GW+DT) 

Start  

1. Set parameters for GW and DT 

2. Load data 

3. Randomly initialize glow worms' position in the 

feature space and luciferin values. 

4. Evaluate the fitness of GW 

5. Update luciferin values: 𝑙ℎ(𝑎) = (1 − 𝜌)𝑙ℎ(𝑎 −

1) + 𝛾𝑤(𝑞ℎ(𝑎)) 

6.  Update decision domain range: 𝑤𝑥
ℎ(𝑎 = 1) =

𝑚𝑖𝑛{𝑤𝑒 , 𝑚𝑎𝑥{0, 𝑤𝑥
ℎ(𝑠) + 𝛽(𝑛𝑎 − |𝑁ℎ(𝑎)|)}} 

7. Update GW positions: 𝑞ℎ(𝑎 + 1) = 𝑞ℎ(𝑎) +

𝑟(
𝑞𝑢(𝑎)−𝑞ℎ(𝑎)

||𝑞𝑢(𝑎)−𝑞ℎ(𝑎)||
) 

8. Adjust inertia weight and position: 𝑞ℎ(𝑎 + 1) =

𝜔(𝑛)𝑞ℎ(𝑎) + 𝑡(
𝑞𝑢(𝑎)−𝑞ℎ(𝑎)

||𝑞𝑢(𝑎)−𝑞ℎ(𝑎)||
 

9. Extract selected features 

10. Train DT 

11. Evaluate  

END 

 

4  Results  
The system was built on a VR-ready gaming laptop with 

an Intel Core i9-11980HK CPU, 32 GB RAM, NVIDIA 

GeForce GTX 1080, and Windows 11. Unity served as the 

software development platform. The HP Microsoft mixed 

reality headset, a consumer-grade VR headset, was utilized 

for the head-mounted display. Hand tracking was carried 

out using leap motion technology. The headset's resolution 

is 1570 x 1500 per eye, with a refresh rate of 120 HZ and 

Self-Assessment Manikin (SAM) software for arousal and 

valence analysis of the patient. The program can work on 

less powerful devices, such as the Oculus Go. The study 

examined data from EEG measurements to determine the 

effect of a VR-based music guidance system on the 

regulation of emotion. The RFE approach was utilized to 

extract relevant features from the EEG recordings for 

classification, resulting in the greatest classification 

accuracy at each iteration. The proposed method was 

compared to traditional methods like Support Vector 

Machine (SVM) [16], Naive Bayes (NB) [16], Visual 

Geometry Group (VGG 16) [17], conventional neural 

network with gated recurrent unit (CNN + GRU) [17]. The 

performance was evaluated utilizing several matrices such 

as F1-Score, accuracy, and recall. The GW+DT technique 

was utilized to categorize emotional states, with a 

classification accuracy of 95%. The findings show that the 

treatment has a considerable favorable influence on 

emotional control in patients, underlining its potential as a 

therapeutic intervention depicted in the brain signals, as 

displayed in Figure 3. 

 

 
 

Figure 3: Emotional recognized brain waves 

 

Participant's arousal and valence levels were assessed with 

a SAM. SAM is a multimodal visualization assessment 

approach that assesses the individual's emotional reaction 

in three different categories: valence (from happy to 

unhappy), arousal (from aroused to calm), and domination 

(from emotional uncontrolled to control), as illustrated in 

Figure 4. Table 3 summarizes the outcomes of SAM. 

 

Table 3: Outcomes of SAM 

Emotion  Valence  Arousal  

Fear  -0.5 to -0.1 0.1 to 0.5 

Neutral  -0.5 to -0.3 -0.5 to -0.1 

Anger 0.1 to 0.3 0.4 to 0.8 

Joy  0 to 0.3 0.5 to 0.9 

Tenderness  0.3 to 0.5 -0.5 to -0.2 

Sadness  0.5 to 0.8 -0.5 to -0.2 

Disgust  0.6 to 0.9 -0.7 to -0.3 

Depressed  0.6 to 0.9 -0.7 to -0.3 

  

 
 

Figure 4: SAM Outcomes 

 

Patients who fell below or over the threshold were assessed 

as having a cheerful, sad, or neutral mentality. The 

outcomes demonstrated that true positive (TP) predicted 

yes (patients do move physically and express their 

emotion), true negative (TN) predicted no act of kindness, 

false positive (FP) predicted yes (patients do move 

physically and express their emotion), and false negative 

(FN) predicted no facial expression. The system's accuracy 

was evaluated for each average and gesture of affection. 

The study analyzed multi-variable correlation analysis 

which is shown in Figure 5. 
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Figure 5: Correlation matrix  

 

A method's accuracy is examined by the sum of TP and 

TN, or properly categorized items. The aforementioned are 

positioned on the predominant diagonal and ought to be 

reduced with the overall amount of forecasts, excluding 

misclassifications. The accuracy is constant throughout all 

classes. Figure 6 and Table 4 depict the accuracy of 

existing and proposed classification methods: accuracy of 

the SVM is 86%, NB is 61%, VGG 16 is 56.45%, CNN + 

GRU is 82.23% and the proposed GW+DT approach is 

95% recognized the participant's emotion. GW+DT 

surpasses the other algorithms, achieving the best accuracy 

in classification.  

 

Table 4: Accuracy 

 

Outcomes of Accuracy  

Methods Values (%) 

SVM [16] 86 

NB [16] 61 

VGG 16 [17] 56.45 

CNN+GRU [17] 84.23 

IGSO-DT [Proposed] 95 

 

 

Figure 6: Accuracy 

 

 

 

 

 

 

Table 5: Estimation of recall and F1-Score 

 

Methods  Recall  F1-Score  

VGG 16 [17] 72.69 76.4 

CNN+GRU [17] 79.63 77.36 

IGSO-DT 

[Proposed] 

82.10 80.52 

 
Recall: It is used to calculate a method's efficacy, 

especially in classification tasks, by gauging the model's 

capability to exactly recognize every pertinent event. It is 

resolute by isolating the sum of TN by the sum of FN. 

Table 5 evaluates the outcomes of Recall. Figure 7 depicts 

the evaluation of Recall. With a recall of 82.10, the 

suggested IGSO-DT technique outperformed CNN+GRU 

and VGG 16, which had recall values of 72.69 and 79.63, 

respectively, in identifying pertinent instances. This shows 

that IGSO-DT has a better detection performance and is 

more successful at reducing missed cases. 

 

 
 

Figure 7: Evaluation of F1 score and Recall 

 

F1- Score: The precision of the capacity to accurately 

identify positive outcomes and recall the capacity to catch 

all pertinent instances is taken into account when 

calculating the F1-Score, which is a metric, used to assess 

a model's accuracy. The average harmonic of recall and 

precision is used to calculate it. Table 5 summarizes the 

estimation of the F1 score. Figure 7 shows the outcomes of 

F1-Score. The model appears to successfully balance 

recall and precision if the suggested IGSO-DT approach 

attains an F1-Score of 80.50. This indicates that the model 

performs better than the VGG 16 (76.4%) and CNN+GRU 

(77.36%) methods in recognizing true cases with a little 

mistake. 

 

5  Discussion  
When it comes to classifying emotion, existing techniques 

like SVM [16] and NB [16] have significant drawbacks. 

Even while SVM is useful, it frequently has trouble 

processing high-dimensional data and can need a lot of 

hyperparameter tweaking to operate at its best. Overfitting 

and higher processing expenses can result from this. 

However, as this study's 61% accuracy shows, NB 
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oversimplifies complicated correlations in EEG data, 

which usually leads to lower classification accuracy. By 

fusing a decision tree-based classification strategy with 

feature extraction, the CNN+GRU [17] model, while 

combining spatial and temporal features, is resource-

intensive and prone to overfitting, requiring extensive 

hyper-parameter tuning. VGG 16 [17], though effective for 

image classification, has a large computational footprint 

and model size, making it less adaptable and efficient for 

varied tasks, the suggested GW+DT method overcomes 

these drawbacks. By adaptively fine-tuning its 

classification algorithm and dynamically picking pertinent 

features, GW+DT achieves a noteworthy 95% accuracy, 

82.10% recall and 80.52% F1-score, improvement in 

handling high-dimensional EEG data. This approach uses 

decision tree robustness and iterative learning to reduce 

overfitting, a major problem with SVM. Furthermore, 

GW+DT does not depend on the feature independence 

assumption as NB does, which enables it to recognize 

complex patterns and relations in the data. By taking 

advantage of these benefits, GW+DT overcomes the 

shortcomings of current techniques to provide a more 

precise and effective solution for emotional state 

classification. 

 

6 Conclusion  
This study demonstrates the enormous potential of VR-

based music therapy for improving emotional control and 

well-being among patients receiving chemotherapy. Using 

modern techniques such as EEG signal processing with 

RFE and GW+DT, the methodology obtained an 

impressive 95% accuracy in recognizing emotional states. 

The VR system revealed significant advantages over 

traditional approaches, offering a more immersive and 

engaging therapeutic experience. The findings 

demonstrate the usefulness of combining VR technology 

with music therapy as a unique and effective strategy for 

enhancing mental health and emotional stability in a 

clinical environment. The findings confirmed that virtual 

reality can suggest more pleasant, neutral in nature, and 

anxious feelings than self-imagination, as well as increase 

singing skills through emotional engagement. The VR 

training method is regarded as an efficient way to enhance 

voice music instruction techniques. Future studies ought to 

examine the broader applicability and long-term effects of 

this new therapeutic technique.  
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A PV (photovoltaic) controller is a device used in solar energy systems to manage the charging of 

batteries from solar panels efficiently. Total Harmonic Distortion (THD) reduction in PV (photovoltaic) 

systems is crucial for ensuring the efficient and reliable operation of the system while minimizing 

potential interference with the grid or other connected electrical equipment. This paper proposes an 

effective THD reduction model for PV applications. The proposed model incorporates the Unified 

Power Quality Conditioners (UPQC) for photovoltaic (PV). The UPQC in the PV is Optimized with the 

Seagull model for the estimation of values in the PV system. The optimization is performed with the 

Second-order derivatives of the Enhanced Second-Order Generalized Integrator (ESOGI). The derived 

model of the ESOGI model uses the Adaptive Neuro-Fuzzy Inference System (ANFIS) with SeaGull 

Optimization (SGO) for the voltage regulation in the PV system. The performance of the proposed model 

is implemented and tested with the different parameters illustrated that the performance of UPQC 

systems in terms of Total Harmonic Distortion (THD), Voltage Regulation, Power Factor Improvement, 

Reactive and Real Power Compensation, Voltage Stability, and Grid Stability. The proposed 

methodology demonstrates significant reductions in THD, tighter voltage regulation, enhanced power 

factor, and improved grid stability compared to conventional control techniques. The ESOGI-ANFIS-

SGO optimization approach exhibits robustness and adaptability in handling variations in PV power 

output and grid conditions. 

Povzetek: Raziskava je pokazala, kako izboljšati učinkovitost uporabe sončnih panelov z vpeljavo UI 

algoritmov, za zmanjšanje harmoničnega popačenja in izboljšanje izkoristka. 

 

1 Introduction 
Photovoltaic (PV) is a method that uses semiconducting 

materials, like silicon, to directly transform sunlight into 

electricity. Offering a clean and sustainable alternative to 

traditional power generation based on fossil fuels, it is a 

quickly expanding field within the larger realm of 

renewable energy [1]. The photovoltaic effect, which was 

found in the nineteenth century and states that certain 

materials can generate an electric current when exposed 

to light, is the basic principle underlying photovoltaics 

[2]. Photons from the sun's rays reach the surface of a 

photovoltaic cell, where they are converted into an 

electric current by transferring their energy to the 

semiconductor material's electrons [3]. PV technology 

has evolved significantly over the years, with 

advancements in materials, manufacturing processes, and 

system design, leading to increased efficiency and 

reduced costs. Today, PV systems can be found in 

various forms, from small-scale rooftop installations on 

residential buildings to large utility-scale solar farms [4]. 

The environmental benefits of PV are substantial, as it 

produces electricity without emitting greenhouse gases or 

other pollutants associated with conventional power 

generation [5]. Additionally, PV systems require minimal  

 

maintenance and have a long operational lifespan,  

making them an attractive option for sustainable energy 

production. photovoltaics (PV) with Unified Power 

Quality Conditioner (UPQC) represents a significant 

advancement in the field of renewable energy integration 

and power quality management [6]. PV systems harness 

sunlight to generate electricity, providing a clean and 

sustainable energy source. However, variations in solar 

irradiance and other external factors can lead to 

fluctuations in the power output of PV installations, 

impacting the quality and stability of the electricity 

supply [7]. 

A unified power quality conditioner (UPQC) is 

a high-tech electrical device that can reduce voltage dips, 

spikes, harmonics, and flicker [8]. with integrating PV 

systems with UPQCs, it becomes possible to enhance the 

overall performance and reliability of the power 

generation process. The UPQC can actively regulate 

voltage and current waveforms, compensating for any 

fluctuations or disturbances caused by the intermittent 

nature of solar energy [9]. This ensures a consistent and 

high-quality supply of electricity to the grid or connected 

loads, improving system efficiency and reliability [10]. 

UPQCs enable PV systems to seamlessly integrate with 

existing electrical grids, reducing the risk of disruptions 
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and enhancing overall grid stability [11]. Integrating 

renewable energy sources into the power infrastructure is 

made easier with PV and UPQC technology, which helps 

with the transition to a more sustainable and resilient 

energy system [12]. This integrated approach not only 

maximizes the utilization of renewable energy resources 

but also helps to address challenges associated with grid 

integration and power quality management. 

Photovoltaics (PV) with Unified Power Quality 

Conditioner (UPQC) technology marks a significant 

advancement in renewable energy integration and power 

quality management [13]. PV systems, while offering 

clean energy, are susceptible to fluctuations in solar 

irradiance, which can affect the stability and quality of 

electricity output. Unified Power Quality Conditioners 

(UPQCs), equipped with voltage source converters and 

control algorithms, actively regulate voltage and current 

waveforms, compensating for disturbances and ensuring 

a consistent power supply [14]. With integrating PV with 

UPQC, several benefits emerge: improved power quality 

through active compensation for voltage fluctuations and 

harmonic distortions, enhanced grid integration 

facilitating seamless incorporation into existing electrical 

grids, increased grid stability by mitigating sudden 

changes in PV output, and optimized energy 

management with dynamic voltage regulation and active 

power filtering [15]. 

The paper makes several significant 

contributions to the field of power electronics and 

renewable energy systems. Firstly, it introduces a novel 

approach for optimizing Unified Power Quality 

Conditioners (UPQC) specifically tailored for 

photovoltaic (PV) applications. By integrating Enhanced 

Second-Order Generalized Integrator (ESOGI) and 

Adaptive Neuro-Fuzzy Inference System (ANFIS) with 

SeaGull Optimization (SGO), the study presents a 

comprehensive solution for enhancing the performance 

of UPQC systems. This integrated methodology allows 

for efficient power conditioning, improved voltage 

regulation, and enhanced power factor correction, 

thereby addressing the challenges associated with PV 

integration into the grid. Additionally, the paper 

demonstrates the effectiveness of the proposed technique 

through rigorous simulation and analysis, providing 

insights into its efficacy under various operating 

conditions and grid disturbances. Overall, the 

contribution of this research lies in providing a robust 

and adaptive control strategy for UPQC systems in PV 

applications, thereby facilitating the seamless integration 

of renewable energy sources into the power grid while 

ensuring high-quality and stable power supply. 

 

2 Related works 
Unified Power Quality Conditioners offer a compelling 

solution by actively regulating voltage and current 

waveforms, compensating for fluctuations and 

disturbances in the power supply. In recent years, 

significant efforts have been devoted to investigating the 

synergistic integration of UPQC with PV systems, 

aiming to enhance power quality, grid integration, and 

overall system performance. Srilakshmi et al. (2022) 

performed research to improve UPQC performance by 

developing a Multiobjective Neuro-Fuzzy Controller and 

selecting filter parameters using Enhanced Harmony 

Search Optimization and Predator Prey Firefly methods 

[16]. The aim of this study is to improve the 

effectiveness of UPQC systems in mitigating power 

quality issues by integrating advanced control strategies 

and optimization algorithms. The Srimatha et al. (2023) 

introduces another research effort where a novel ANFIS-

controlled customized UPQC device is proposed for 

power quality enhancement, suggesting a different 

approach to controlling UPQC systems [17]. 

Srilakshmi et al. (2023) present a study on the 

design of UPQC systems integrated with solar PV and 

battery storage for power quality improvement, 

indicating the growing interest in combining renewable 

energy sources with power quality solutions. Mahar et al. 

(2022) contribute to the field by implementing an ANN 

controller-based UPQC integrated with a microgrid, 

showcasing the application of artificial neural networks 

in controlling power quality devices [18-19]. Also, a 

multi-objective hybrid controller for PV-battery unified 

power quality conditioner is proposed by Srilakshmi et 

al. (2022), showing how AI techniques can be used to 

design sophisticated control systems. In their study, 

Navya et al. (2024) compare the efficiency of various 

control strategies by analyzing the Interline Unified 

Power Quality Conditioner (IUPQC) with PI Fuzzy and 

ANFIS controllers [20]. 

The authors Srilakshmi et al. (2024) showcase 

an ideal layout for UPQC systems that are powered by 

electric vehicles (EVs), solar panels, wind turbines, and 

batteries. They emphasize the need of integrating various 

renewable energy sources and storage systems to manage 

power flow and quality comprehensively. This study by 

Ramadevi et al. (2023) demonstrates the use of state-of-

the-art computational methods in control system design 

by investigating the best way to implement artificial 

neural network controllers for a unified power quality 

conditioner that is connected to both solar panels and 

batteries [21-22]. Kumarar et al. (2024) contribute to the 

field with a study on voltage stability analysis for grid-

connected PV systems using optimized control based on 

Internet of Things (IoT) and ANFIS, addressing the 

stability concerns associated with renewable energy 

integration. Srilakshmi et al. (2024) propose a green 

energy-sourced AI-controlled multilevel UPQC 

parameter selection approach using football game 

optimization, emphasizing the use of nature-inspired 

optimization algorithms for efficient UPQC design [23]. 

Gandhar et al. (2022) provide a mathematical 

framework for isolated microgrid systems based on 

renewable energy sources (RES) that is ANFIS-tuned 

and UPQC controlled. This framework offers a 

systematic approach to integrating RES into microgrid 

environments [24]. In their proposal for an optimal 

power quality improvement controller with a 

photovoltaic array (PVA) connected UPQC, 

Simhachalam and Goswami (2024) show how versatile 

fuzzy logic techniques can be when dealing with power 
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quality issues. In their study, Tounsi et al. (2023) present 

a fuzzy logic controller that improves the stability and 

reliability of UPQC systems. This controller is designed 

for photovoltaic panels and includes voltage 

compensation and stability features [25]. To maximize 

the effectiveness of UPQC in mitigating power quality 

issues, Yadav et al. (2023) use a hybrid approach to 

explore the optimal placement of UPQC in distribution 

networks. They emphasize the importance of strategic 

placement [26-27]. Hybrid control techniques have the 

ability to improve the efficiency of renewable energy 

systems, as demonstrated by Sowmya Sree and 

Ankarao's (2023) work on improving power quality in 

solar-wind grid-connected systems using a genetic-based 

ANFIS controller. 

In their 2022 study, Cholamuthu et al. showcase 

the integration of advanced control techniques to 

improve power quality in hybrid energy systems. They 

propose a grid-connected solar PV/wind turbine-based 

hybrid energy system that uses an ANFIS controller for a 

hybrid series active power filter [28-29]. To improve the 

efficiency and functionality of UPQC systems in grid-

connected applications, Dongre et al. (2023) offer a new 

method with a solar PV-supported multi-functional 

UPQC for three-phase systems that incorporates a VCO-

less-FLL (Voltage-Controlled Oscillator-less Frequency-

Locked Loop). Srilakshmi et al. (2023) examine the 

efficacy of fuzzy logic in microgrid settings for 

controlling power flow and improving power quality by 

analyzing a fuzzy-based controller for wind and battery-

fed UPQC. Proposing a power quality enhancement 

strategy that utilizes a multi-level inverter with UPQC 

and a robust backpropagation neural network strategy, 

Sekhar and Manikandan (2022) show how neural 

network-based methods can improve the stability and 

performance of UPQC systems. Srilakshmi et al. (2022) 

design a hybrid controller for solar-battery integrated 

UPQC based on soccer league optimization, showcasing 

innovative optimization techniques for parameter tuning 

in UPQC systems, particularly in renewable energy 

applications. 

In their study, Vamsi et al. (2022) demonstrate 

how adaptive neuro-fuzzy inference systems can improve 

grid stability and reduce harmonics in PV systems by 

applying ANFIS to a grid-connected system that uses an 

Active Power Filter (APF) to improve power quality 

[30]. The versatility of intelligent control techniques in 

various renewable energy applications is demonstrated 

by Sivasubramanian and Veerayan (2024), who present 

control approaches based on ANN and ANFIS to 

improve the efficiency of solar PV-driven water pumping 

systems that use a quasi Z-source converter. In their 

study, Okwako et al. (2022) present a grid-connected 

UPQC that is controlled by a neural network. The 

authors highlight how artificial neural networks can 

optimize UPQC system operations and integrate 

renewable energy sources into the grid [31-32]. Offering 

a holistic approach to controller design that takes into 

account various performance objectives in UPQC 

systems, Alam and Arya (2022) present a Volterra 

LMS/F-based control algorithm for UPQC with multi-

objective optimized PI controller gains [33-34]. 

Ratnakaran et al. (2023) present an artificial ecosystem-

optimized neural network-controlled UPQC for 

microgrid applications, demonstrating the potential of 

bio-inspired optimization techniques in enhancing the 

performance and adaptability of UPQC systems in 

dynamic microgrid environments [35]. 

The complexity associated with employing 

sophisticated optimization algorithms like Predator Prey 

Firefly and Enhanced Harmony Search Optimization 

could pose challenges in terms of computational 

resources and real-time implementation feasibility. 

Moreover, while simulation studies may demonstrate 

promising results, the lack of extensive real-world 

validation remains a notable gap. Validation in practical 

scenarios is crucial to ascertain the effectiveness and 

reliability of proposed control strategies. The scalability 

and generalizability of these techniques across different 

UPQC configurations and grid environments require 

further exploration and refinement. Additionally, 

ensuring the robustness and reliability of control 

algorithms under diverse operating conditions, 

disturbances, and fault scenarios necessitates ongoing 

research and optimization efforts [36-37]. The integration 

with existing grid infrastructure and adherence to grid 

codes and standards are paramount for widespread 

deployment, but challenges in this area persist. With 

advancements are made in control strategies, 

considerations of cost-effectiveness, initial investment, 

maintenance expenses, and energy savings are imperative 

for the economic viability and adoption of UPQC 

systems. 

 

3 SeaGull optimization 
In recent years, the application of optimization 

techniques in the field of power quality enhancement, 

particularly in Unified Power Quality Conditioners 

(UPQC) integrated with photovoltaic (PV) systems, has 

gained significant attention. Among these optimization 

methods, SeaGull Optimization (SGO) has emerged as a 

promising approach due to its ability to efficiently search 

for optimal solutions in complex, nonlinear optimization 

problems. The derivation of the SeaGull Optimization 

algorithm involves mimicking the behavior of seagulls in 

search of food. It is based on the principles of social 

interaction and movement patterns observed in flocks of 

seagulls. The algorithm consists of multiple seagull 

agents, each representing a potential solution to the 

optimization problem. Through a mix of local and global 

information exchange mechanisms, these agents position 

themselves to iteratively explore the solution space. The 

movement of each seagull agent i at iteration 𝑡 is 

computed using equation (1) 

 

𝑋𝑖
𝑡+1 =  𝑋𝑖

𝑡 +  𝑉𝑖
𝑡+1                 (1) 

 

In equation (1) 𝑋𝑖
𝑡 represents the position of 

seagull i at iteration t, and 𝑉𝑖
𝑡+1 denotes the velocity 

vector of seagull i at iteration t+1. The velocity vector 

𝑉𝑖
𝑡+1 is computed using the following equation (2) 
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𝑉𝑖
𝑡+1 =  𝜔. 𝑉𝑖

𝑡 + 𝑐1. 𝑟1. (𝑃𝑖
𝑡 − 𝑋𝑖

𝑡) + 𝑐2. 𝑟2. (𝐺𝑡 −  𝑋𝑖
𝑡)(2) 

 

In equation (2) 𝑤 is the inertia weight 

determining the impact of the previous velocity, 𝑐1 and 

𝑐2 are the acceleration coefficients controlling the 

influence of the personal best (𝑃𝑖
𝑡) and global best (Gt) 

solutions, 𝑟1 and 𝑟2 are random numbers uniformly 

distributed in the range [0,1] [0,1]. The personal best 

solution (𝑃𝑖
𝑡) represents the best position found by 

seagull i up to iteration t, while the global best solution 

(𝐺𝑡) represents the best position among all seagulls up to 

iteration t. Figure 1 illustrated the optimization of PV 

features with the seagull flow chart is presented.  

 

 
Figure 1: Flow chart of seagull 

SeaGull Optimization is a metaheuristic 

algorithm inspired by the foraging behavior of seagulls. 

It mimics the movement patterns of seagulls while 

searching for food and has been adapted for solving 

optimization problems. In the context of UPQC in PV 

systems, SGO can be employed to optimize various 

aspects such as control parameters, filter settings, and 

system configurations to improve power quality and 

efficiency. The SGO involves modeling the movement of 

virtual seagulls in a search space, where each seagull 

represents a potential solution to the optimization 

problem. These seagulls move iteratively through the 

search space, guided by both their individual experiences 

(personal best) and the collective knowledge of the flock 

(global best). This dual guidance mechanism allows SGO 

to efficiently explore the search space and converge 

towards optimal solutions. The movement of each 

seagull is governed by equations that determine its 

position in the search space. These equations typically 

involve updating the position of each seagull based on its 

current position, velocity, and the influence of personal 

and global best solutions. Through iterative refinement, 

SGO dynamically adjusts the positions of the seagulls 

until satisfactory solutions are found. In the context of 

UPQC in PV systems, the objective function to be 

optimized may include parameters related to power 

quality indices (such as Total Harmonic Distortion, 

voltage regulation, etc.), system efficiency, and other 

performance metrics. The SGO algorithm iteratively 

adjusts the control parameters and filter settings of the 

UPQC system to minimize the objective function and 

achieve optimal performance. 

 

 

 

4 ESOGI ANFIS optimization 
In the context of the Unified Power Quality Conditioner 

(UPQC) for solar photovoltaic (PV) applications, the 

utilization of Enhanced Second-Order Generalized 

Integrator (ESOGI) combined with Adaptive Neuro-

Fuzzy Inference System (ANFIS) optimization represents 

a sophisticated approach to designing second-order fuzzy 

logic inverters. This paragraph could outline the 

derivation and equations involved in this method. The 

Enhanced Second-Order Generalized Integrator (ESOGI) 

is a control technique commonly used in power 

electronic applications for grid-connected systems. It is 

an essential part of the UPQC's control strategy because 

it helps with reference signal extraction and 

compensating voltage generation, which in turn helps 

with power quality problems like harmonics, voltage 

drops, and surges. Parameters of the second-order fuzzy 

logic inverter within the UPQC system can be fine-tuned 

using a data-driven approach introduced by Adaptive 

Neuro-Fuzzy Inference System (ANFIS) optimization 

occurring simultaneously. In order to optimize 

parameters efficiently using input-output training data, 

ANFIS integrates the adaptability of neural networks 

with the interpretability of fuzzy logic systems. The 

ESOGI is an enhanced version of the traditional SOGI 

used in power electronics applications. The typical 

represented by the following second-order differential 

equation stated in equation (3) 

 

𝑣̈𝑑 + 2𝜁𝜔𝑛𝑣̇𝑑 + 𝜔𝑛
2𝑣𝑑 =  𝜔𝑛

2𝑣𝑟𝑒𝑓             (3) 

 

In equation (3) 𝑣𝑑 is the output voltage of the SOGI; 

𝑣̈𝑑 is the second derivative of 𝑣𝑑; 𝜁 is the damping ratio; 

𝜔𝑛 is the natural frequency and 𝑣𝑟𝑒𝑓  is the reference 

voltage. The SOGI is designed to track the reference 

voltage (𝑣𝑟𝑒𝑓)and generate a control signal to maintain 

the desired output voltage (𝑣𝑑). ANFIS is a hybrid 

computational model that combines fuzzy logic 

principles with neural network learning algorithms to 

optimize control parameters. It typically involves the 

following steps: 

• Membership function generation: Fuzzy 

membership functions are defined to fuzzify the 

input and output variables. 

• Fuzzy rule formation: Linguistic rules are 

formulated to represent the relationship between 

input and output variables. 

• Fuzzy inference: Fuzzy logic inference is 

applied to determine the degree of activation of 

each rule. 

• Parameter optimization: Parameters of the 

fuzzy inference system are optimized using a 

learning algorithm, such as gradient descent or 

least squares. 
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Figure 2: UPQC with ANFIS In PV 

 

Figure 2 presented the Simulink model for the UPQC 

with the ANFIS in PV system for the THD reduction.  In 

the context of the UPQC for solar PV applications, the 

ESOGI acts as the core control mechanism, while ANFIS 

optimizes the parameters of the second-order fuzzy logic 

inverter within the UPQC system. The integration 

involves training the ANFIS model using historical data 

to fine-tune the parameters of the fuzzy logic controller, 

such as the gains and thresholds, to achieve the desired 

performance objectives. The optimization process aims 

to minimize an objective function, typically representing 

the error between the actual UPQC performance and the 

desired targets calculated using equation (4) 

 

𝐽(𝜃) =
1

𝑁
∑ (𝑦𝑖 − 𝑦⏞

𝑖
)

2𝑁
𝑖=1                  (4)   

                                

In equation (4) 𝐽(𝜃) is the objective function; 𝑁 is 

the number of training samples; 𝑦𝑖is the actual output; 

𝑦⏞
𝑖
is the predicted output and 𝜃 represents the parameters 

of the ANFIS model. The optimization algorithms can be 

employed to train the ANFIS model and minimize the 

objective function. Common techniques include gradient 

descent, backpropagation, or hybrid approaches 

combining evolutionary algorithms with gradient-based 

methods.  In this step, fuzzy membership functions are 

defined to fuzzify the input and output variables. Let's 

denote the input variable as x and its linguistic terms as 

𝐴1, 𝐴2, … , 𝐴𝑚. Similarly, let's denote the output variable 

as y and its linguistic terms as 𝐵1, 𝐵2, … , 𝐵𝑛. The 

membership functions for each linguistic term are 

typically defined using parametric curves such as 

Gaussian, triangular, or trapezoidal functions. For 

example, a Gaussian membership function 𝜇𝐴𝑖(𝑥) for the 

input linguistic term 𝐴𝑖 can be defined as in equation (5) 

 

𝜇𝐴𝑖(𝑥) = 𝑒𝑥𝑝 (−
(𝑥−𝑐𝑖)2

2𝜎𝑖
2 )                (5)                              

In equation (5) 𝑐𝑖 is the center and 𝜎𝑖
2 is the width 

of the membership function 𝐴𝑖. Linguistic rules represent 

the relationship between input and output variables. Let's 

consider 𝑝 fuzzy rules of the form stated in equation (6) 

 

𝑅𝑢𝑙𝑒 𝑝:  𝐼𝑓 𝑥 𝑖𝑠 𝐴𝑖 𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵𝑗
,  𝑡ℎ𝑒𝑛 𝑟𝑢𝑙𝑒 𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ = 𝛼𝑝 = 𝜇𝐴𝑖(𝑥) × 𝜇𝐵𝑗(𝑦)      (6)   

 

where 𝛼𝑝 represents the degree of activation of rule 𝑝, 

and 𝜇𝐴𝑖(𝑥) and  𝜇𝐵𝑗(𝑦) are the membership grades of 

the input and output variables, respectively. Fuzzy logic 

inference combines the activated rules to generate a 

fuzzy output. Let's denote the output of each rule as 𝑦~𝑝. 

The overall fuzzy output y~ is computed as a weighted 

average of the individual rule outputs stated in equation 

(7) 

𝑦̃ =  
∑ 𝛼𝑝𝑦̃𝑝

𝑃
𝑝=1

∑ 𝛼𝑝
𝑃
𝑝=1

                    (7)         

                                                                

In equation (7) 𝑃 is the total number of activated rules. 

Parameters of the fuzzy inference system, including 

membership function parameters (𝑐𝑖 and 𝜎𝑖) and rule 

weights (𝛼𝑝), are optimized using a learning algorithm. 

ANFIS employs a hybrid learning approach that 

combines gradient-based optimization and least squares 

estimation. The objective function to be minimized 

typically consists of the mean squared error (MSE) 

between the actual output 𝑦 and the desired output 𝑑. The 

parameters are updated iteratively using techniques such 

as gradient descent or backpropagation through the 

ANFIS architecture. 
The SGO algorithm involves the following steps: 

• Initialization: Initialize a population of potential 

solutions, represented as positions in a 

multidimensional search space 

• Fitness Evaluation: Evaluate the fitness of each 

solution using an objective function that 

quantifies how well the solution performs 

according to predefined criteria. 

• Exploration and Exploitation: Iteratively 

improve solutions through exploration and 

exploitation phases, mimicking the foraging 

behavior of sea gulls. 

• Selection: Select the best solution(s) based on 

fitness evaluation, typically using selection 

mechanisms such as tournament selection or 

elitism to determine which solutions survive and 

reproduce in the next generation. 

The objective function for optimization aims to 

minimize the error between the actual UPQC 

performance and the desired targets, considering factors 

such as voltage regulation, harmonic mitigation, and 

power factor correction. In the integration process, the 

parameters of both the ESOGI and ANFIS are optimized 

simultaneously using the SGO algorithm. The objective 

function is formulated to consider the performance 

metrics of the UPQC system and guide the optimization 

process towards achieving the desired targets. 
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5  UPQC ESOGI ANFIS optimization 

for PV 
A power electronic device called a Unified Power 

Quality Conditioner (UPQC) is optimized for use in 

photovoltaic (PV) applications by combining ESOGI and 

the Adaptive Neuro-Fuzzy Inference System (ANFIS). 

UPQC is used to reduce problems with power quality in 

distribution systems, including voltage sag, harmonics, 

reactive power compensation, and harmonics. Voltage 

regulation and disturbance mitigation are accomplished 

by means of UPQC's series and shunt active power 

filters. ESOGI is a control algorithm used in UPQC to 

estimate and compensate for grid voltage disturbances. 

The extension of the classical second-order generalized 

integrator (SOGI) and provides enhanced performance in 

terms of tracking grid voltage variations and rejecting 

disturbances. The ESOGI algorithm involves the 

following equations (8) – (11) 

 

𝑣𝑑−𝑒𝑟𝑟 =  𝑣𝑑𝑐 − 𝑣𝑑                (8)                                        

𝑣𝑞−𝑒𝑟𝑟 =  𝑣𝑞                 (9)                                             

𝑖𝑑−𝑒𝑟𝑟 =  𝑖𝑑 −  𝑖𝑑−𝑟𝑒𝑓              (10)                                  

𝑖𝑑−𝑒𝑟𝑟 =  𝑖𝑑 −  𝑖𝑑−𝑟𝑒𝑓              (11)  

                                 

In equation (8) – (11) 𝑣𝑑𝑐  is the DC bus voltage; 

𝑣𝑑 and 𝑣𝑞are the d and q components of the grid voltage; 

𝑖𝑑 and 𝑖𝑞 are the d and q components of the grid current; 

𝑖𝑑−𝑟𝑒𝑓and 𝑖𝑞−𝑟𝑒𝑓  are the reference d and q currents; 

𝑣𝑑−𝑒𝑟𝑟  and 𝑣𝑞−𝑒𝑟𝑟 are the error signals for the d and q 

components of the grid voltage; 𝑖𝑑−𝑒𝑟𝑟  and 𝑖𝑞−𝑒𝑟𝑟are the 

error signals for the d and q components of the grid 

current. The optimization process aims to enhance the 

performance of UPQC for PV applications by adjusting 

the control parameters of ESOGI and ANFIS. This 

optimization can be formulated as a multi-objective 

optimization problem, where the objectives may include 

minimizing grid voltage deviations, maximizing power 

injection from PV panels, and minimizing harmonic 

distortion. The optimization algorithm, such as SeaGull 

Optimization (SGO), can be applied to search for the 

optimal set of parameters for both ESOGI and ANFIS 

simultaneously. 

The optimization of Unified Power Quality 

Conditioner (UPQC) for photovoltaic (PV) applications 

involves integrating the Enhanced Second-Order 

Generalized Integrator (ESOGI) and Adaptive Neuro-

Fuzzy Inference System (ANFIS) while employing 

optimization techniques like SeaGull Optimization 

(SGO) to enhance performance. ESOGI, an advanced 

control algorithm, estimates and compensates for grid 

voltage disturbances. Its core equations include error 

signals for the d and q components of grid voltage 

(vd_err and vq_err) and grid current (id_err and iq_err). 

On the other hand, ANFIS combines fuzzy logic 

principles with neural network learning algorithms, 

utilizing membership functions, fuzzy rule formation, 

fuzzy inference, and parameter optimization. The 

optimization process aims to minimize grid voltage 

deviations, maximize power injection from PV panels, 

and reduce harmonic distortion, formulated as a multi-

objective optimization problem. SGO is employed to 

simultaneously optimize the parameters of ESOGI and 

ANFIS, leading to improved UPQC performance in PV 

systems. The ESOGI algorithm is a control strategy used 

to estimate and compensate for grid voltage disturbances. 

Grid voltage transformation from abc to dq0 frame stated 

in equation (12) 

 

(
𝑣𝑑

𝑣𝑞
) =  (

𝑐𝑜𝑠(𝜃) −𝑆𝑖𝑛(𝜃)

𝑆𝑖𝑛(𝜃) 𝐶𝑜𝑠(𝜃)
) (

𝑣𝑎

𝑣𝑏

𝑣𝑐

)            (12)     

                 

where 𝜃 is the angle of the grid voltage. The error signals 

for the d and q components of grid voltage (𝑣𝑑_𝑒𝑟𝑟
 𝑎𝑛𝑑 𝑣𝑞_𝑒𝑟𝑟) computed using equation (13) and (14) 

 

𝑣𝑑−𝑒𝑟𝑟 =  𝑣𝑑
∗ − 𝑣𝑑           (13)                                        

𝑣𝑞−𝑒𝑟𝑟 =  𝑣𝑞
∗ − 𝑣𝑞            (14)   

                                     

where 𝑣𝑑
∗and 𝑣𝑞

∗ are the reference values for the d and q 

components of the grid voltage, respectively. The Error 

signals for the d and q components of grid current (id_err 

and iq_err) defined in equation (15) and (16) 

 

𝑖𝑑−𝑒𝑟𝑟 =  𝑖𝑑
∗ − 𝑖𝑑           (15)                                    

𝑖𝑞−𝑒𝑟𝑟 =  𝑖𝑞
∗ − 𝑖𝑞            (16)    

                                

In equation (15) and (16) 𝑖𝑑
∗  and 𝑖𝑞

∗  are the reference 

values for the d and q components of the grid current, 

respectively. ANFIS is employed to optimize the 

parameters of the fuzzy logic controller within the UPQC 

system. The key equations involved in ANFIS are related 

to its learning algorithm, which combines fuzzy logic 

principles with neural network techniques. 

NFIS involves the following steps: 

 

A. Membership function generation 

Fuzzy membership functions are defined for input and 

output variables. 

B. Fuzzy rule formation 
Linguistic rules represent the relationship between input 

and output variables. 

C.Fuzzy inference 
Fuzzy logic inference determines the degree of activation 

of each rule. 

D.Parameter optimization 

Parameters of the fuzzy inference system are optimized 

using a learning algorithm. 

The objective function for optimization aims to minimize 

the error between the actual UPQC performance and the 

desired targets, considering factors such as voltage 

regulation, harmonic mitigation, and power factor 

correction. 

 

6   Simulation results and discussion 
The UPQC ESOGI ANFIS optimization for PV 

applications, extensive simulations were conducted to 

evaluate the performance of the proposed system. The 

simulations aimed to assess various aspects such as 
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voltage regulation, harmonic mitigation, power factor 

correction, and overall grid stability. The results obtained 

from the simulations demonstrated significant 

improvements in the performance of the UPQC system 

compared to conventional control methods. Firstly, the 

voltage regulation capabilities of the UPQC system were 

evaluated under different operating conditions and grid 

disturbances. The ESOGI algorithm effectively estimated 

and compensated for grid voltage fluctuations, ensuring 

that the output voltage remained within acceptable limits. 

This led to enhanced voltage stability and regulation, 

particularly during transient conditions and voltage sags 

or swells. Secondly, the harmonic mitigation capabilities 

of the UPQC system were analyzed. By employing 

ANFIS for parameter optimization, the UPQC system 

efficiently suppressed harmonics generated by the PV 

inverters, thereby reducing harmonic pollution in the 

grid. The optimized fuzzy logic controller adjusted the 

compensation currents dynamically, effectively 

mitigating harmonic distortions and improving the 

overall power quality. The power factor correction 

functionality of the UPQC system was examined. The 

combined use of ESOGI and ANFIS facilitated rapid and 

accurate correction of power factor variations, ensuring 

that the system operated at near unity power factor 

levels. This contributed to improved energy efficiency 

and reduced reactive power demand from the grid. Table 

1 presented the simulation setting for the proposed 

UPQC model for the PV system. 

 

Table 1: Simulation setting 

Parameter Value 

Simulation Duration 24 hours 

Time Step 1 ms 

PV System Capacity 100 kW 

Grid Voltage 415 V (RMS) 

Grid Frequency 50 Hz 

Load Type Nonlinear 

Disturbance Type Voltage Sag 

UPQC Rating 50 kVA 

Control Algorithm ESOGI ANFIS 

Optimization Algorithm SeaGull Optimization 

Grid Connection Type Three-phase 

 

Table 2: ESOGI ANFIS for power conditioning 

 

The table 2 presents the performance metrics of a power 

conditioning system, specifically focusing on different 

power variations: low, medium, and high. For the low 

power variation scenario, the Total Harmonic Distortion 

(THD) is measured at 3.2%, indicating a relatively clean 

output waveform. The Voltage Regulation (RMS) is at 

1.1%, suggesting stable voltage levels close to the 

desired value. The Power Factor stands at 0.92, 

indicating good utilization of power resources. The 

Voltage Deviation is within ±1.5%, signifying minimal 

fluctuations around the target voltage level. Additionally, 

the system achieves a notable THD Reduction of 38.9%, 

showcasing its effectiveness in mitigating harmonic 

distortion. As the power variation increases to the 

medium level, the THD rises to 4.8%, indicating a slight 

degradation in the waveform quality. The Voltage 

Regulation (RMS) increases to 1.8%, indicating a 

slightly less stable voltage output compared to the low 

variation scenario. The Power Factor decreases to 0.89, 

suggesting less efficient utilization of power resources. 

The Voltage Deviation widens to ±2.0%, indicating 

increased fluctuations around the desired voltage level. 

Despite these challenges, the system still manages to 

achieve a significant THD Reduction of 30.5%, albeit 

lower than in the low variation scenario. Figure 3 – 5 

presented the output generated from the PV system with 

the ESOGI ANFIS. 

 

Figure 3: Output power with ESOGI ANFIS 

 

Figure 4: Harmonic spectrum of ESOGI ANFIS 
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Figure 5: Power factor of ESOGI ANFIS 

 

In the case of high power variation, the THD further 

increases to 6.5%, indicating more significant distortion 

in the output waveform. The Voltage Regulation (RMS) 

rises to 2.5%, indicating less stable voltage levels 

compared to both low and medium variations. The Power 

Factor decreases to 0.85, suggesting even less efficient 

power utilization under high variation conditions. The 

Voltage Deviation widens to ±2.8%, indicating more 

substantial fluctuations around the desired voltage level. 

Despite these challenges, the system still achieves a 

respectable THD Reduction of 24.7%, albeit lower than 

in the previous scenarios. 

 

Table 3: THD computation for the different power level 

Voltage Level (V) THD (%) 

220 3.5 

230 3.1 

240 2.8 

250 2.5 

 

The presented data illustrates the Total Harmonic 

Distortion (THD) levels at different voltage levels, 

namely 220V, 230V, 240V, and 250V stated in Table 3. 

As the voltage level increases from 220V to 250V, there 

is a noticeable decrease in THD percentage. At 220V, the 

THD is recorded at 3.5%, indicating a moderate level of 

distortion in the output waveform. With a slight increase 

in voltage to 230V, the THD decreases to 3.1%, 

suggesting an improvement in waveform quality as 

voltage rises. Subsequently, at 240V, the THD decreases 

further to 2.8%, indicating a cleaner output waveform 

with reduced distortion compared to lower voltage levels. 

Finally, at the highest voltage level of 250V, the THD 

drops to 2.5%, signifying the highest level of waveform 

purity among all the voltage levels tested. The proposed 

ESOGI ANFIS model THD estimation are presented in 

Figure 6 and THD for the different voltage levels are 

presented in Figure 7. 

 

Figure 6: THD with ESOGI ANFIS 

 

Figure 7: THD with ESOGI ANFIS for different voltages 

Table 4: ESOGI ANFIS estimation  

Voltage 

Level 

(V) 

Voltage 

Regulation 

(RMS) (%) 

Power 

Factor 

Voltage 

Deviation 

(V) 

220 2.3 0.95 5.2 

230 1.8 0.96 4.7 

240 1.5 0.97 4.3 

250 1.2 0.98 4.0 

 

 
Figure 8: THD for the various voltage levels 

The provided data presents the Voltage Regulation 

(RMS), Power Factor, and Voltage Deviation at different 

voltage levels: 220V, 230V, 240V, and 250V given in 

table 4 and Figure 8. Firstly, the Voltage Regulation 

(RMS) indicates the percentage change in the output 

voltage concerning the nominal voltage level. As the 

voltage level increases from 220V to 250V, there is a 

noticeable improvement in voltage regulation, with the 

RMS percentage decreasing from 2.3% at 220V to 1.2% 

at 250V.  
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This suggests that the system can maintain voltage 

stability more effectively at higher voltage levels. 

Secondly, the Power Factor, which represents the ratio of 

real power to apparent power, exhibits an increasing 

trend as the voltage level rises. At 220V, the power 

factor is recorded at 0.95, while at 250V, it increases to 

0.98. This indicates that the system operates more 

efficiently and with less reactive power consumption at 

higher voltage levels. The Voltage Deviation measures 

the difference between the actual output voltage and the 

nominal voltage level. As the voltage level increases, the 

voltage deviation decreases from 5.2V at 220V to 4.0V at 

250V. This signifies that the system can maintain output 

voltage closer to the nominal value at higher voltage 

levels, resulting in improved voltage stability and 

reliability. 

Table 5: Estimation of metrices 

Performance 

Metric 

Before 

Optimization 

After 

Optimization 

Total Harmonic 

Distortion 

5.2% 2.8% 

Voltage 

Regulation 

(RMS) 

1.5% 0.8% 

Power Factor 0.88 0.95 

Voltage 

Deviation 

±2.3% ±0.9% 

THD Reduction 

(%) 

- 46.2% 

 

In table 5 Total Harmonic Distortion (THD) reflects the 

level of harmonic distortion in the system's output 

voltage. Before optimization, the THD was relatively 

high at 5.2%, indicating a significant presence of 

harmonic components. However, after optimization, the 

THD reduced substantially to 2.8%, representing a 

notable improvement of 46.2%. The Voltage Regulation 

(RMS) measures the system's ability to maintain a stable 

output voltage within a specified range. Before 

optimization, the RMS voltage regulation stood at 1.5%, 

signifying a moderate level of voltage fluctuation. 

Following optimization, this parameter improved 

significantly to 0.8%, indicating enhanced voltage 

stability and regulation. 

Thirdly, Power Factor indicates the efficiency of the 

system in converting electrical power into useful work. 

Before optimization, the power factor was recorded at 

0.88, suggesting a relatively low efficiency with a 

notable reactive power component. After optimization, 

the power factor increased to 0.95, demonstrating a 

considerable enhancement in power conversion 

efficiency. The Voltage Deviation represents the 

variation between the actual output voltage and the 

desired voltage level. Before optimization, the voltage 

deviation was relatively high at ±2.3%, indicating 

fluctuations beyond the acceptable range. However, after 

optimization, the voltage deviation reduced significantly 

to ±0.9%, showcasing improved voltage stability and 

closer adherence to the desired voltage level. 

Table 6: Comparative analysis 

Parame

ter 

ES

OG

I 

AN

FIS 

ES

OG

I 

Conven

tional 

PI 

Control 

Conven

tional 

PID 

Control 

Conven

tional 

PWM 

Control 

Total 

Harmon

ic 

Distorti

on 

(THD) 

1.8 2.1

% 

5.5% 4.8% 6.2% 

Voltage 

Regulati

on 

±0.0

4% 

±0.0

5% 

±0.2% ±0.3% ±0.4% 

Power 

Factor 

Improve

ment 

0.98 0.98 0.92 0.95 0.91 

Reactiv

e Power 

Compen

sation 

50V

AR 

50 

VA

R 

100 

VAR 

80 VAR 120 

VAR 

Real 

Power 

Compen

sation 

400

kW 

350 

kW 

280 kW 320 kW 250 kW 

FRT 

Voltage 

Dips/Sw

ells 

Toleran

ce 

24% 15% 10% 12% 8% 

FRT 

Voltage 

Recover

y Time 

(ms) 

6 10 15 20 25 

FRT 

Grid 

Stability 

Hig

h 

Hig

h 

Moderat

e 

Moderat

e 

Low 

 

The table 6 illustrates a comparative analysis of 

optimization results and performance metrics between 

ESOGI and conventional control techniques. ESOGI 

demonstrates superior optimization with reduced Total 

Harmonic Distortion (THD) at 1.8% compared to 5.5% 

for conventional PI control, 4.8% for conventional PID 

control, and 6.2% for conventional PWM control. 

Similarly, ESOGI achieves tighter Voltage Regulation at 

±0.04%, outperforming conventional techniques with 

values of ±0.2%, ±0.3%, and ±0.4% respectively. Power 

Factor Improvement remains consistent at 0.98 for both 

ESOGI and conventional PI control, while it's slightly 

lower for conventional PID and PWM control. Regarding 

Reactive Power Compensation, ESOGI and conventional 

PI control provide 50 VAR, while other techniques offer 

varying values. Real Power Compensation is highest 

with ESOGI at 400 kW, followed by conventional PID 
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control at 320 kW, and lower values for other techniques. 

Furthermore, ESOGI exhibits better tolerance to Voltage 

Dips/Swells at 24% compared to 15% for conventional 

PI control and even lower values for other techniques. 

 

7 Conclusions 
This paper presented the model for the the optimization 

of Unified Power Quality Conditioners (UPQC) for 

photovoltaic (PV) applications using the Enhanced 

Second-Order Generalized Integrator (ESOGI) and 

Adaptive Neuro-Fuzzy Inference System (ANFIS) with 

SeaGull Optimization (SGO). The study demonstrates 

the effectiveness of the proposed optimization technique 

in improving the performance of UPQC systems in terms 

of Total Harmonic Distortion (THD), Voltage 

Regulation, Power Factor Improvement, Reactive and 

Real Power Compensation, Voltage Stability, and Grid 

Stability. The results reveal significant reductions in 

THD, tighter voltage regulation, enhanced power factor, 

and improved grid stability compared to conventional 

control techniques. Additionally, the ESOGI-ANFIS-

SGO optimization approach exhibits robustness and 

adaptability in handling variations in PV power output 

and grid conditions. Overall, the findings highlight the 

potential of the proposed methodology to enhance the 

efficiency, reliability, and performance of UPQC systems 

for PV applications, contributing to the advancement of 

renewable energy integration into the power grid while 

ensuring high-quality power supply. Further research 

may explore the scalability and applicability of the 

proposed technique in real-world PV systems and 

investigate its performance under dynamic and transient 

conditions. 
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In the field of bridge design, multi-objective optimization problems have attracted much attention due to 

their complexity and multiple solutions. The limitations of existing optimization algorithms in dealing with 

multi-objective problems, especially the trade-off between multiple objectives such as cost, duration, 

safety and quality. Therefore, in order to achieve the balance and optimization of each optimization 

objective while satisfying the bridge design constraints, a multi-objective optimization system based on 

an improved ant colony algorithm is studied and developed. The study is conducted by modeling natural 

selection and genetic mechanisms to improve the global search capability and diversity of the algorithm. 

The results showed that the proposed system was significantly superior to the traditional methods in key 

performance indicators such as optimization speed, objective function value, and robustness. The 

accuracy, stability, and safety of the proposed system were as high as 92%, 95%, and 91%, respectively, 

while the corresponding indicators of the traditional system were only about 55%. Specifically, the 

optimization speed of the proposed system reached 0.95, which was significantly better than that of the 

traditional system of 0.70, indicating that the proposed system had a significant advantage in convergence 

speed. The objective function value of the proposed system was 0.92, which was better than 0.75 of the 

traditional system, indicating that the proposed system could achieve a more optimal solution when 

solving optimization problems. The proposed system is superior to the traditional system in all evaluation 

indices, which proves its superior performance in multi-objective optimization of bridge design. The study 

provides a new optimization strategy for bridge design, which helps to achieve a more efficient, 

economical and safer bridge design solution. 

Povzetek: The study introduces a multi-objective optimization system for bridge design, utilizing an 

enhanced ant colony algorithm to balance factors like cost, duration, safety, and quality. Additionally, the 

system demonstrates a faster optimization speed and better objective function values, indicating its 

superior performance in multi-objective bridge design optimization. 

 

1 Introduction 
As an important transportation infrastructure, the 

design quality of bridges is directly related to public safety 

and economic development. With the acceleration of 

urbanization and the advancement of engineering 

technology, modern bridge design not only has to meet the 

basic load carrying and safety requirements, but also has 

to consider multiple factors such as economic benefits, 

construction efficiency, aesthetics, and environmental 

impact. These factors are intertwined with each other, 

constituting a complex multi-objective optimization 

(MOO) problem, which puts forward higher requirements 

for designers [1-2]. Traditional bridge design methods 

often focus on the optimization of a single objective, and 

it is difficult to consider multiple objectives at the same 

time. This leads to problems such as high cost, prolonged 

construction period or insufficient safety in practical 

application of design solutions. In addition, with the 

application of new materials and technologies, the 

complexity of bridge design further increases. Traditional  

 

optimization methods appear to be incompetent in dealing 

with such problems. In recent years, MOO algorithms 

such as genetic algorithm (GA), particle swarm 

optimization (PSO) and ant colony algorithm (ACA) have 

been gradually applied in bridge design. They provide new 

ways to solve problems by modeling natural phenomena 

[3-4]. 

For the MOO problem, where multiple optimal 

solutions (OSs) may exist. Pereira et al. did a thorough 

analysis of MOO algorithms, which have become popular 

in engineering in recent years. Their study revealed the 

effectiveness of traditional optimization methods in 

dealing with the number of variables, number of 

objectives and nonlinear problems. Although these 

algorithms were not commonly used in engineering 

practice, they showed significant potential for 

improvement in real-world applications [5]. Jangir et al. 

proposed a novel MOO algorithm for Pareto frontier 

problems with multiple conflicting objectives and 

features, including linear, nonlinear, continuous and 

discrete. The algorithm combined the elite non-dominated 
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ordering and congestion distance mechanisms and was 

found to outperform some recognized good algorithms by 

experimental comparison [6]. An inventive multi-

objective balancing optimizer was created by Premkumar 

et al. to address challenging optimization issues, such as 

engineering design. The study used a multi-objective 

balancing algorithm with a non-dominated sorting 

method. The study's findings demonstrated that, in 

contrast to existing algorithms, this new algorithm offered 

more competitive solutions [7]. Rao et al. optimized the 

original heuristic algorithm for the MOO problem. This 

improved algorithm utilized the dominance principle and 

congestion distance evaluation mechanism to handle 

multiple objectives simultaneously. Experimental results 

demonstrated that this optimization algorithm was not 

only concise but also robust and suitable for solving 

diverse engineering optimization problems [8]. In 

structural health monitoring, the optimization of sensor 

layout is very important to improve the diagnostic 

accuracy and reduce the computational burden. Yang et al. 

improved genetic and simulated annealing (SA) 

algorithms, developed adaptive simulated annealing GAs, 

and combined with strain modal criteria to achieve 

accurate sensor layout. Simulation showed that this 

algorithm had the lowest average false discovery rate and 

was superior to target detection and negative selection 

algorithms [9]. Aiming at the damage detection of large-

span spatial lattice structures, Zhou et al. developed an 

improved GA damage detection model. Experiments 

confirmed that the model achieved a balance between 

recall rate and precision rate, with AUC value as high as 

0.927, optimization error less than 0.4. It improved 

convergence performance, and achieved 100% 

convergence rate and fast iteration [10]. 

To achieve the minimization of power consumption, the 

shortest task completion time, and to guarantee the quality 

of service obtained by cloud service users, Elsedimy et al. 

developed an integrated multi-objective task scheduling 

model, which is based on an improved ant colony 

optimization (ACO) algorithm. The algorithm introduced 

adaptive distribution probabilities especially in global rule 

updating. It showed improved performance in terms of 

load balancing, energy economy, turnaround time, and 

completion time, according to experimental data [11]. For 

the two additional goals of decreasing transit time span 

and distance imbalance, Goel et al. suggested a meta-

heuristic algorithm based on a multi-ant colony system. 

The algorithm was tested on several benchmark problems 

and showed advantages over other advanced methods as 

well as the non-dominated sorting genetic algorithm II 

(NSGA-II), which was commonly used in the MOO field 

[12]. Masoumi et al. suggested an improved multi-

objective ACO algorithm to address this challenge. The 

results indicated that the algorithm achieved an acceptable 

level of reasonableness of the setup, reproducibility of the 

results, and runtime [13]. Conventional ACA usually used 

only one pheromone and updated the pheromone by a non-

dominant solution to provide guidance for subsequent 

foraging behavior without utilizing the dominant solution. 

To utilize the dominant solution more effectively, a novel 

ACO algorithm was suggested by Ning et al. The 

algorithm was based on the multi-objective evolutionary 

algorithm of decomposition and combined the concepts of 

ACO and negative pheromone. The results of the study 

confirmed that the reasonable utilization of the relevant 

information of the dominant solution can significantly 

improve the efficiency of ACA [14]. The summary table 

of literature review is shown in Table 1. 

Table 1: Summary of literature review 

Reference 
Algorithm multi-objective 

optimization algorithm 

GoalsDeal with number of 

variables, number of targets, and 

nonlinear problems 

Key performance indicator 

[5] 

Elite non-dominant sorting and 

congestion distance mechanism 

algorithm 

Solve problems with multiple 
conflicting goals and features 

It has the potential of 
effectiveness and improvement 

[6] 
Multi-objective balancing 

optimizer 
Solve complex optimization problems 

including engineering design 

The performance is better than 

the recognized excellent 

algorithm 

[7] 
Heuristic algorithm 

optimization 
Adapt to the needs of multi-objective 

optimization problems 
Provide more competitive 

solutions 

[8] 
Adaptive simulated annealing 

genetic algorithm 

Optimal layout of sensors in 

structural health monitoring of civil 
engineering 

Simple and robust 

[9] 
Improved genetic algorithm 

damage recognition model 

Damage detection of long-span space 

grid structure 

Average false detection rate, 

optimization error 

[10] 
Improved ant colony 

optimization algorithm 

Minimize power consumption and 
task completion time to ensure quality 

of service 

Recall rate, precision rate, 

AUC value, optimization error 
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[11] 
Meta-heuristic algorithm based 

on multi-ant colony system 

Minimize travel time span and 

distance imbalances 

Completion time, turnaround 
time, energy efficiency, load 

balancing 

[12] 
Improved multi-objective ant 

colony optimization algorithm 
User-centered path planning Performance exceeds NSGA-II 

[13] 

Multi-objective evolutionary 

algorithm based on 

decomposition 

Improve the efficiency of ant colony 
algorithm by using dominant solution 

Setting rationality, 

repeatability of results, 

running time 

[14] 
Algorithm multi-objective 

optimization algorithm 

GoalsDeal with number of variables, 
number of targets, and nonlinear 

problems 

Efficiency improvement 

 

In conclusion, these algorithms still have issues with 

sluggish convergence and a tendency to default to local 

optimization when handling large bridge design problems 

with several competing goals. To address these 

shortcomings, the study proposes an improved ACA 

(IACA). The method improves the global search 

capability and variety by incorporating mutation 

mechanisms and chromosome crossover, which are 

essential components of GA. In addition, the study 

introduces a pheromone decomposition mechanism and 

the concept of negative pheromone to utilize the dominant 

solution information more efficiently. The combination of 

GA's crossover and mutation operations, which enhances 

the algorithm's exploration capability and its capacity to 

avoid local optima (LO), is the study's unique 

contribution. To improve the algorithm's use of favorable 

solutions and optimize the pheromone updating rules, a 

decomposition-based multi-objective evolutionary 

technique is presented. 

2 Methods and materials 
The study firstly clarifies the logical connection 

between the optimization objectives (OOs) by 

constructing a functional relationship equation, and 

optimizes the bridge design multi-objective based on 

Pareto solution set. Finally, an MOO system is constructed 

through IACA to further enhance the overall performance 

and optimization effect of bridge design. 

2.1 Bridge design MOO based on Pareto 

solution set 

In the field of bridge design, the MOO problem can 

be constructed by constructing a functional relationship 

equation to clarify the logical connection between the OOs, 

and then construct a mathematical expression model based 

on the unified independent variables. The method of 

transforming a multi-objective problem into a 

mathematical model is an effective problem-solving 

strategy. Theoretically, all multi-objective problems can 

be solved by constructing a mathematical model, which 

provides a generalized solution to the problem [15-16]. 

The mathematical expression of an MOO problem usually 

consists of an objective function (OF) and constraints that 

satisfy specific conditions. The mathematical expression 

is shown in Equation (1). 

 

1 2( ) ( ( )mi ( ) ( ), . , )n , .. mF x f x f x f x=    (1) 

 

In Equation (1), nx R   , ( )if x   represent the 

sub-objectives that need to be optimized simultaneously. 

There is no direct consistency between them. The space 

consisting of the m  -dimensional vector 

1 2( ( ) ( ), ,..., ( ))mf x f x f x   is called the OF space, while 

( ) 0,( 1,2,..., )ig x i p =   is the constraints that must be 

satisfied during the model solution process. The MOO 

problem explored in the study refers specifically to the 

optimization problem in bridge design. That is, given the 

resources required for bridge design, how to achieve the 

relative OS of these objectives while satisfying the 

constraints of schedule, safety, quality, and cost [17-18]. 

Therefore, the goal of the study is to coordinate the various 

objectives in bridge design to achieve the best possible 

optimization under the given conditions, with the goal of 

achieving the best completion of the entire design project. 

When dealing with the MOO problem, various strategies 

can be used, such as the dominant objective strategy, the 

weighted sum method, and the Pareto efficiency method, 

especially the weighted sum method, as shown in 

Equation (2). 

 

1
min ( )

N

i iix X
w f x

=
     (2) 

 

In Equation (2), ( )if x   denotes the i  th OO. iw  

denotes the corresponding weight coefficient. X  denotes 

the feasible optimization space. N   denotes the total 

number of OOs. For single-objective optimization 

algorithms, their performance can be evaluated by several 

metrics, including but not limited to stability, effectiveness, 

convergence speed, coverage, and robustness. Robustness 

can be measured by running the algorithm multiple times 

with varying parameters, recording the OSs, and 

calculating the standard deviation (SD) of the OF values 

of these solutions. A smaller SD indicates higher 

robustness and this assessment is shown in Equation (3). 
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In Equation (3), Rob   denotes the measure of 

robustness, which reflects the consistency of the 

algorithm's performance under different parameter 

settings. if   denotes the OF value of the OS found in i  

runs. n   is the total runs. Convergence is evaluated by 

determining the convergence stage of the algorithm and 

calculating the SD of the OF value of the solution at that 

stage, as shown in Equation (4). 
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In Equation (4), CON   represents the convergence 

measure. t  is the total solutions found during the search. 

The solution found in the b th search is the value of the 

OF found by the optimization search. When evaluating the 

performance of the MOO algorithm, the main 

considerations are the set of Pareto OSs it generates and 

the time cost required [19-20]. To eliminate the variance 

of different objective units, the max-min normalization 

method is usually used. The objective vectors of the Pareto 

solutions are converted to standardized values, and then 

the evaluation metrics are calculated based on these 

normalized values (NV), as shown in Equation (5). 
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In Equation (5), 
j

iF  is the NV of the i th solution of 

the j  th objective. 
max

jf   denotes the actual maximum 

value of the j th objective in the algorithm's optimization 

process. 
j

if  denotes the actual value of the j th objective 

for the i  th solution. 
min

jf   denotes the actual minimum 

value of the j  th objective obtained by the algorithm 

during the optimization process. In bridge design, in 

addition to evaluating the effectiveness of the algorithm, 

special attention must be paid to potential failure 

situations. If the OS obtained by the algorithm meets the 

user's requirements for accuracy, it can be considered a 

satisfactory solution [21-23]. Equation (6) illustrates how 

the relative difference between the OS and the genuine 

OS's OF value can be used to assess and compute the OS's 

quality. 
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| |
100%
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In Equation (6),   is the quality of the OS. f   and 

*f   represent the OF values of the OS and the true OS 

obtained by the algorithm, respectively. The ability of the 

algorithm to find a satisfactory solution in finite time is 

called a successful optimization run. The ratio of the 

successes in multiple runs of the algorithm to the total runs 

is called the success rate, as shown in Equation (7). 

100%success

all

N

N
 =      (7) 

 

In Equation (7),   denotes the success rate. allN  is 

the total optimization runs. successN  is the successful runs. 

In the Pareto solution set, if the research considers two 

objectives 1f  and 2f  that need to be optimized, as shown 

in Figure 1. 

Nondominating solution

Dominant solution

Decision space

f1

f2  

Figure 1: Definition of Pareto OS in multi-objective 

problems 

 
In Figure 1, the non-dominated solutions on the 

boundary of the feasible domain are the Pareto-OSs, 

which provide multiple possibilities for trade-offs 

between different objectives and offer rich choices for 

decision makers. Within the MOO bridge design 

framework, the mathematical modeling of the project 

schedule is based on the accumulation of the time required 

for each construction phase, which is developed and 

refined through incremental refinement. The study starts 

by identifying all possible paths in the flowchart and 

calculating the elapsed time of these paths. All the factors 

that may affect the construction schedule are also 

considered, and finally a mathematical model of the 

duration target is established with the shortest total 

duration as the goal. The model is expressed as shown in 

Equation (8). 
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.

u

i I

su u Iu

T t

s t t t t



 =
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
    (8) 

 

In Equation (8), T  represents the total construction 

time of the project. I  represents the set of construction 

phases contained on the critical path in the construction 

flowchart. Iut  is the shortest construction time of the 

stage. ut  is the actual construction time of the stage. Iut  

is the longest construction time for stage u . In the MOO 

study of bridge design, the construction of cost-effective 

optimization model is a key aspect. In constructing the 
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cost optimization model, the actual duration of each 

construction stage is taken as the independent variable. 

Direct costs (DCs) cover costs directly related to 

construction, such as material costs, labor costs and 

equipment costs. Indirect costs (IDC), on the other hand, 

include costs that are not directly involved in production 

activities but are indispensable in the operation of the 

project, such as management fees and review fees. The 

relationship between DCs, IDCs and process time is 

shown in Figure  2. 
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Figure 2: The relationship between DC, IDC and process time 

 
In Figure  2, the relationship between DC and 

duration takes the form of a quadratic function. DCs are 

inversely proportional to the duration of the construction 

phase, but there is a minimum point. Beyond this point, 

costs increase due to labor and equipment idleness, 

depreciation, and other factors. IDCs are directly 

proportional to the duration of the construction phase and 

increase as construction time increases. The study 

completes the building of the construction phase cost 

optimization model by combining the relationship 

between direct and IDCs and construction duration. 

Equation (9) displays the created cost target model. 
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In Equation (9), iC  is the DC of the process at normal 

duration. i  is the marginal incremental factor associated 

with the cost. it  is the actual construction time of the 

process.   denotes the IDC per day. int  denotes the 

theoretical construction time. cT  while denotes the total 

duration of the entire project. In the MOO framework for 

bridge design, ensuring the quality of the project is a 

crucial aspect. For this reason, the study proposes a 

method to assess the quality level based on the 

construction network diagram. In this method, each 

network node represents a process and its quality level is 

determined by a specific formula. This is shown in Figure 

3. 
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Figure 3: Construction network planning node 

 

In Figure 3, jQ  is the quality level index of the initial 

input network node. For the intermediate processes in the 

network diagram, the calculation of their quality level 

needs to consider the effects of all immediately preceding 

processes. The immediately preceding process of process 

i  is denoted by mJ . Where m  is a natural number, the 

quality level of the immediately preceding process is iQ . 

The output quality level of process i  is outQ . Ultimately, 

the quality level Q  of the whole bridge design project is 

determined by the quality level outQ  of the outputs of all 

processes combined. The quality level of the final output 

process is shown in Equation (10). 
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In Equation (10), Q  denotes the total quality level of 

the whole project, while nQ  denotes the quality level of 

the last process.  
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Through this method, it can ensure that the quality of 

each process is strictly controlled and optimized during 

the design and construction process, thus improving the 

quality of the whole bridge design. The OF is defined as a 

multi-dimensional vector covering the three key areas of 

cost, safety and construction time, which are linked by 

constructed mathematical models designed to find the best 

trade-offs between these objectives. These objectives and 

constraints interact in the Pareto solution space and are 

identified by non-dominant ordering, i.e., a solution is 

considered non-dominant if it is not inferior to another 

solution on all objectives and is superior on at least one 

objective. This sorting mechanism ensures that the 

solution set found in MOO can balance the trade-offs 

between the various objectives and increase the 

practicality of the solution. 

2.2 IACA-based MOO system construction 

The study explores the bridge design MOO problem 

based on Pareto solution set and provides a systematic 

solution for bridge design through mathematical modeling 

and optimization strategies. Next, it will introduce how to 

construct an MOO system through IACA to further 

improve the overall performance and optimization of 

bridge design. It is assumed that there are M  ants 

searching for food, the probability of the k th ant 

transferring from node p  to node q  at each iteration t  

times of them is shown in Equation (11). 
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In Equation (11), pq  denotes the initial pheromone 

(IP) between nodes.   is the expectation heuristic factor 

(EHF). kallowed  denotes the set of next nodes. pq  

denotes the heuristic information.   denotes the 

information heuristic factor. This probability depends on 

the information heuristic factor and the set of next nodes, 

and is also influenced by the EHF, which reflects the 

visibility of the paths between nodes, as well as the values 

of the heuristic information and the IP [24-26]. The 

heuristic information pq  is specifically shown in 

Equation (12). 

1
pq

pqd
 =      (12) 

 

In Equation (12), pqd  denotes the Euclidean 

distance between nodes. The IP evaporates as the iteration 

proceeds to the 1t + th iteration. The IP is shown in 

Equation (13). 
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In Equation (13), ( )k

pq t  denotes the pheromone 

increment of the k th ant after the t th iteration.   

denotes the pheromone volatilization factor. Equation (14) 

illustrates how an enhancement treatment is applied to the 

optimal path discovered after each iteration to increase its 

appeal by raising the pheromone in order to improve the 

efficiency and solution quality of the algorithm. 
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In Equation (14), ( )k

pq t  is modeled as an ant-

week system, as shown in Equation (15). 
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 (15) 

 

In Equation (15), bestL  denotes the optimal path 

length.   denotes the number of elite ants. The flow of 

ACA is shown in Figure 4. 
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Figure 4: Ant colony algorithm flow chart 
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In Figure 4, the algorithm starts with ants selecting 

nodes to pass through based on a specific probability 

distribution and leaving pheromone traces on the selected 

paths. As the algorithm iterates, the accumulation of 

pheromone makes the ants increasingly inclined to select 

paths that already have a high pheromone concentration 

due to a positive feedback mechanism. While this 

phenomenon can facilitate fast convergence, it can also 

lead to a concentration of the search process on a small 

number of paths, thus increasing the risk of falling into 

LO. To get around this restriction, the research adds GA 

components to improve ACA's diversity and worldwide 

search capabilities. By combining the advantages of the 

two algorithms, not only the solution speed is accelerated, 

but also the problem of premature convergence of the 

algorithm to a local optimum solution is effectively 

avoided. This improved algorithm increases the possibility 

of exploring new potential solutions by mimicking natural 

selection and genetic mechanisms in the MOO problem of 

bridge design. This enables a more comprehensive search 

of the solution space to find a more balanced and 

optimized design solution. The chromosome crossover 

and mutation process of GA is shown in Figure  5. 
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|P1 0 1 0 1 1 1

k
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|P2 1 1 0 1 1 0
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|C2 1 1 0 0 1 1

(a) Chromosome crossing process (b) Chromosomal variation process

 

 
Figure  5: Chromosome crossover and mutation process of genetic algorithm 

 
In Figure 5, the mutation operation in GA injects the 

necessary genetic diversity into the algorithm by 

implementing small random adjustments on the coding 

strings of the solutions. This effectively avoids the 

stagnation of the algorithm on the local OS and promotes 

the in-depth exploration of the global solution space. 

Meanwhile, the combination of mutation and 

recombination operations provides the GA with an 

efficient navigation capability in the solution space to find 

global or near-global OSs. The IACA-based MOO process 

is shown in Figure 6. 

 

Initialization 

parameter

Meet the 

criteria?

Initiate
Calculate population 

fitness

Select groups with 

high fitness

Cross 

operation

Mutation 

operation

Initial 

population

Output the optimal 

solution

Renewal 

pheromone

Meet the criteria?

N

Y

N

Y

Select the next node according 

to the transition probability

Calculated 

path length

Update tabu table
Computational 

fitness
Output result

 

Figure 6: MO optimization process based on improved ant colony algorithm 

 
In Figure 6, in the initial stage, the algorithm performs 

parameter setting and the construction of fitness function. 

Subsequently, the fitness is calculated and high fitness 

individuals are screened by genetic iteration, and the 

population is optimized by applying OX crossover method 

and mutation operation. Based on the fitness ordering, the 

top n  individuals are chosen to build a new generation 

population by combining the optimized and original 

populations. Next, check whether the termination 

condition is met. If it is not met, iteration continues, and if 
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it is met, the most optimal population is applied to ACA. 

In the ACA phase, the ants select paths based on specific 

formulas and update the pheromone and contraindication 

tables. Eventually, if the ants complete the search and the 

result satisfies the output condition, the algorithm 

terminates and outputs the result, otherwise, the iteration 

continues until a solution that satisfies the condition is 

found. In IACA, the choice of parameters is very 

important for the exploration ability and convergence 

performance of the algorithm. The pheromone volatility 

factor controls the decay rate of the pheromone, which is 

set to 0.1. A lower volatility factor helps maintain the 

persistence of the pheromone, thus promoting global 

exploration in the early stages of the algorithm and 

avoiding premature convergence. The pseudo-random 

factor affects the balance between randomness and 

pheromone intensity guidance when the ants choose the 

path, and is set to 0.9, which allows the algorithm to use 

the pheromone while maintaining enough randomness to 

explore new paths and increase the diversity of the 

algorithm. The detailed IACA process is shown in Figure 

7. 

Initialization Ant placement

Build a 

solution
Local update

Global update Iteration

ACA IACA

Output result

Initialization Ant placement

Build a 

solution

Genetic 

operator

Pheromone 

renewal

Genetic 

iteration

Iterative output Global update

 

Figure 7: Detailed flow chart of IACA 

 
In Figure 7, IACA adds the operation of GA based on 

traditional ACA, as well as the improvement of 

pheromone update mechanism, which helps to improve 

the search ability and the quality of the algorithm. 

3  Results 
The study first validates the performance of IACA 

through a series of experiments, including the 

convergence of the algorithm, precision rate, recall rate, 

and comparing the results of the error drop rate. Finally, 

the study evaluates the performance of the proposed 

bridge design MOO system and compares it with the 

traditional MOO system in various metrics. 

3.1 IACA-based performance experiments 

The effectiveness of the design process and the caliber 

of the output are directly impacted by the suitability of 

parameter setup in the field of bridge design. The 

parameters in the optimization method must be carefully 

chosen, taking into account both the particular 

requirements of the design project and the limitations of 

the algorithm itself, when it is used to solve the actual 

multi-objective bridge design problem. The experiments 

are conducted in a computing environment equipped with 

an Intel Core i7 processor and 16 GB RAM, the operating 

system is Windows 10, all algorithms are implemented in 

Python 3.8 environment, using NumPy and SciPy libraries. 

The experiment is repeated 30 times to ensure the stability 

of the results, and the parameter settings are consistent for 

each run. To ensure the replicability of the study, the data 

pre-processing steps include data cleaning to remove 

missing and outliers, and data standardization to ensure 

consistency of algorithmic inputs. The hyperparameter 

tuning process uses a grid search strategy to systematically 

traverse the predefined parameter space to find the optimal 

parameter combination. For each iteration of the algorithm, 

the setting of the initial conditions follows a 

randomization process in which the initial position of the 

ant and the initial concentration of the pheromone are 

randomly generated to ensure independence of each 

iteration and diversity of results. Table 2 displays the 

parameter settings. 

Table 2: Parameter settings 

Parameter name Symbols Parameter value 

Pheromone volatile factor   0.1 

Population size m  80 

Pseudo-random factor 
0q  0.9 
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Pheromone heuristic factor   2 

Expectation heuristic factor   3 

Pheromone local volatile factor   0.1 

Number of iterative updates GEN  100 

Pheromone concentration 
0  0.8 

For the purpose of balancing exploration and 

exploitation, Table 2's population size is set to 80. The 

heuristic factors α and β are set to 2 and 3, respectively, 

which guide the ants to avoid LO and effectively utilize 

pheromones during the search process. The pheromone 

volatilization factor is set to 0.1 to maintain a moderate 

volatilization of pheromone concentration and facilitate 

global search. The iterations is set to 100 to ensure that the 

algorithm converges within a limited number of iterations. 

The IP concentration and the local volatilization factor are 

set to 0.8 and 0.1, respectively, which accelerate the initial 

exploration and maintain the global search capability. The 

pseudo-randomization factor is set to 0.9 to ensure that the 

algorithm is both fast and accurate in the solution process. 

genetic algorithm improves ant colony optimization (GA-

ACO) is compared with ACO, GA, SA, PSO for 

comparative analysis. The convergence of the five 

algorithms is shown in Figure 8. In Figure 8, the GA-ACO 

algorithm reaches the OS and the OF value is minimized 

at the 18th iteration, and no further change occurs after 

that. This shows that the GA-ACO algorithm not only 

converges quickly, but also has good stability. It can find 

the OS of the problem in a shorter time, and can keep this 

state stable after finding the OS. This fast convergence 

property is very important for solving the MOO problem. 

It enables the algorithms to handle complex optimization 

tasks with high efficiency and reliability. The precision 

and recall of the five algorithms are shown in Figure 9. 
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Figure 8: Convergence of five algorithms 
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Figure  9: Comparison of accuracy rate and recall rate of five algorithms 

 
In Figure 9(a), the accuracy ratio of the GA-ACO 

algorithm reaches more than 0.9 in the first 50 iterations 

or so, and eventually stabilizes at around 0.98. In Figure 

9(b), the recall ratio of GA-ACO algorithm is also higher 

than the other four algorithms, and eventually stabilizes at 

around 0.90. It shows that the GA-ACO algorithm not 

only has the property of fast convergence in the MOO 

problem, but also performs well in the two key 

performance indexes of precision and recall. It proves the 

efficiency and reliability of GA-ACO algorithm in solving 

complex optimization problems. A comparison of the 

error drop rate results between the GA-ACO algorithm 

and the ACO algorithm is shown in Figure 10. 
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Figure 10: Error decline rate comparison 

 
Figure 10(a) and Figure 10(b) demonstrate the 

iterations required by the GA-ACO algorithm versus the 

traditional ACO algorithm in reaching the target value. 

The GA-ACO algorithm has reached the target value after 

50 iterations, while the ACO algorithm requires 100 

iterations to reach the target value for the first time. This 

shows that the GA-ACO algorithm has a faster 

convergence rate. By including the GA mechanism, this 

enhanced GA-ACO algorithm enhances the efficiency of 

the algorithm and optimizes the ACA search process. Due 

to the reduction in the iterations, the algorithm is more 

efficient in learning and exploring the solution space, 

which helps to quickly identify the key features and 

patterns of the problem. To enhance the rigor of the results 

in comparison with other algorithms, statistical 

significance tests are employed to ascertain whether the 

observed performance differences are statistically 

significant. Concurrently, confidence intervals are 

calculated to furnish a range of uncertainty for 

performance comparisons. The specifics are presented in 

Table 3. 

 

Table 3: Significance tests and confidence interval statistics 

Performance index Rate of convergence Accuracy ratio Recall rate 

GA-ACO mean 0.95 0.98 0.90 

ACO mean 0.70 0.55 0.55 

Standard deviation of GA-ACO 0.02 0.01 0.02 

Standard deviation of ACO 0.05 0.10 0.08 

T-test result (P-value) <0.05 <0.05 <0.05 

Confidence interval (95%) (0.10, 0.20) (0.03, 0.07) (0.05, 0.10) 

 

 

In Table 3, the P-value in the T-test results is less than 

0.05, indicating that the difference between GA-ACO and 

ACO on this measure is statistically significant. A 

confidence interval provides a range of uncertainty for 

comparing algorithm performance, and a 95% confidence 

interval means that there is 95% confidence that the true 

difference lies within that interval. These statistical 

methods make performance comparisons more precise 

and ensure that the conclusions drawn are not due to 

random variation. Their ability to evaluate the 

performance of different algorithms with greater 

confidence and to determine that new algorithms are 

statistically significantly better than existing ones. 

3.2 Performance evaluation of MOO systems 

for bridge design 

The study concludes by analyzing the performance of 

the bridge design MOO system in real situations. The 

bridge design MOO system proposed in the study (System 

1) is compared with the conventional MOO system 

(System 2). The metrics include optimization speed and so 

on, and the metrics are normalized. To evaluate the 

robustness of MOO algorithms, the process entails 

running the algorithm on multiple occasions and recording 

the OS obtained on each occasion. The specific method is 

to collect the OF values of the OS in each run and then 

calculate the standard deviation of these values to measure 

the consistency of the algorithm's performance under 

different running conditions. The smaller the standard 

deviation, the higher the robustness of the algorithm, i.e. 

the better the stability of the algorithm in different 

operations. Table 4 displays the ultimate outcomes. 
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Table 4: Comparison of indicators of system 1 and 
system 2 

Indicators optimization 

speed 
System 1 System 2 

Objective function value 0.95 0.70 

Robustness mass of solution 0.92 0.75 

Success rate 0.96 0.65 

The convergence diversity 

resource consumption 
0.94 0.72 

Indicators optimization speed 0.93 0.68 

Objective function value 0.91 0.63 

Robustness mass of solution 0.97 0.60 

Success rate 0.90 0.80 

 

In Table 4, the optimization speed of System 1 is 0.95, 

which is significantly better than System 2's 0.70, 

indicating that System 1 has a significant advantage in 

convergence speed. The OF value of System 1 is 0.92, 

which is better than System 2's 0.75, indicating that 

System 1 is able to achieve a solution closer to the 

optimum when solving the optimization problem. System 

1 outperforms System 2 in all evaluation metrics, proving 

its superior performance in the bridge design MOO 

problem. The accuracy, stability, and safety of System 1 

and System 2 are specifically shown in Figure 11. 
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Figure 11: System accuracy, stability, security comparison 

 

In Figure 11, the accuracy, stability, and security of 

System 1 can reach up to 92%, 95%, and 91%, while that 

of System 2 is only about 55%. It shows that System 1 has 

a high correctness rate in identifying and processing the 

bridge design optimization problem. It is able to maintain 

consistent performance under different operating 

conditions or when faced with different datasets. 

Moreover, it is able to comply well with safety norms and 

standards in the design process to reduce potential risks. 

4 Discussion 
Compared with ACA and other advanced algorithms, 

such as the MOO algorithm proposed by Pereira et al. [5], 

the elite non-dominance sorting and congestion distance 

mechanism algorithm proposed by Jangir et al. [6], and the 

dominance principle and heuristic algorithm of congestion 

distance evaluation mechanism proposed by Rao et al. [8], 

the IACA was more effective than the ACA. It showed 

significant performance improvement. Specifically, IACA 

achieved an optimization speed of 0.95, showing a faster 

convergence rate compared to 0.70 in Pereira et al.'s 

algorithm and 0.65 in Jangir et al.'s algorithm. In terms of 

robustness, the standard deviation of IACA was 0.02, 

which was lower than the 0.04 of Rao et al.'s algorithm, 

indicating that it had higher stability and consistency over 

multiple runs. IACA also excelled in solution accuracy, 

with an accuracy rate of 0.98, higher than Jangir et al.'s 

0.80 and Rao et al.'s 0.85. The IACA greatly enhanced the 

global search capability and diversity of the algorithm by 

integrating key elements of GAs, such as chromosome 

crossing and mutation mechanisms. This enhanced search 

capability allowed IACA to more effectively avoid local 

optimizations and thus found better solutions in MOO 

problems. In addition, the concept of negative pheromones 

introduced into the IACA helped to suppress the influence 

of bad solutions, further enhancing the robustness of the 

algorithm. The IACA provided a new optimization 

strategy to achieve more efficient, economical, and safer 

bridge design solutions. These improvements were not 

only innovative in theory, but also had important technical 

value in practice, providing a new solution to bridge 

design and related engineering optimization problems. 
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5 Conclusion 
Aiming at the increasing demand of MOO in the field 

of bridge design, the study proposed an IACA-based 

MOO system for bridge design to improve the design 

efficiency and quality. The results of the study indicated 

that the accuracy ratio of the GA-ACO algorithm reached 

more than 0.9 in the first 50 iterations or so and eventually 

stabilized at about 0.98. The GA-ACO algorithm achieved 

the target value after 50 iterations, while the ACO 

algorithm required 100 iterations to reach the target value 

for the first time. The research successfully developed an 

IACA-based MOO system for bridge design, which 

outperformed the conventional optimization system in 

several evaluation metrics. By introducing the mechanism 

of GA, the new system demonstrated significant 

performance improvement in terms of optimization speed, 

OF value, and robustness. Specifically, the accuracy, 

stability, and security of System 1 reached 92%, 95%, and 

91%, respectively, much higher than that of System 2 at 

55%. Although IACAs showed faster convergence and 

better optimization performance in experiments, their 

increased complexity could lead to challenges in 

parameter tuning and computational resource 

requirements, and there was a risk of overfitting on smaller 

datasets. In addition, while the current study demonstrated 

the effectiveness of IACA on specific bridge design 

problems, its scalability and applicability to more complex 

bridge design problems or larger data sets needed to be 

further validated and investigated. These considerations 

provide directions for future improvement and application 

of the algorithm, ensuring the comprehensiveness and 

practicality of the research results. Further research could 

investigate the application of the algorithm in diverse 

infrastructure contexts, including high-rise structural 

design and transportation network optimization. 

Additionally, the adaptability of the algorithm to dynamic 

environmental changes and its performance on large-scale 

datasets warrant further examination. Furthermore, the 

automatic parameter adjustment mechanism of the 

algorithm can be subjected to further study with a view to 

enhancing its generalization ability and robustness. This 

would provide a clear development direction and practical 

application guidance for subsequent research. 

References 
[1] Abdollahzadeh B, Gharehchopogh F S. A multi-

objective optimization algorithm for feature 

selection problems. Engineering with Computers, 

2022, 38(3): 1845-1863. Doi:10.1007/s00366-021-

01369-9. 

[2] Sadeghi Hesar A, Kamel S R, Houshmand M. A 

quantum multi-objective optimization algorithm 

based on harmony search method. Soft Computing, 

2021, 25(14): 9427-9439. Doi:10.1007/s00500-021-

05799-x. 

[3] Hong W J, Yang P, Tang K. Evolutionary 

computation for large-scale multi-objective 

optimization: A decade of progresses. International 

Journal of Automation and Computing, 2021, 18(2): 

155-169. Doi:10.1007/s11633-020-1253-0. 

[4] Karmakar K, Das R K, Khatua S. An ACO-based 

multi-objective optimization for cooperating VM 

placement in cloud data center. The Journal of 

Supercomputing, 2022, 78(3): 3093-3121. 

Doi:10.1007/s11227-021-03978-z. 

[5] Pereira J L J, Oliver G A, Francisco M B, Cunha Jr 

S S, Gomes G F. A review of multi-objective 

optimization: methods and algorithms in mechanical 

engineering problems. Archives of Computational 

Methods in Engineering, 2022, 29(4): 2285-2308. 

Doi:10.1007/s11831-021-09663-x. 

[6] Jangir P, Buch H, Mirjalili S, Manoharan P. 

MOMPA: Multi-objective marine predator 

algorithm for solving multi-objective optimization 

problems. Evolutionary Intelligence, 2023, 16(1): 

169-195. Doi:10.1007/s12065-021-00649-z. 

[7] Premkumar M, Jangir P, Sowmya R, Alhelou H H, 

Mirjalili S, Kumar B S. Multi-objective equilibrium 

optimizer: Framework and development for solving 

multi-objective optimization problems. Journal of 

Computational Design and Engineering, 2022, 9(1): 

24-50. Doi:10.1093/jcde/qwab065. 

[8] Rao R V, Keesari H S. Rao algorithms for multi-

objective optimization of selected thermodynamic 

cycles. Engineering with Computers, 2021, 37(4): 

3409-3437. Doi:10.1007/s00366-020-01008-9. 

[9] Yang K, Wang Z. Health Monitoring of Civil 

Engineering Structures Using Simulated Annealing 

Genetic Algorithm. Informatica, 2024, 48(18). 

Doi:10.31449/inf.v48i18.6435. 

[10] Zhou Y. Structural Damage Identification of Large-

Span Spatial Grid Structures Based on Genetic 

Algorithm. Informatica, 2024, 48(17). 

Doi:10.31449/inf.v48i17.6428. 

[11] Elsedimy E, Algarni F. MOTS‐ACO: An improved 

ant colony optimiser for multi‐objective task 

scheduling optimisation problem in cloud data 

centres. IET Networks, 2022, 11(2): 43-57. 

Doi:10.1049/ntw2.12033. 

[12] Goel R, Maini R. Improved multi-ant-colony 

algorithm for solving multi-objective vehicle routing 

problems. Scientia Iranica, 2021, 28(6): 3412-3428. 

Doi:10.24200/SCI.2019.51899.2414. 

[13] Masoumi Z, Van Genderen J, Sadeghi Niaraki A. An 

improved ant colony optimization-based algorithm 

for user-centric multi-objective path planning for 

ubiquitous environments. Geocarto international, 

2021, 36(2): 137-154. 

Doi:10.1080/10106049.2019.1595176. 

[14] Ning J, Zhao Q, Sun P, Feng Y. A multi-objective 

decomposition-based ant colony optimisation 

algorithm with negative pheromone. Journal of 

Experimental & Theoretical Artificial Intelligence, 

2021, 33(5): 827-845. 

Doi:10.1080/0952813X.2020.1789753. 

[15] Li X. RREASO Building Structure Physical 

Parameter Identification Algorithm for Structural 

Damage Identification. Informatica, 2024, 48(18). 

Doi:10.31449/inf.v48i18.6156. 



Multi Objective Optimization System for Bridge Design Based on… Informatica 49 (2025) 127–140 139 

[16] Mohammadzadeh A, Masdari M. Scientific 

workflow scheduling in multi-cloud computing 

using a hybrid multi-objective optimization 

algorithm. Journal of Ambient Intelligence and 

Humanized Computing, 2023, 14(4): 3509-3529. 

Doi:10.1007/s12652-021-03482-5. 

[17] Hua Y, Liu Q, Hao K. A survey of evolutionary 

algorithms for multi-objective optimization 

problems with irregular Pareto fronts. IEEE/CAA 

Journal of Automatica Sinica, 2021, 8(2): 303-318. 

Doi:10.1109/JAS.2021.1003817. 

[18] Zhai L, Yan X, Liu G. Cost Impact Factors and 

Control Measures of Road and Bridge Projects 

Based on Linear Regression Model. Informatica, 

2024, 48(17). Doi:10.31449/inf.v48i17.6370. 

[19] Sharma S, Kumar V. A comprehensive review on 

multi-objective optimization techniques: Past, 

present and future. Archives of Computational 

Methods in Engineering, 2022, 29(7): 5605-5633. 

Doi:10.1007/s11831-022-09778-9. 

[20] Hao X. Intelligent User Experience Design in Digital 

Media Art under Internet of Things Environment. 

Informatica, 2024, 48(15). 

Doi:10.31449/inf.v48i15.6405. 

[21] Zhang D, Luo R, Yin Y, Zou S L. Multi-objective 

path planning for mobile robot in nuclear accident 

environment based on improved ant colony 

optimization with modified A∗. Nuclear Engineering 

and Technology, 2023, 55(5): 1838-1854. Doi: 

10.1016/j.net.2023.02.005. 

[22] Abualigah L, Diabat A. A novel hybrid antlion 

optimization algorithm for multi-objective task 

scheduling problems in cloud computing 

environments. Cluster Computing, 2021, 24(1): 205-

223. Doi:10.1007/s10586-020-03075-5. 

[23] De R, Nanda I. Network/Security Threats and 

Countermeasures For Cloud Computing. Acta 

Electronica Malaysia. 2022; 7(1): 01-03. 

http://doi.org/10.26480/aem.01.2022.01.03 

[24] Sun G, Li J, Liu Y, Liang S, Kang H. Time and 

energy minimization communications based on 

collaborative beamforming for UAV networks: A 

multi-objective optimization method. IEEE Journal 

on Selected Areas in Communications, 2021, 39(11): 

3555-3572. Doi:10.1109/JSAC.2021.3088720. 

[25] Singh O, Rishiwal V, Chaudhry R, Yadav M. Multi-

objective optimization in WSN: Opportunities and 

challenges. Wireless Personal Communications, 

2021, 121(1): 127-152. Doi:10.1007/s11277-021-

08627-5. 

[26] Choudhuri S, Adeniye S, Sen A. Distribution 

Alignment Using Complement Entropy Objective 

and Adaptive Consensus-Based Label Refinement 

for Partial Domain Adaptation. Artificial 

Intelligence and Applications. 2023, 1(1): 43-51. 

Doi:10.47852/bonviewAIA2202524. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



140 Informatica 49 (2025) 127–140 Q. Wen 

 

 



https://doi.org/10.31449/inf.v49i8.7023 Informatica 49 (2025) 141–160 141 

Fuzzy Logic-based Input Evaluation Method for Interactive 2D 

Animation Scene Design using Computer Vision 

Xiaobo Shi 

School of Information Technology, Zhejiang Institute of Economics and Trade, Hangzhou 310018, China 

E-mail: xiaobo_shi@outlook.com  

 

Keywords: 2D animation, computer vision, fuzzy logic, variation detection 

Received: August 29, 2024 

Two-dimensional (2D) interactive animation engages the user to command and communicate with the 

design using touch and pointer functions. The user input delegates specific tasks for the design 

replicated on the screen through precise detection. This article introduces an Input Evaluation for 

Design-Specific Function (IE-DSF) method to improve the response precision of the 2D models. The 

user input through touch or devices is evaluated for sensitivity and design region for receiving 

commands. Based on the difference between input and response time and input region variations, the 

monotonous response of the design is computed. This computation is fuzzified for its unanimity 

throughout different input sequences. In this process, fuzzy logic-based validation is employed to 

determine minimum and maximum response time from the sequence of 2d design interaction. The 

maximum variation is used to improve the design sensitivity, and the minimum variation is used to 

increase the design functions on the screen. Therefore, the different recommendations correlate with 

providing frame-based 2D sequences with precise computer vision technology. The variation changes 

are reverted in the independent frames without modifying the entire design. This feature improves the 

consistency and evaluation of various interactive designs. The proposed IE-DSF method achieved a 

significant improvement of 9.38% in consistency, an 11.31% reduction in response time, and an 

enhanced interaction response of 8.8% across various inputs. With a considerable decrease in design 

modifications, reducing them by 11.1% helps optimize 2D animation design interactions. 

Povzetek: Raziskava uvaja metodo IE-DSF, ki z uporabo računalniškega vida in mehke logike izboljša 

nteraktivne 2D animacije, zmanjša odzivni čas in optimizira spremembe oblikovanja.

 

1 Introduction 

Interactive two-dimensional (2D) animation is a 

technology that allows users to interact and engage with 

the scene or design. It provides effective interactive 

services to the users to get real-time-based input [1]. The 

interactive 2D dimension delivers the target to the users 

and provides better conversion, minimizing network 

error. Interactive 2D animation scenes are also done 

using computer vision (CV) technology [2]. CV is a part 

of artificial intelligence (AI) that extract meaningful 

information from digital images and videos. The CV 

performs tasks based on information gathered from the 

images. The CV aims to identify the features and 

frequency of scenes that need to be created for the 

animation process [3]. The exact dimensions of the range 

of the scenes are calculated using CV, which minimizes 

the latency of the design process. The CV-based 

animation design provides users with immersive scenes 

and views [4]. CV provides detailed aspects of designing 

interactive 2D animation scenes in a movie or comic. 

Proper CV  

 

 

tools and techniques improve system design feasibility 

and efficiency [5]. 

Human input is referred to as the information which 

humans provide to artificial intelligence (AI) systems. 

Human input provides necessary information which 

instructs the application to perform tasks [6]. Human 

input analysis is used for the 2D design response process. 

The goal of input analysis is to analyze the relevant data 

for further designing processes [7]. To enhance the 

design process, scene transitions and visual clarity in 

animation and make animations more efficient, adaptive, 

and visually appealing, focus on different animation 

types [8]. The extracted data produce optimal 

information for the 2D design process. The vital features 

contain the necessary data to design or create 2D scenes 

for an application [9]. A convolutional neural network 

(CNN) based human input analysis model is also used for 

2D design response. Both low- and high-level features 

and patterns are detected from the inputs, which 

minimizes the latency of the design process [10]. The 

CNN model recognizes the input's features and produces 

appropriate animation design datasets. The CNN model 
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improves the performance and effectiveness range of the 

2D designing process [11].  

Fuzzy logic is an approach that analyzes the data 

based on functions. Fuzzy logic is commonly used in 

many fields to improve the overall performance range of 

the application [12]. Fuzzy logic is also used for the 2D 

design evaluation process. The main aim is to predict the 

systems' exact design sequence and features. A fuzzy 

logic-based evaluation approach is used for the 2D 

evaluation process [13]. Fuzzy logic is mainly used to 

identify the differences among parameters and functions. 

The detected features provide relevant information for 

2D designing in a prompt response [14]. A fuzzy logic 

controller is used here to detect the necessary measures 

to perform tasks in the 2D design process. The fuzzy 

logic-based approach increases the accuracy of 

evaluation, improving the systems' efficiency level [15]. 

An adaptive fuzzy logic technique is also used for the 

design evaluation process. The fuzzy logic identifies the 

issues during design and produces an optimal solution to 

solve the problems. The fuzzy logic technique provides 

necessary designing patterns and factors for the 2D 

design that decrease the time consumption in the 

computation process [16, 17]. The contributions of the 

article are listed below: 

⚫ Designing a fuzzy-logic-based 2D animation 

sequence evaluation method for improving the 

interaction response and sensitivity. 

⚫ A fuzzy optimization method is provided for 

suppressing the variations across different 

sequences so that the frequent design 

modifications are restricted. 

⚫ A comparative study will be performed using 

different methods and metrics, including 

consistency, interaction sequence, promptness, 

design modifications, and response time, and 

the proposed method's consistency will be 

verified. 

2 Related works 

Table 1 summarizes the different methods discussed 

by the authors in the past. 

 

Table 1: Summary of different methods 

Autho

r 
Method 

Key 

area 

Techniqu

e used 
Results 

Precision

(%) 

Sensitivit

y(%) 

Respo

nse 

Time 

(S) 

Design 

Modifica

tion 

Rates 

(%)  

Limitatio

ns 

Choi 

et al. 

[18] 

A unified 

visualizat

ion 

framewor

k for 

interactiv

e 

dendritic 

spine 

analysis. 

It is 

used to 

categori

ze the 

features 

which 

are 

presente

d in the 

spine. 

3D 

morpholo

gical 

features 

are used 

in the 

framewor

k to 

produce 

relevant 

data for 

the 

analysis 

process. 

Increases 

the 

accuracy 

in 

analysis 

and 

evaluatio

n 

processe

s. 

90 85 1 12 Struggles 

with real-

time 

adjustment

s in high 

dimension

al data 

analysis 

Gay et 

al. [19] 

A force-

feedback 

tablet 

(F2T) 

architectu

re for 2D 

informati

on. 

The 

actual 

effects 

of 

feedbac

k are 

identifie

d by 

F2T. 

F2T 

minimizes 

the 

energy 

consumpti

on level 

in the 

computati

on 

process. 

Recogni

ze both 

spatial 

and 

temporal 

features 

of the 

datasets. 

88 87 <1 10 Limited 

scalability 

for 

complex 

interaction

s 

Velazc A AR is Augmente Provide 91 89 2 9 Faces 



Fuzzy Logic-based Input Evaluation Method for Interactie… Informatica 49 (2025) 141–160 143 

o-

Garcia 

et al. 

[20] 

computati

on 

framewor

k for 

medical 

imaging. 

mainly 

used to 

provide 

efficient 

data to 

the 

systems

. 

d reality 

(AR) is 

used in 

the 

framewor

k to 

analyze 

the 

modules 

for 

optimizati

on. 

effective 

workflo

w in 

medical 

image 

processi

ng 

systems. 

latency 

issues in 

resource 

constraine

d system 

Cárden

as-

Sainz 

et al. 

[21] 

A natural 

user 

interface 

(NUI) for 

interactiv

e learning 

environm

ents. 

The 

exact 

positive 

attitude 

of the 

users is 

detected 

using 

NUI. 

The 

technolog

y 

acceptanc

e model 

(TAM) is 

used in 

the 

system 

which 

predicts 

the 

interface 

based on 

functions. 

Improve

s the 

performa

nce 

range of 

the 

systems. 

85 90 <1 15 Not robust 

in 

handling 

diverse 

real-time 

user 

behaviors 

Zhang 

et al. 

[22] 

A deep 

convoluti

onal 

neural 

network 

(DCNN) 

method 

for 

interactiv

e visual 

systems. 

The 

high-

resoluti

on 

region 

and 

frequen

cy are 

detected

. 

Provide 

high-

quality 

services 

to the 

users. 

Increases 

the 

efficienc

y range 

of the 

systems. 

92 88 2-3 10 High 

computati

onal 

demands 

Chove

r et al. 

[23] 

A 2D 

game 

engine 

for video 

game 

developm

ent 

systems. 

It 

validate

s the 

exact 

quality 

of the 

video 

and 

gathers 

informa

tion via 

feedbac

k. 

The user's 

behaviora

l features 

are used 

in the 

engine. 

Minimiz

es the 

complexi

ty of the 

develop

ment 

process. 

80 75 <1 20 Limited 

scalability 

Xiang 

et al. 

[24] 

A joint 

optimizati

on 

framewor

k for 

automatic 

design of 

robotics. 

The 

main 

aim is 

to 

optimiz

e the 

axes 

using 

hierarch

Provide 

optimal 

actions 

and 

functions 

to the 

systems. 

Decrease

s the 

complexi

ty of the 

optimiza

tion 

process. 

87 85 3-5 12 Dependen

cy on 

static 

design 

parameters 
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ical 

actions. 

Wang 

et al. 
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neural 

network 

for 

character 

control 
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learning 

to select 

mode 

adjustmen

t posture 
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n 

characters 
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on 

accuracy 

and 
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Wang et al. [25] proposed a gated neural network 

framework for interactive character control (ICC-GNN). 

The proposed framework calculates the variables and 

modules presented in the strategy. The exact mode-

adjustment posture for interaction characters selected 

using deep learning algorithms. The deep learning 

algorithm increases the accuracy of the interaction 

process. The proposed framework improves the 

efficiency range in the character control process. 

 

Zhou et al. [26] introduced an H-GOMS model for 

virtual environment (VR) evaluation. Unique and 

temporal parameters are identified for interaction, 

minimizing the latency of providing services to users. 

The introduced H-GOMS model also analyzes the 

interactive behaviours using a quantitative analysis. The 

introduced model increases the real-time visualization 

range of VR systems.  
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Wang and Zhou [27] designed a fuzzy kano model 

(FKM) based method for an interactive genetic 

algorithm. The developed method is mainly used to 

evaluate the exact customer demands produced via 

feedback. The FKM model achieves high accuracy in the 

decision-making and preference detection process. 

Experimental results show that the designed method 

increases efficiency and reduces energy consumption in 

the computation process.  

Shi and Wang [28] developed an optimization 

algorithm for virtual idol characters. An artificial neural 

network (ANN) is used here to capture the exact motion 

in the interaction process. The ANN controls the motion 

and parameters necessary for virtual characters. The 

developed algorithm predicts the optimization problems 

and solves the issues using solutions. The development 

increases the consistency and effectiveness range of the 

interactive systems.  

Yang et al. [29] combined an encoder-decoder 

architecture with LSTM algorithms and an action-

structured graph convolutional network. The Intelligent 

Human Action Recognition Model (IHAR) achieves an 

F1 score of 89.79% and a high accuracy of 95.39%. Its 

real-scene detecting performance is enhanced, and 

response delays are decreased. Time lags in action 

recognition are still an issue, and precise sensitivity 

measures are not yet known. 

By fixing critical issues like inconsistent design 

sensitivity, high design modification rates, and restricted 

scalability, as discussed in Table 1, the proposed IE-DSF 

approach outperforms previous methods. It lessens the 

need for regular design tweaks and improves real-time 

performance, especially in high-dimensional data 

settings. IE-DSF is the way for more complicated and 

ever-changing systems because of its superior scalability 

and adaptability. Furthermore, it enhances decision-

making using data-driven iterative procedures, 

guaranteeing enhanced sensitivity and precision. Where 

existing methods fail, this approach provides a strong 

replacement, especially when dealing with efficiency and 

complexity. 

3 Problem definition 

The proposed evaluation method focuses on 

suppressing the variations in animation sequences 

between different input intervals. The methods 

mentioned above/ techniques optimize the validations 

based on previous input responses. This retards the 

sensitivity-based analysis for different design functions 

and input commands. This proposed method identifies 

the optimal design pattern for handling such balanced 

issues using differential response and region-specific 

sensitivity output. Exceptionally, response promptness is 

considered for leveraging consistency across various 

inputs and reducing errors.  

4.1 Proposed input evaluation for design-

specific function method 

The proposed DSF method is introduced to improve 

the consistency of the features in the input 2D animation 

design. The two-dimensional interactive animation 

between the user and the design is based on keyboard 

input, touch, and pointer functions. Access is evaluated 

for sensitivity Through touch or device, and the 

particular design region depends on better consistency 

with the available features. The evaluation of various 

interactive designs is prominent in this manuscript, and 

the variations will be thwarted through a fuzzy process. 

IE-DSF is a method that classifies the input response and 

design region with the receiving commands. The 

proposed method defines the user input delegates for the 

design relying on certain functions; this process is 

pursued by replicating the 2D design on the screen with 

precise region detection. The difference between input 

response time and input region variations is analyzed to 

evaluate the monotonous response of the design and 

achieve high response precision of the 2D models. The 

fuzzy process sequentially supports fewer time 

variations. This method ensures that fuzzy logic-based 

computation is performed to determine maximum and 

minimum response time from the sequence of 2D design 

interaction to improve response precision. The 

calculation of response time and design sensitivity is 

different for each region and is identified based on 

receiving commands from the users. In this scenario, the 

user commands and communicates with the two-

dimensional design through enhanced pointer functions 

or touch. Therefore, this receiving command from the 

user is responsible for accurately identifying the 

minimum and maximum response time observed from 

the sequence of 2D design interaction adaptively with 

less variation and complexity. The minimum and 

maximum variations of time and sensitivity are modelled 

for the design functions (i.e.) the fuzzy logic-based 

validation is feasible to be employed for determining this 

variation within the same communication interval for its 

unanimity verification throughout different input 

sequences. Based on this variation, if the maximum 

variation is detected in any sequence, it indicates 

augmenting design sensitivity, whereas the minimum 

variation indicates increasing design functions on screen. 

This process recognizes design modification using the 

sequence of variation occurrence detection from the 

instance, where the two-dimensional design correctness 
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is executed for communication interval. In Figure 1, the proposed method is illustrated. 

 
Figure 1: Overview of the proposed input evaluation for design-specific function method. 

The process of IE-DSF for interactive 2D animation 

scene design-based functions acquires monotonous 

responses through commands received from the users. 

Certain design functions are processed to classify input 

response and region using time and sensitivity validation 

through a fuzzy process. The classification output detects 

the minimum or maximum variation through 

recommendation correlation from the sequence of 2D 

design interaction. The design-specific function analysis 

method improves the response precision when the design 

modification is initially recognized. The input 2D 

animation scene functioning 𝑓(𝑥, 𝑦)  for the design is 

represented as in Equation (1-3). 

𝑓(𝑥, 𝑦) =
1

𝐶𝑖
∑ 𝑅𝑇𝐼(𝑟

𝑐𝑚𝑑) − 𝑅𝐺𝐼(𝑟
𝑐𝑚𝑑)

𝐶𝑖
𝑟𝑐𝑚𝑑=1

 (1) 

 
Where in Equation (1), the computation of 𝑓(𝑥, 𝑦) 

measures the performance of the 2D animation scene by 

calculating the average difference between input response 

time and input region variations for received commands 

over the communication interval, indicating how well the 

animation responds to user inputs. 

𝑅𝑇𝐼(𝐶𝑖) =
1

√2𝜋

(4𝑥+3𝑦)2

𝐶𝑖
 (2) 

And, 

𝑅𝐺𝐼(𝐶𝑖) =
−𝑥𝑦+2𝑦2−3𝑥2

𝐶𝑖
 (3) 

Where the variables  𝑅𝑇𝐼(𝑟
𝑐𝑚𝑑)  and  𝑅𝐺𝐼(𝑟

𝑐𝑚𝑑) 

means the input response time and input region variations 

observed from the given 2D animation scene design for 

the receiving commands 𝑟𝑐𝑚𝑑 within the communication 

interval  𝐶𝑖 . Equations 2 and 3 describe the system's 

behaviour continuously and smoothly by modelling the 

input data response time and regional variations using 

functions similar to Gaussian distributions. If  𝑥  and  𝑦 

denote the minimum and maximum response time for 

time  𝑇  for improving response precision, then  𝑅𝑇𝐼 ∈

[0,∞] and 𝑅𝐺𝐼 ∈ [−∞, 0].   

4.2 Introduction to data 

The proposed method is validated using a 2D 

animation sketch performing different actions. The action 

sequence includes running, walking, jumping, talking, 

reacting, etc. The selected actions, running, walking, and 

jumping, represent everyday human movements. A touch 

sensitivity of 30% has been chosen based on user testing 

to balance responsiveness and prevent accidental triggers, 

while the 5 ms response time meets industry standards for 

real-time interactivity. User testing confirmed that the 

response time below 10 ms felt seamless, making it an 

optimal choice. The animations have been rendered at 60 

fps using the .bvh file format on a system. Data collection 

involved performing each action ten times by three 

actions for standardized animations. These additions will 

enhance the clarity and reproducibility of the proposed 

study.The interaction is designed as touch/ command line 

input to get a response. The design region is calibrated 

with 30 % touch sensitivity and a 5 ms command 

response. This information is extracted as  . 𝑏𝑣ℎ 𝑓𝑖𝑙𝑒 with 

a maximum of 2605 count. The animation sequence is 

observed at 60fps and is classified under 23 classes. In 

this animation sequence, the skeleton structure is 

designed with 50 joints. A sample of the design is 

illustrated in Figure 2. 
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Figure 2: Sample illustration of the design functions of fuzzy logic controller configuration. 

As represented in Figure 2, the input mode is 

calibrated based on interactive sensitivity and response 

time (promptness). Here, this method analyses the 

promptness and sensitivity variation for variations using a 

fuzzy process. The consecutive sequences (input) and 

their output determine the design modification. Based on 

the user input, the sensitivity and design region based on 

receiving commands are estimated as 

𝑅𝑇𝐼(𝑇) =
1

√3𝜋
∫ 𝑥𝐶𝑖(𝑇) 𝑑𝑇
∞

−∞

𝑎𝑛𝑑

𝑅𝐺𝐼(𝑇) =
1

√3𝜋
∫ 𝑦𝐶𝑖(𝑇) 𝑑𝑇
∞

−∞

} (4) 

Based on Equation (4), the maximum response time 

is suppressed with the fuzzy process for computing its 

unanimity for the complete input sequence based on  𝑥 

and  𝑦 values at different time intervals  (∁ × 𝑇) . These 

parameters 𝑅𝑇(𝑇) and 𝑅𝐺(𝑇) integrates fuzzy logic into 

the system, using 𝐹𝑥 and 𝐹𝑦 to account for uncertainty in 

user inputs. The term (∁ × 𝑇 − 2𝑢) allows for non-linear 

scaling based on time and computed unanimity. Here ∁ is 

the input sequence classification using fuzzy logic.  

Fuzzy Rule Setting: 

Rule 1: The fuzzy controller uses predefined rules to 

link user input characteristics like response time and 

sensitivity to design modifications that include 

Rule 2:  IF response time is >50ms, THEN 

increase touch sensitivity. 

An expert understanding of animation characteristics 

and user interactions is the basis of these specifications. 

 

Membership Functions: 

Membership functions 𝜇𝐿 define how inputs relate to 

fuzzy sets and are calculated using triangular membership 

functions defined by parameters (𝑎, 𝑏, 𝑐 ). 

𝜇𝐿(𝑥) = 1  if 𝑥 ≤ 20𝑚𝑠 , decreasing to 0 at 𝑥 ≥

30𝑚𝑠 

If the input region variation is <20%, maintain the 

current animation function. In the fuzzy rule adjustment, 

the parameters are optimized using data from user 

interactions, adjusting membership functions to reflect 

observed behaviours accurately, indicating that a fuzzy 

inference system processes the required design 

modifications through fuzzy rules.  

Classification is performed to reduce the response time 

and sequential variation occurrence in  𝑓(𝑥, 𝑦) . Design 

modification is due to the variation observed in a certain 

region while receiving a command in any  𝑇 . This 

proposed method follows maximum consistency for the 

available features that are computed as 

𝑅𝑇(𝑇) =
𝑥𝐶𝑖

(𝑇)∗
𝑢

2
𝐹𝑥

(∁×𝑇−2𝑢)

𝑎𝑛𝑑,

𝑅𝐺(𝑇) = 𝑦𝐶𝑖(𝑇) ∗
𝑢

2
𝐹𝑦(∁ × 𝑇 − 2

𝑢)}
 

 

 (5) 

Where, 

𝐹𝑥 = 𝐷𝑆(𝑇)
𝐹𝑥(𝑇)𝑢−1

3

𝑎𝑛𝑑,

𝐹𝑦 = 𝐷𝐹(𝑇)
𝐹𝑦(𝑇)𝑢−1

3 }
 

 
 (6) 

In the above Equations (5) and (6), the variables 𝐹𝑥 

and  𝐹𝑦  are the fuzzy processes for minimum and 

maximum variations. In this equation 5, 𝐹𝑥  and  𝐹𝑦 

represent fuzzy processes for the minimum and maximum 

variations in input response time and region. They are 

significant for modelling uncertainty in user inputs. The 

relationship to design sensitivity 𝐷𝑆(𝑇)  reflects how 
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sensitive the design is to changes in inputs influenced by 

𝐹𝑥  and  𝐹𝑦  defined in Equation (6), higher variations 

indicate increased sensitivity. The variable design 

function 𝐷𝐹(𝑇) describe the system's behavior based on 

current input conditions with 𝐹𝑥 and 𝐹𝑦 guiding how well 

the design adapts to varying inputs. The variable 𝐷𝑆(𝑇) 

and  𝐷𝐹(𝑇) represents the design sensitivity and function 

based on variation detection from the sequence of 2D 

design. Based on the frame-based sequence occurrence of 

the design relies on  𝑥  or  𝑦 , the design 

sensitivity/function is for augmenting the response 

precision of the 2D models. The variable  𝑢 indicates that 

unanimity is computed based on the response of the given 

design validation for variation detection. Figure 3 

presents the Output generation process for the design 

response. 

 
Figure 3: User interaction flowchart and design response. 

The  𝑟𝑐𝑚𝑑  is the actual input acquired from the user. 

This command executes the operation intended by the 

design. Based on the design's sensitivity and response 

(time), the fuzzy optimization is performed for which 𝑅𝑇𝐼  

and  𝑅𝐺𝐼 ∀ 𝑇  is identified. This process is congruent 

for 𝐹𝑥  and  𝐹𝑦  such that any input flew is identified for 

modification. The modification relies on sensitivity 

improvement/ variation minimization (Figure 3). Now, 

the input evaluation for design-specific function based 

on 𝑅𝑇(𝑇) and 𝐷𝑆(𝑇) is determined as in Equations (7) - 

(9). With this 𝐹𝑥(𝑇)𝑢−1 variable scaled by the unanimity 

factor 𝑢  in Equation (7) and normalized by the 

communication interval 𝐶𝑖  to compute the function 

𝑓[(𝑥, 𝑦), 𝐷𝐹(𝑇)] . The term [𝐹𝑥 − 𝐹𝑦]  represents the 

difference between the minimum and maximum 

variations, highlighting how these fuzzy processes 

influence the overall input function for the design 

function 𝐷𝐹(𝑇). 

𝑓[(𝑥, 𝑦), 𝐷𝐹(𝑇)] =
𝐹𝑥(𝑇)𝑢−1

𝐶𝑖
 [𝐹𝑥 − 𝐹𝑦] (7) 

=
2𝑢

𝑇
[∫

𝐹𝑥[(∁×𝑇)−(𝐷𝑆(𝑇)+𝐷𝐹(𝑇))]

𝑇

∞

0
𝑑𝑇 −

∫
𝐹𝑦[(∁×𝑇)−(𝐷𝑆(𝑇)+𝐷𝐹(𝑇))]

𝑇
𝑑𝑇 

0

−∞
] (8) 

Based on the above equations, the variation 

less 𝑓[(𝑥, 𝑦), 𝐷𝐹(𝑇)] design is observed after the fuzzy 

process. From this  𝑓[(𝑥, 𝑦), 𝐷𝐹(𝑇)]  condition, two 

features, time and sensitivity, are extracted for further 

processing. The dynamic relationship discussed in 

Equation (8) between 𝐹𝑥  and 𝐹𝑦  across time intervals 

using integrals captures the cumulative effects of these 

fuzzy processes over time, considering both positive and 

negative time intervals. The factor 
2𝑢

𝑇
 serves to normalize 

the contributions of these fuzzy processes, ensuring that 

their influence on the overall function is balanced and 

responsive to variations in the design sensitivity  𝐷𝑆(𝑇) 

and design function 𝐷𝐹(𝑇) . The dynamic relationship 

Equation (9) is used to compute the maximum 

variation  (𝑉𝑚𝑎𝑥)  and minimum variation  (𝑉𝑚𝑖𝑛)  for 

response time and design sensitivity, and hence,  

𝑉𝑚𝑎𝑥 =
1

∁×𝑇
∑ (𝑥 − 𝑦)∆−1 𝑇
𝐶𝑖=1

, ∀ 𝑇 ∈ 𝑢

𝑎𝑛𝑑
𝑉𝑚𝑖𝑛 = −∑ 𝐷𝑆𝑚𝑎𝑥 log𝐷𝑆𝑚𝑎𝑥𝑅𝑇  

𝑥
𝑖=𝑦

} (9) 

In Equation (9), the minimum and maximum 

variations are detected from the input 2D animation 

design ∆ using touch and pointer functions. Equation 9 

computes the system's maximum and minimum variations 

𝑉𝑚𝑎𝑥 assesses the range between minimum and maximum 

response times over time while 𝑉𝑚𝑖𝑛  examines the link 

between design sensitivity and response time. This fuzzy 

process is performed for minimum and maximum 

variation detection along with the sequence of 2D design 

interaction in various instances. This classification helps 

to differentiate the maximum variation detected design 

from the minimum variation detected design. Considering 

a single 2D design (a skeleton structure) for 5 different 

action responses (emotions, walk, run, crouch, and jump) 

the 𝐷𝑆(𝑇) and 𝐷𝐹(𝑇) are analyzed in Figure 4. 
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Figure 4 (a): Design function output precision.  

  
Figure 4(b): Sensitivity analysis of design functions. 

The  𝐷𝑆(𝑇) and  𝐷𝑃 (𝑇) are analyzed for the various 

activities and input sequences across  𝑅𝑇𝐼  and  𝑅𝐺𝐼(𝐼) . 

Based on the  𝐹𝑥 and  𝐹𝑦  The negative observations are 

mitigated such that the joint process of determining the 

minimum variation detection is identified. Such 

identification is addressed using 𝐶𝑖  where the sensitivity 

and design-specific functions are retained for the same 

outputs. Therefore, the function is retrieved using  𝑟𝑐𝑚𝑑  

for different  𝑓(𝑥, 𝑦)  improving the output precision 

(Figure 4(a) & 4(b)). 

4.3 Variation detection 

The touch or devices are responsible for receiving 

user commands and communicating with the design to 

improve consistency. The input response time and region 

variations are differentiated using a fuzzy process. In this 

different sequence input observation, the received 

commands  (𝑟𝑐𝑚𝑑)  is computed as in Equation (10) & 

(11) 

𝑟𝑐𝑚𝑑 =
(𝑉𝑚𝑎𝑥−𝑉𝑚𝑖𝑛)

𝑥𝑦
+ 𝑅𝑇𝑚𝑖𝑛 (10) 

And, 

𝑉𝑑 =
1

√2𝜋
(
𝑉𝑚𝑖𝑛 

𝑉𝑚𝑎𝑥
−

𝑓(𝑥)

𝑓(𝑦)
) + 2(𝑅𝑇 − 𝐷𝑆) (11) 

Where the maximum and minimum variations are 

observed in different input sequences, the variable  𝑉𝑑 

denotes the precise variation detection with previous 

design information processed. The unanimity is estimated 

as the number of variation-detected sequences observed 

in various time intervals, for which the normalization is 

computed as: 

𝒩𝑜𝑟𝑚(𝐷𝐹) =
𝑅𝑇2

𝐷𝑆2(
𝑉𝑚𝑖𝑛
𝑉𝑚𝑎𝑥

−𝑓(𝑥,𝑦))

2 (12) 

Equation (12) computes the normalization of 2D 

animation design interaction following the maximum and 

minimum response time identified based on input region 

variations. In this proposed method, the consistency for 

the sequence of 2D design is maintained until the 

maximum response time. Table 2 represents the list of 

symbols and its representation 

 

 

 



150   Informatica 49 (2025) 141–160                                                                                                                                            X. Shi 

Table 2: List of symbols and its representation 

Symbol Definition 

𝑓(𝑥, 𝑦) The input 2D animation scene functioning 

𝑅𝑇𝐼(𝑟
𝑐𝑚𝑑) Input response time for receiving commands 

𝑅𝐺𝐼(𝑟
𝑐𝑚𝑑) Input region variations for receiving commands 

𝐶𝑖 Communication interval 

𝑇 Time 

𝑥 Minimum response time 

𝑦 Maximum response time 

𝐷𝑆(𝑇) Design sensitivity at time TTT 

𝐷𝐹(𝑇) Design function at time TTT 

𝐹𝑥 Fuzzy process for minimum variations 

𝐹𝑦 Fuzzy process for maximum variations 

𝑢 Unanimity computed based on design validation 

𝑉𝑚𝑎𝑥 Maximum variation 

𝑉𝑚𝑖𝑛 Minimum variation 

𝑟𝑐𝑚𝑑 Received commands 

𝑉𝑑 Precise variation detection 

𝐷𝑚 Design modification 

𝑒𝑟 Error occurrence 

𝛼(𝜃) First 2D design 

𝛽(𝜃) Response of the design 
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The variation detection before and after fuzzy normalization is illustrated in Figure 5. 

 
Figure 5: 𝒎𝒊𝒏 and 𝒎𝒂𝒙 variations in design modifications across input sequences. 

Figure 5 validates the 2D design sequence for a 

small action change at different sequences. In this 

process, the 𝑚𝑖𝑛  and 𝑚𝑎𝑥  variations are considered for 

different input sequences. Here, the mouse pointer and 

the command line inputs jointly handle the sequence. 

Now  𝑢  is the normalization process consideration for 

improving optimization. Therefore, the sequence that is 

similar to  𝑢 is identified as preventing 𝑉𝑑𝑚𝑎𝑥 . Here the 

 𝑒𝑟  is identified in each fuzzification process such that 

normalization is maximum. The given two-dimensional 

design handled by the user depends on the response time 

mentioned in that design, which is maintained throughout 

the sequence. The above sequence of consistency is 

analyzed using fuzzy logic-based validation. In this 

scenario, the response time and design sensitivity are 

differentiated based on the minimum and maximum 

variation to improve the response precision. Besides, the 

different recommendations are heterogeneous in meeting 

the user commands and communicating with the design 

using pointer functions. Therefore, the various 

recommendations correlate with providing frame-based 

2D sequences with precise computer vision technology. 

The output of the fuzzy process is to identify and 

segregate the minimum and maximum variation 

identified designs through response time and design 

sensitivity analysis.  

Variation detection and recommendation correlation 

processes reduce the chance of design modification by 

causing errors. The identified errors are observed as a 

sequence of variation detection. The proposed design-

specific function method focuses on such errors by 

matching minimum and maximum variation using a fuzzy 

process. In this method, the first 2D design is represented 

as  𝛼(𝜃)  such that the response of the design  𝛽(𝜃)  is 

computed as: 

𝛽(𝜃) = 𝛼(𝜃) − 𝑒𝑟 ∗ (
𝑉𝑚𝑖𝑛 

𝑉𝑚𝑎𝑥
− 𝑓(𝑥, 𝑦))

𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡
𝑎𝑟𝑔min

𝐶𝑖
∑𝑒𝑟 ∀ 𝑅𝑇

}
 
 

 
 

 (13) 

In Equation (13), the variable 𝑒𝑟 indicates the error 

occurrence, and the objective of minimizing variations 

for the sequence of 2D design interaction is determined. 

The input response time and regional variation are 

divided into two instances based on time and design 

sensitivity. The constraint 𝑇 = 𝑅𝑇 + 𝐷𝐹  achieves 

maximum consistency through the response time 

validation and region variation detection. Now, based on 

the sequence of 𝑉𝑚𝑎𝑥 ∈ 𝑇 is to be validated on facing the 

first input design modification using sensitivity in a 

specific region. This is computed to identify design 

modification from the instance based on variation 

detection using a fuzzy process. The correlation of 

different recommendations using the available frame-

based 2D sequences is provided through design functions. 

For this process, the frame-based two-dimensional 

sequence of  𝐶𝑖 ∈ 𝐷𝑆  with the use of computer vision 

technology for identifying design modification is 

expressed as: 
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𝐷𝑚 = (1 −
𝑅𝑇

𝑉𝑑
) 𝑒𝑟 ∗ (

𝑉𝑚𝑖𝑛 

𝑉𝑚𝑎𝑥
− 𝑓(𝑥, 𝑦)) +

1

𝐶𝑖
∫

𝐹𝑥[(∁×𝑇)−(𝐷𝑆(𝑇)+𝐷𝐹(𝑇))]

𝑇

∞

0
−

∫
𝐹𝑦[(∁×𝑇)−(𝐷𝑆(𝑇)+𝐷𝐹(𝑇))]

𝑇

∞

0
(14) 

Equation (14) follows a sequence of 2D design 

interaction and variation detection for a precise design 

modification. The design modification is performed based 

on  𝑡ℎ𝑒 (𝑉𝑚𝑎𝑥𝐷𝑚)  and  (𝑉𝑚𝑖𝑛𝐷𝑚)  for maximum and 

minimum variation detected sequences at any instance is 

given as: 

𝑉𝑚𝑎𝑥𝐷𝑚 =
𝑅𝑇(𝑇).𝑅𝐺(𝑇)

∑ [𝐶𝑖.𝑢.𝛼(𝜃)]𝑇𝑖∈𝑇
 (15) 

And, 

𝑉𝑚𝑖𝑛𝐷𝑚 =
𝐹𝑥(𝑇).𝐹𝑦(𝑇)

∑ (𝐶𝑖
𝑢

2
)𝑇𝑖∈𝑇 { [1−𝛽(𝜃)]×𝑅𝑇(𝑇)}𝑇

 (16) 

Equations (15) and (16) estimate the minimum and 

maximum variations in the 2D animation designs and are 

identified using 𝑅𝑇 and 𝐷𝑆 from the sequence of design 

interaction stored for future use. In this initial design 

modification process, the variation changes are reverted 

in the independent frames without modifying the entire 

design using a fuzzy process.  

Pseudocode for IE-DSF Model 

Input: Sequence of 𝑅𝑇𝐼, 𝑅𝐺𝐼, design 

Output: design effectiveness 

function IE-DSF (input_sequence, design): 

 

    initialize variables: 𝑅𝑇𝐼 , 𝑅𝐺𝐼 , 𝐷𝑆 , 𝐷𝐹 , 𝑉𝑚𝑎𝑥 , 

𝑉𝑚𝑎𝑥, 𝑒𝑟 

initialize variables: 𝑉𝑚𝑎𝑥 = −∞, 𝑉𝑚𝑎𝑥 = ∞ 

    for each input in input_sequence do 

        Step 1: Calculate input response time and input 

region variations 

         𝑅𝑇𝐼  = Calculate 𝑅𝑇𝐼  (input)   

         𝑅𝐺𝐼= Calculate 𝑅𝐺𝐼 (input)   

        Step 2: Compute design sensitivity and design 

function 

         𝐷𝑆 = Calculate 𝐷𝑆(𝑅𝑇𝐼 , 𝑅𝐺𝐼)  

        𝐷𝐹 = Calculate 𝐷𝑆(𝑅𝑇𝐼 , 𝑅𝐺𝐼) 

        Step 3: Fuzzy process for variation detection 

          𝐹𝑥 = Fuzzy_Process (𝐷𝑆) 

     𝐹𝑦 = Fuzzy_Process (𝐷𝐹) 

        Step 4: Calculate variation 

         𝑉𝑑 = Calculate Variation (𝐹𝑥, 𝐹𝑦)   

        Step 5: Detect maximum and minimum 

variations 

        𝑉𝑚𝑎𝑥= max (𝑉𝑚𝑎𝑥 ,𝑉𝑑) 

         𝑉𝑚𝑖𝑛= max (𝑉𝑚𝑖𝑛,𝑉𝑑) 

        Step 6: Calculate received commands 

        𝑟𝑐𝑚𝑑 = Calculate 𝑟𝑐𝑚𝑑(𝑉𝑚𝑎𝑥 , 𝑉𝑚𝑖𝑛)  

        Step 7: Detect variation 

         𝑉𝑑  = Calculate 

𝑉𝑑(𝑉𝑚𝑖𝑛 , 𝑉𝑚𝑎𝑥 , 𝑅𝑇, 𝐷𝑆)  

        Step 8: Normalize design function 

         𝒩𝑜𝑟𝑚(𝐷𝐹)  = 

𝒩𝑜𝑟𝑚(𝐷𝐹) (𝑅𝑇, 𝐷𝑆, 𝑉𝑚𝑖𝑛 , 𝑉𝑚𝑎𝑥)  

        Step 9: Calculate design modification 

         𝐷𝑚  = Calculate 

𝐷𝑚(𝑅𝑇, 𝑉𝑑, 𝑉𝑚𝑖𝑛 , 𝑉𝑚𝑎𝑥 , 𝐹𝑥, 𝐹𝑦)   

        Step 10: Calculate error 

         𝑒𝑟 = Calculate_Error (𝐷𝑚) 

        Step 11: Update design 

         design = Update_Design (design, 𝐷𝑚, 

𝑒𝑟) 

        Step 12: Calculate metrics 

       consistency = 

Calculate_Consistency(𝒩𝑜𝑟𝑚(𝐷𝐹)) 

         interaction_response = 

Calculate_Interaction_Response(𝑟𝑐𝑚𝑑) 

         promptness = 

Calculate_Promptness(𝑉𝑑) 

       design_modification = 

Calculate_Design_Modification(𝐷𝑚) 

         response_time = 

Calculate_Response_Time(𝑅𝑇𝐼) 

    end for 

    return consistency, interaction_response, 

promptness, design_modification, response_time 

end function 

 

the IE-DSF pseudocode calculates performance 

metrics from an input sequence to assess design 

effectiveness,. Key variables including response time 𝑅𝑇𝐼  

region variations  𝑅𝐺𝐼  design sensitivity 𝐷𝑆, and design 

function are initialized. The model estimates response 

times, region variations, fuzzy logic variation detection, 

and design alterations depending on maximum and lowest 

variation values in each iteration. The model normalizes 

the design function and assesses consistency, interaction 

response, promptness, and reaction time. After computing 

these measures, the design is updated based on computed 

alterations and errors, producing effective performance 

indicators. 

The consecutive processing of region variation 

detection helps to identify the error in 2D animation 

design between the instances. In the design modification, 

fuzzy logic-based computation is used to determine the 

correctness of the 2D animation design execution with 

minimum and maximum variation detection and 
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computing sequence occurrence. As this fuzzy process 

relies on input response time and region variations, more 

reliable response precision is achievable through less 

response time and high sensitivity. The number of 

sequences may vary, although the previous 2D design 

interaction validation helps to classify the response and 

input region for both instances. In particular, this fuzzy 

process performs two types of validation, namely design 

sensitivity and design function. In the sequence design 

modification computation,  𝑉𝑚𝑎𝑥  and  𝑉𝑚𝑖𝑛  are 

independently identified to improve the evaluation of 

different interactive designs for communication intervals 

using touch or pointer functions. Instead, in the 2D design 

function, different input sequences of identified variation 

are used to improve the design sensitivity along with 

better validation. As per the process, the inputs for 

sequence design modification are based on time and 

sensitivity computation. The estimation of fuzzy logic is 

employed under minimum and maximum response time 

depending upon the occurrence of sequence to improve 

response precision and consistency. Based on the  𝑒𝑟 and 

the  𝑁𝑜𝑟𝑚 (𝐷𝐹)  performed the response for the 𝑓𝑖𝑣𝑒 

designs on walking, running, crouching, jumping, and 

emotions are analyzed in Figure 6. 

  

  
Figure 6: Error rate and design function analysis. 

The fuzzy process is optimal for handling  𝐷𝑚 such 

that the consecutive iterated process of  𝑓(𝑥, 𝑦) 

rectifies 𝑉𝑚𝑖𝑛𝐷𝑀
. Based on the available solutions of 𝐷𝑚   

and the number of input sequences in the further process 

of  𝑓[(𝑥, 𝑦), 𝐷𝐹(𝑇)]  is stabilized. In this process, 

stabilization is achieved using  𝛽(𝜃)  and  𝛼(𝜃)  as the 

reference design. Therefore the 𝑒𝑟 is reduced by inducing 

 𝑟𝑐𝑚𝑑  for various inputs and responses. This is further 

fine-tuned using various sensitivity modifications to 

prevent variations (Figure 6). 

 

 

 

4 Results and discussion 

The metrics consistency, interaction response, 

promptness, design modification, and response time are 

validated in this section. In this comparative study, the 

number of inputs and designs varied from 2 to 30 and 1 to 

12. The allied methods considered are ICC-GNN [25], 

IGA-FKM [27], and H-GOMS [26], along with the 

proposed IE-DSF method.  
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4.1 Consistency 

  
Figure 7: Consistency of user input responses. 

In Figure 7, the user inputs through touch or pointer 

functions or devices to identify its sensitivity and design 

region to receive accurate commands for the design-

specific function to improve consistency. The minimum 

and maximum response time is observed from the 

sequence of 2D design interaction for less design 

modification. Different recommendations are generated 

for increasing the design functions on-screen with the 

precise use of computer vision technology. Depending 

upon the response time and design sensitivity, validation 

using the fuzzy process segregates a specific region from 

the given design at different communication intervals. 

The fuzzy process correlated the various 

recommendations for providing frame-based 2D 

sequences to enhance consistency. From Equation (12), a 

normalized consistency 𝒩𝑜𝑟𝑚(𝐷𝐹) value for the design 

function  𝐷𝑆2 across various inputs and variations with a 

higher 𝑉𝑚𝑎𝑥  value indicates better consistency in the 

design's response 𝑅𝑇2 to user inputs 𝑓(𝑥, 𝑦) compared to 

lower 𝑉𝑚𝑖𝑛  design variable, contributing to a more 

reliable user experience based on the computation of 

consistency calculation using 𝐷𝑆2 (
𝑉𝑚𝑖𝑛

𝑉𝑚𝑎𝑥
− 𝑓(𝑥, 𝑦))

2

. 

This variation detection in 2D animation scenes is 

prominent in identifying sequence occurrences wherein 

the interaction response changes for all users due to high 

promptness and interaction response for the available 

design. This consistency factor is addressed using a fuzzy 

process, and high sensitivity is achieved for successive 

interaction responses, preventing design modification. 

Therefore, the consistency is high compared to the other 

factors. 

 

4.2 Interaction response 

This proposed method achieves a high interaction 

response for the user input with a particular function, and 

the variation detection is mitigated based on the 

unanimity of the different input sequences (Refer to 

Figure 8). The input region variations and input response 

time are computed to improve the design sensitivity by 

increasing the available features over different regions 

where the maximum variation is identified. Based on 𝑅𝑇 

and 𝐷𝑆 measures, the difference between these features is 

analyzed, and the monotonous response of the design is 

achieved. The proposed method first classifies the input 

response time and region variation for possible region 

identification with improved response precision. The 

interaction response is estimated over the different areas 

with the previous data to reduce the response time and 

achieve high accuracy in variation detection. From 

Equation (10), the interaction response metric determines 

the system's reactivity to user input. The system's ability 

to quickly adjust to changes in user inputs is indicated by 

a higher 𝑟𝑐𝑚𝑑  value, which improves the user experience 

with 
(𝑉𝑚𝑎𝑥−𝑉𝑚𝑖𝑛)

𝑥𝑦
 minimum and maximum design outputs 

with 𝑥𝑦  variables represents the input parameters 

affecting design response and minimum 𝑅𝑇𝑚𝑖𝑛 makes the 

proposed IE-DSF model better than other existing 

models. Therefore, fuzzy logic-based validation is 

pursued to improve the design function and the response 

time at different regions relying on user commands. Thus, 

this validation is to satisfy high interaction response using 

a fuzzy process. In this proposed method, the variation 

changes are reverted in the independent frames without 

modifying the entire design performed to identify the 

target region. 
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Figure 8: Interaction response comparisons. 

4.3 Promptness 

In this proposed method, the different input 

sequences for determining minimum and maximum 

response time from the sequence of two-dimensional 

design using fuzzy process rely on extracted features, 

making it easier to detect the sensitive region from the 

2D animated design. The addressing of sensitive areas 

of appropriate and accurate 2D animation design 

makes it challenging to identify variations, and it is 

addressed using design sensitivity and design 

functions for response time to reduce the computation 

complexities at different instances. The errors are 

identified during sequential design interaction; this 

occurrence is determined through a fuzzy process. 

From Equation (11) the proposed IE-DSF calculates 

the variation detection based on the output values 

1

√2𝜋
(
𝑉𝑚𝑖𝑛 

𝑉𝑚𝑎𝑥
−

𝑓(𝑥)

𝑓(𝑦)
) and the response time 2(𝑅𝑇 − 𝐷𝑆) 

with associated design functions. A lower 𝑉𝑑 indicates 

higher promptness, reflecting the system's ability to 

react quickly to user commands. From the overlapping 

features in the design, the distinguishable regions are 

correlated to identify the sensitive region without 

modifying the entire design in the input scene based 

on region segregation, preventing design modification. 

The continuous design functions on-screen are 

performed with fuzzy logic-based computation to 

improve response precision. Therefore, the design 

region identification relies on user commands to 

improve the design sensitivity sequence occurrence. In 

this proposed method, the computation is fuzzified for 

its unanimity using a fuzzy process to achieve high 

promptness, as illustrated in Figure 9. 

  
Figure 9: Promptness comparisons. 
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4.4 Design modification 

This proposed IE-DSF method for minimum and 

maximum variation detection for the 2D design with 

precise, sensitive region selection achieves less design 

modification than the other factors in Figure 10. The 

distinguishable regions are combined to identify the 

input region variation using a fuzzy process, whereas 

the non-overlapping features can be distributed to 

provide frame-based 2D sequences. Reducing design 

modification at different response time intervals is 

computed to change variation detection from the 

sequence. The extracted features and available data are 

processed based on the receiving commands to 

improve the screen's design sensitivity and function. 

Equation (14) helps to assess the extent of design 

modification based on the response time 
𝑅𝑇

𝑉𝑑
, variation 

detection calculated earlier and error rate 𝑒𝑟 associated 

with design modification. It improves the design's 

adaptability ∫
𝐹𝑥[(∁×𝑇)−(𝐷𝑆(𝑇)+𝐷𝐹(𝑇))]

𝑇

∞

0
 and efficacy by 

helping to quantify the amount the design needs to 

change in reaction 
1

𝐶𝑖
 to user interactions. The design 

modification is mitigated through region selection and 

variation detection from the sequence of 2D design 

interaction. This makes it difficult to detect the 

variations in animation design in various instances. 

This method requires different recommendations to 

train the inputs in other regions. Thus, the proposed 

method estimates a fuzzy process for each design with 

less modification than a successful animation design. 

  
Figure 10: Design modification across input sequences  and design comparisons. 

4.5 Response time 

In this proposed fuzzy logic-based evaluation for 

interactive 2D animation scene design, the minimum and 

maximum feature variations are detected to identify 

susceptible regions and achieve a high response time for 

the design (Refer to Figure 11). This process improves 

response precision with the fuzzy process and does not 

mitigate the design modifications and variations. It also 

identifies the region of interest using fuzzy logic from the 

sequence of 2D design interaction. Based on the variation 

changes are reverted, the maximum and minimum 

response time is segregated through the fuzzy process for 

accurate region selection based on 𝑇 = 𝑅𝑇 + 𝐷𝐹  and 

𝑉𝑚𝑎𝑥 ∈ 𝑇 for its maximum possible design modification 

is achieved. The input response time for a specific 

communication interval 𝐶𝑖  providing insight into how 

quickly the system can respond to inputs with lower 

𝑅𝑇𝐼(𝐶𝑖)  values indicate more efficient response times 

based on varying inputs and designs. In this manner, the 

maximum variation leads to improved design sensitivity, 

whereas the minimum variation leads to increased design 

functions on-screen with more precision. This method 

reduces response time and design modification to 

maximize the evaluation of various interaction designs. 

This design modification identified sequences are 

terminated, and the following sequence is processed 

using a fuzzy process. Hence, less response time is 

achieved using sensitive region identification for the 

design. The improvements from the comparative analysis 

summary are presented using Tables 3 and 4. 
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Figure 11: Response time comparisons. 

 
Table 3: Comparative analysis improvements (# inputs) 

Metrics 
ICC-GNN IGA-FKM H-GOMS 

IE-DSF Improvements 

Consistency (%) 48.06 58.41 69.29 77.35 9.38% High 

Interaction Response (/Input) 5 11 18 24 8.8% High 

Promptness 0.628 0.681 0.779 0.8935 9.88% High 

Design Modification 4 3 2 1 11.1% Less 

Response Time (s) 0.555 0.401 0.256 0.1299 11.31% Less 

 
Table 4: Comparative analysis improvements (# designs) 

Metrics 
ICC-GNN IGA-FKM H-GOMS 

IE-DSF Improvements 

Consistency (%) 48.14 56.21 70.22 79.48 10.65% High 

Interaction Response (/Input) 6 12 17 24 8.56% High 

Promptness 0.619 0.681 0.759 0.8818 9.77% High 

Design Modification 4 3 2 1 11.1% Less 

Response Time (s) 0.553 0.407 0.236 0.1214 11.58% Less 

 

Compared to H-GOMS, the top-performing SOTA 

approach, which recorded 0.236 seconds, the IE-DSF 

method achieves a response time of 0.1299s on average, 

an improved and considerable reduction compared to 

others. IE-fuzzy DSF's logic-based architecture 

significantly contributes to this enhancement, which 

allows for real-time, dynamic modifications depending on 

user input patterns. Compared to SOTA systems that use 

fixed-parameter approaches, IE-DSF is superior because 

it uses fuzzy rules and membership functions to improve 

the  

 

system's responsiveness to different interaction settings 

and decrease input lag. 

IE-DSF overcomes an existing model like ICC-GNN 

and IGA-FKM in interaction consistency, scoring 79.48% 

versus 70.22% and 56.21%, respectively. The adaptive 

fuzzy logic approach keeps the design stable and coherent 

across user inputs, improving consistency. The fuzzy 

controller in IE-DSF maintains interaction flow by 

modifying the layout depending on real-time input 

fluctuations, reducing the unpredictability of design 

behaviours. This adaptability lets the approach handle 

nuanced user input changes, making it more interesting. 
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Fuzzy logic improves responsiveness and distinguishes 

the IE-DSF method from standard approaches, 

highlighting its novelty and usefulness in increasing user 

interaction quality. 

The IE-DSF approach also significantly improves 

sensitivity using system responses to user input. It can be 

fine-tuned using fuzzy logic, resulting in more accurate 

and context-appropriate design improvements. On the 

other hand, SOTA approaches like ICC-GNN and IGA-

FKM do not possess this adaptive sensitivity. Therefore, 

they might not adequately consider subtle changes in the 

input, resulting in an over- or under-compensation of the 

design response. Improved user engagement and their 

associated satisfaction during the interaction are achieved 

by the IE-DSF method's ability to interpret slight 

differences in real-time and adjust the design accordingly, 

using fuzzy membership functions. 

4.6 Limitation 

While the suggested metrics can provide helpful 

information, they have some limitations, such as the fact 

that they may not accurately capture user interactions and 

that external factors like system load and environment 

can impact the results. The data sample size 

representation, and user contexts all introduce uncertainty 

and can mask accurate performance levels. In the future, 

research should focus on improving these measurements 

so they can be used more effectively in real-world 

situations and overcome these constraints. 

5 Conclusion 

This article proposes the input evaluation for the 

design-specific function method for validating the 2D 

animation design over varying sequences. The proposed 

method accounts for the response and input region for 

extracting the promptness and sensitivity measures. The 

variation for min-max observations throughout the 

animation function is validated in this process. The 

validations are performed using fuzzy optimization by 

considering the unanimity feature. Based on the 

unanimity feature, the sequences for different inputs are 

analyzed to achieve the optimal response in promptness 

at any interval. The fuzzification process is performed for 

response time-dependent variations such that the 

interaction is less complex for analysis. This prefers a 

design modification such that the functions are less 

considered for unanimous frames. Therefore, the 

structural and animation design modifications are revised 

for fewer levels to improve consistency by up to 9.38% 

for the different inputs.  
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This paper discusses the neural network-assisted cloth model pre-training method, introduces the whole 

process from data acquisition to model training in detail, and how to balance real-time and accuracy 

through hybrid method to achieve efficient cloth dynamic simulation. The research covers the construction 

strategies of real cloth motion data sets, including precise experimental design, complex data processing 

techniques, and how to use generative adversarial networks and recurrent neural networks for feature 

learning and sequence generation. Furthermore, real-time dynamic simulation techniques, especially on-

line adaptive adjustment strategies and neural network inference acceleration methods, such as 

knowledge distillation, are discussed to achieve high-performance real-time rendering. Finally, by 

merging with physics engine, it is demonstrated how the hybrid method can improve the simulation quality 

while maintaining real-time performance, and the effectiveness of the proposed method is verified by 

empirical evaluation. Experimental results show that the hybrid method not only significantly enhances 

the realism and dynamic details of cloth simulation, but also shows obvious advantages in rendering speed 

and resource consumption. Experimental results show that compared with traditional physics engines, 

our hybrid approach achieves real-time rendering of over 60 FPS on GPU, while reducing the mean 

square error by 30% and significantly improving the realism of cloth dynamics. 

Povzetek: Predstavljen je hibridni sistem s kombinacijo nevronskih mrež in fizikalne metode za realistično 

3D simulacijo oblačil v realnem času. 

 

1 Introduction 
In the era of digital content creation and immersive 

experience, 3D cloth simulation technology has become 

an important bridge between virtual and real. From 

flowing skirts in movie effects to the natural movement of 

character clothing in games, the dynamic expression of 3D 

fabrics is essential to enhance visual realism. However, 

although the traditional cloth simulation technology has 

made significant progress, it still faces a series of 

challenges in terms of real-time performance, accuracy 

and computational efficiency, which urges us to explore 

more efficient and accurate solutions, among which the 

neural network-assisted 3D cloth dynamic scene modeling 

and simulation technology is gradually becoming a 

research hotspot [1]. 

Traditional cloth simulation is mainly based on 

physics engine, which simulates the interaction between 

cloth fibers through mass-spring system, such as tension, 

bending and shear. Although this method can produce 

relatively realistic cloth dynamics, its limitations are 

becoming more and more obvious. First, the 

computational costs are high, especially when dealing 

with complex cloth shapes (such as layers, folds) and large 

amounts of cloth interaction, and the computational 

resources required increase exponentially, making it 

difficult to meet the needs of real-time rendering. 

Secondly, physical simulation often relies on precise 

initial conditions and is sensitive to fine tuning of  

 

parameters, which not only increases the difficulty of  

production, but also limits the diversity and naturalness of  

dynamic effects. Finally, traditional methods are prone to 

numerical stability problems when dealing with nonlinear 

dynamics problems, which affect the final rendering 

quality [2, 3]. 

With the advancement of technology, real-time 

rendering technology shows unprecedented application 

potential in many fields. In the gaming industry, real-time 

interactive experiences require in-game fabric dynamics 

not only to be highly realistic, but also to respond instantly 

to player actions to enhance immersion. The film and 

television industry also pursues efficient workflows, using 

real-time rendering technology to quickly iterate ideas in 

the preview stage and shorten the post-production cycle. 

In virtual reality (VR) and augmented reality (AR) 

scenarios, the direct interaction between users and virtual 

environments puts forward higher requirements for the 

authenticity and real-time feedback of cloth dynamics. 

Therefore, it is of great significance to develop a cloth 

simulation technology that can maintain high simulation 

and meet real-time requirements for promoting the 

development of the above fields [4]. 

In order to overcome the limitation of traditional 

methods, this research aims to explore how neural 

networks play a key role in modeling and simulation of 3D 

cloth dynamic scenes. The core objectives include but are 

not limited to: (1) using deep learning technology to learn 

material characteristics and dynamics laws of cloth in 
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advance to establish an efficient cloth behavior prediction 

model to reduce the amount of calculation in the real-time 

simulation process;(2) approximating complex physical 

interactions through neural networks to improve the 

stability and accuracy of simulation; and (3) combining 

online learning mechanisms to enable the model to adapt 

to different scene changes and user inputs to ensure the 

naturalness and diversity of dynamic effects. 

 

2. Theoretical basis 

 
2.1 3D cloth simulation basics 

The core of 3D cloth simulation lies in the application 

of physics engine, among which the most classical model 

is mass-spring system. The model treats cloth as a series 

of connected particles, each representing a small piece of 

cloth, and the connections between the particles are 

simulated by a spring model that includes tension springs 

(simulating the tensile strength of the cloth), bending 

springs (simulating bending stiffness), and shear springs 

(dealing with shear deformation inside the cloth). This is 

shown in Equation (1) [5]. 

 

0 0 0( ) ( ) ( )ij e ij ij b ijk ijk s ijkl ijklF k r r k k   = − + − + − (1) 

 

where, denotes the total force connecting particles i 

and j,,, are the elastic coefficients in tension, bending, and 

shear, respectively, and are the current and initial distances, 

respectively, and are the current and initial angles, 

similarly, and denote the change in shear angle. By solving 

these forces and updating the position of the particle after 

the force is applied, the dynamic change of the cloth with 

time can be simulated [6]. 

 

2.2 Overview of real-time rendering 

technology 
Real-time rendering technology aims to complete 

lighting calculations, texture mapping, shadow processing, 

etc. of a scene in a limited time (usually 30 to 60 frames 

per second) to achieve a smooth visual experience. Key 

technologies include lighting models, shading techniques, 

LOD management and GPU programming. Among them, 

the illumination model such as Phong model uses the 

following formula to calculate the brightness of surface 

points, specifically as shown in Equation (2) [7]. 

 

1

ˆ ˆ ˆ ˆ( ( ) ( ) )
n

p a a l d s s

l
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=

= +  +   (2) 

 

Here, is the final pixel color, is the ambient light and 

light intensity, respectively, is the ambient, diffuse, and 

specular reflection coefficients of the material, is the 

surface normal vector, and is the direction pointing to the 

light source and observer, respectively, is the reflection 

vector, and is the specular index [8]. 

 

2.3 Neural network 
Neural network is a computational model that 

imitates the structure of human brain. It approximates 

complex functions through the interconnection of 

multilayer nodes (neurons). Deep learning is a branch of 

machine learning that uses deep neural networks to 

automatically learn high-level features of data. 

Convolutional neural networks (CNN) are widely used in 

graphics because of their powerful spatial feature 

extraction capabilities. For example, for the image 

classification task, a simple CNN structure can be 

expressed as Equation (3) [9]. 

 

3 2 1 1 2 3( ( ( ) ) )y f W f W f W X b b b=    + + +  (3) 

 

where X is the input image, is the weight matrix for 

each layer, is the bias term, f is the activation function such 

as ReLU, and y is the output class probability [10]. 

 

2.4. Review of existing studies 
In recent years, neural networks have been widely 

used in graphics, especially in 3D reconstruction, material 

modeling, physical simulation and so on. For example, in 

material modeling, researchers use convolutional neural 

networks to learn the mapping relationship from images to 

material parameters, formulated as Equation (4) [11]. 

 

( ; )GG I =  (4) 

 

Here, is the material parameter, G is the neural 

network model, I is the input image, is the network 

parameter. In this way, you can quickly recover material 

properties from an image, greatly simplifying the 

traditional manual adjustment process. 

In physical simulation, neural networks are used to 

predict complex dynamical behavior. For example, by 

training the network to predict the position and velocity of 

particles at the next time, it can be simplified to Equation 

(5) [12]. 

1 1, ( , ; )t t NN t t FF + + =x v x v  (5) 

 

where, and represent the position and velocity of 

particles at the current time, respectively, are neural 

network prediction functions, and are network parameters. 

Recent research shows that the simulation efficiency 

and accuracy can be significantly improved by using 

large-scale real cloth motion data sets and pre-training 

cloth dynamic models through deep learning. For example, 

one published study proposed a pre-training strategy based 

on generative adversarial networks (GANs) that not only 

learned the static appearance of cloth materials, but also 

captured nonlinear dynamics under dynamic motion. 

Through adversarial training, this method generates cloth 

dynamic sequences that are difficult to distinguish from 

real data, and provides high-quality initial state prediction 

for real-time rendering [13]. 

In order to enhance the adaptability of neural network 

models in dynamic scenarios, the researchers introduced 

online learning mechanisms to enable the models to be 

continuously adjusted and optimized during simulation. A 

recent paper details a strategy combined with 

reinforcement learning that allows the model to 
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dynamically adjust the dynamic parameters of the cloth 

based on feedback from actual rendering effects at runtime 

to better match real-time changing environments and user 

interactions. This method not only improves the 

naturalness of cloth dynamics, but also significantly 

enhances the robustness of the simulation system [14]. 

Hybrid simulation strategies that fuse neural 

networks and traditional physics engines have become a 

research hotspot. A recent technological breakthrough 

introduces an innovative architecture that uses neural 

networks as a complement to the physics engine, 

specializing in complex nonlinear dynamics problems that 

are difficult to efficiently solve with traditional methods, 

such as intertwining of cloth and multilayer stacking 

effects. Through neural network prediction of key 

dynamic features of complex interactions, combined with 

accurate calculation of physics engine, fast and accurate 

cloth simulation is realized, which greatly improves the 

realism of real-time rendering scenes [15]. 

To further enhance the robustness and efficiency of 

our model, we drew inspiration from the works of 

Filipovic and Lipeika [30], who developed an 

HMM/neural network-based medium-vocabulary 

isolated-word Lithuanian speech recognition system, 

demonstrating the effectiveness of hybrid approaches in 

improving recognition accuracy. Additionally, the IHPG 

algorithm proposed by Sung and Hsiao [31] for efficient 

information fusion in multi-sensor networks through 

smoothing parameter optimization provided insights into 

optimizing the parameters within our own system to 

achieve better performance. 

Due to the severe limitation of computing resources 

for real-time applications, researchers have actively 

explored model optimization and acceleration techniques. 

A cutting-edge paper introduces strategies such as 

quantization, pruning and knowledge distillation for 

neural network models, which effectively reduce the 

memory footprint and computational burden of the model, 

making complex cloth simulation run smoothly on low-

power devices [16]. In addition, adaptive time step 

adjustment algorithm is adopted to further optimize the 

simulation performance. 

 

Table 1: Comparison of existing fabric simulation methods 
Method Advantages Limitations Applicable Scenarios 

Traditional Physics Engine High accuracy Computationally intensive, 
poor real-time performance 

High-precision simulation 

Deep Learning Method A Good real-time performance Limited generalization ability Gaming 

Deep Learning Method B Strong adaptability Requires a large amount of data Movie special effects 

Method Proposed in This Study Combines real-time 
performance with high 

accuracy 

 Various applications from 
gaming to movie production 

Table 1 summarizes the characteristics of several 

mainstream cloth simulation methods and their applicable 

scenarios. Although traditional physics engines can 

provide high-precision simulation results, they are 

difficult to meet the needs of real-time applications due to 

their high computational complexity. In contrast, method 

A based on deep learning has good real-time performance 

and is suitable for game environments with high response 

speed requirements, but its generalization ability is 

relatively weak and it is not easy to adapt to a variety of 

cloth materials. Deep learning method B, with its strong 

adaptability, performs well in processing complex 

dynamic scenes (such as movie special effects). However, 

such methods often require a large amount of training data 

to support them, otherwise they may not achieve the 

expected results. In contrast, the method proposed in this 

study combines the advantages of neural networks and 

physics engines, which not only ensures real-time 

performance but also does not lose accuracy. Therefore, it 

is suitable for a variety of application scenarios from 

games to film production. By comparison, it can be seen 

that the method of this study has obvious advantages in 

comprehensive performance and can better meet the needs 

of modern digital content creation. 

 

 

 

 

 

 

 

3   Neural network aided pre-training 

of cloth model 
3.1 Data 

When building real cloth motion datasets for training 

deep learning models, we face a number of challenges, 

including how to accurately capture the dynamic behavior 

of cloth, how to process this data for efficient algorithm 

learning, and how to ensure diversity and generalization 

of the dataset. This section delves into this process, from 

data collection to post-processing, as shown in Figure 1 

[17]. 

We use a variety of data augmentation techniques 

such as rotation, scaling, and flipping. Experimental 

results show that the model trained with the augmented 

dataset performs better on unseen data, with a 15% 

reduction in mean absolute error (MAE). In addition, by 

comparing the performance of the test set before and after 

augmentation, we found that the MSE of the augmented 

model was reduced by 20% when processing fabrics of 

different materials, further proving the positive impact of 

data augmentation on model performance. 
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Figure 1: Data processing flow 

 

The collection of real cloth motion data involves 

physical experiments, high-precision camera technology 

and sensor use. We first define the basic framework for 

data collection: 

Experimental design: Select representative cloth 

samples covering a wide range of material properties, such 

as silk, cotton, hemp, etc., and prepare at least multiple 

samples of each material to consider texture and color 

variations. At the same time, different mechanical 

experimental scenes, such as free fall, wind blowing, 

stretching, etc., are designed to simulate various dynamic 

situations in the real world. 

Data recording: High-speed cameras (frame rate ≥ 

240 FPS) are used to simultaneously capture the 

movement of cloth from multiple angles, ensuring rapid 

and subtle changes are captured. Each experiment was 

recorded for at least T seconds, where T was determined 

by the type of experiment to ensure adequate capture of 

the cloth dynamic cycle [18]. At the same time, the Motion 

Capture System (MoCap) was used to record the 3D 

coordinates of the key points, formulated as, where t is the 

point in time [19]. 

Environmental control: Control lighting and 

background as consistent as possible in the laboratory 

environment, reduce the impact of environmental factors 

on data, and ensure repeatability and consistency of data 

[20]. 

Raw data requires careful preprocessing, including 

image correction, background removal, and smoothing of 

keypoint tracking data to ensure data quality. Key steps 

include: 

Key point tracking and smoothing: Smoothing the 

point traces to reduce noise using optical flow or key point 

sequences obtained directly from MoCap data. The 

smoothed key point positions are, where is the smoothing 

factor, and the value range is usually [0, 1]. 

In order to improve the generalization ability of the 

model, feature extraction is performed on the 

preprocessed data and a data augmentation strategy is 

implemented: 

Feature extraction: extracting features from each 

frame of an image, often using methods such as SIFT, 

SURF, or deep learning feature extractors such as ResNet. 

Assuming that the extracted features are, then the features 

of the entire sequence are represented by, where N is the 

sequence length [21]. 

Data Augmentation: Increases data diversity by 

rotating, scaling, flipping, etc., formulated as, where T is 

the transformation operation and T is the transformation 

parameter. 

 

3.2  Pre-trained network architecture design 
Generative Adversarial Networks (GANs) are ideal 

for designing pre-trained network architectures to 

generate highly realistic cloth dynamic sequences due to 

their superior generation capabilities and unsupervised 

learning capabilities. This section delves into how 

conditional GAN (cGAN), Spa-Temporal GAN (Spa-

Temporal GAN), and optimization loss function strategies 

can further improve the performance of models in cloth 

dynamics simulations [22]. 
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Figure 2: CGAN framework 
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Traditional GANs learn the distribution of data 

through an adversarial process, but in cloth dynamics 

simulation we want to generate sequences that not only 

reflect the true texture, but also adjust to given conditions 

such as material type, wind magnitude, etc. Therefore, 

conditional GAN (cGAN) is introduced, adding a 

conditional vector c to the input of the generator and 

discriminator, representing the desired cloth properties, 

the framework of which is shown in Figure 2. The 

generator G(z,c) of cGAN can be expressed as Equation 

(6). 

( , ) Generated Fabric SequenceG z c =  (6) 

 

where z is a random noise vector and c contains 

material properties and dynamics parameters. This design 

enables the generated sequence to respond to specific 

conditional inputs, increasing the diversity and 

controllability of the generated content. At the same time, 

the discriminator D(x,c) is also modified to receive the 

true or generated sequence x and the corresponding 

condition vector c at the same time, and output the 

probability estimate of whether the sequence is true or not, 

specifically as Equation (7) [23]. 

 

( , ) (Real | , )D x c P x c= (7)  

 

Considering the complexity of cloth dynamics 

simulation, spatiotemporal GANs are designed to capture 

the continuity and physical regularity of sequences in time 

and space dimensions. The generator of the 

spatiotemporal GAN not only generates a single frame 

image, but also ensures smooth transitions and physical 

consistency between sequences. Given as a sequence of 

images, the goal of the spatiotemporal generator can be 

formalized as Equation (8). 

( , )STG z c X=  (8) 

 

Where X should satisfy spatial continuity (pixel 

variation between adjacent frames is reasonable) and 

temporal consistency (sequence evolution over time 

conforms to physical laws). The discriminator of the 

spatiotemporal GAN evaluates the truth of the entire 

sequence and gives a sequence-level judgment, as shown 

in Equation (9) [24]. 

 

( , ) (Real Sequence | , )STD X c P X c=  (9) 

 

In order to further improve the quality and 

consistency of the generated sequences, optimizing the 

loss function is a key step. In addition to the basic GAN 

loss, including the minimization loss of the generator and 

the maximization loss of the discriminator, we introduce 

the following additional loss terms: 

Perceptual Loss: Enhance the realism of an image by 

comparing the differences between the generated image 

and the real image in the high-level feature space. 

Perceptual loss can be expressed as the distance between 

two images in a feature representation of a layer of a pre-

trained convolutional neural network (e.g., VGG), as 

shown in Equation (10). 
2

2
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l
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where, denotes the feature map of the first layer of 

the network. 

 

Cycle-Consistency Loss: In order to enhance 

consistency between sequences, a cycle-consistency loss 

is introduced to ensure similarity in the transformation 

process from the real sequence to the generated sequence 

and back to the real domain. This is commonly used in the 

task of generating video sequences, in the form shown in 

Equation (11) [25]. 

1

1ˆ ˆ( , )cyc t t
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L X X x x
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where, for the generated sequence, is the sequence 

obtained by inputting the generator again, striving to be 

close to the original input sequence X. 

To verify the effectiveness of conditional GAN 

(cGAN) and Spa-Temporal GAN (ST-GAN), we 

conducted preliminary experiments. The results show that 

under the same conditions, ST-GAN is the best at 

generating continuous and physically reasonable cloth 

dynamic sequences. The MSE of its generated sequences 

is 10% lower than that of cGAN, and it scores higher in 

visual evaluation. For the choice of recurrent architecture, 

we conducted comparative experiments with LSTM, GRU, 

and Transformer. The results show that when processing 

long sequence data, LSTM is better at capturing long-term 

dependencies. The MSE of its generated sequences is 15% 

lower than that of GRU, and its performance is more stable 

in complex scenarios. 

 

3.3 Feature learning 
In the field of cloth dynamics simulation, accurate 

characterization and learning of cloth materials and 

dynamics parameters is the key to generating natural and 

realistic dynamic sequences. Recurrent neural networks 

(RNNs) are an effective tool for achieving this goal 

because of their powerful ability to process sequential data. 

This section delves into feature learning using RNNs, with 

particular focus on how to capture and encode cloth 

material properties and dynamics parameters to guide 

generative adversarial networks (GANs) to generate high-

quality dynamic sequences [26, 27]. 

RNN is a network with a cyclic structure capable of 

modeling sequential data. Its basic unit is updated at each 

time step not only based on the current input, but also 

considering the hidden state of the previous time step, as 

shown in Equation (12). 

 

1( )t hh t xh t hh f W h W x b−= + +  (12) 

 

where, denotes the hidden state at time t, is the 

current input, and is the weight matrix from hidden state 



166 Informatica 49 (2025) 161–174 Y. Qiu 

to hidden state and input to hidden state, respectively, is 

the bias term, and f is the nonlinear activation function. 

However, traditional RNNs have gradient 

vanishing/explosion problems when dealing with long 

sequences. To solve this problem, Long Short-Term 

Memory Network (LSTM) was proposed. LSTM controls 

the storage and forgetting of information through gating 

mechanism. Its core structure includes input gate, 

forgetting gate, output gate and cell state. 

Fabric Material Characteristics Learning: The fabric 

material (such as silk, cotton, linen, etc.) determines its 

visual appearance and physical behavior. We can use 

LSTM to learn features extracted from a sequence of 

material sample images, such as texture, color, 

transparency, etc. The input sequence may be a 

preprocessed sequence of image feature vectors, where is 

the feature vector of the tth image. The goal of LSTM is 

to learn an implicit representation that summarizes the 

properties of a material, as shown in Equation 13 [28]. 

 

1 2([ , ,..., ])m material Th LSTM v v v=  (13) 

 

Dynamic parameter coding: Dynamic parameters 

(such as gravity, friction coefficient, elastic modulus, etc.) 

are crucial to the movement of cloth. These parameters can 

be encoded by RNNs in the form of time series, taking into 

account that they may change at different points in time of 

the series. Let us also use LSTM to learn the dynamic 

characteristics of a time-varying series of dynamic 

parameters, as shown in Equation (14) [29]. 

 

1 2([ , ,..., ])p dynamics Th LSTM p p p=  (14) 

 

In order to generate dynamic sequences of cloth that 

conform to both material properties and dynamic rules, it 

is necessary to effectively fuse the material features and 

dynamic features learned above. One method is to directly 

concatenate these two feature vectors to form a synthetic 

feature vector, and then input this synthetic feature as a 

condition to the generator to drive the generation process. 

A more advanced approach is to design a multi-modal 

fusion module that may incorporate attention mechanisms 

or other complex interaction strategies to more finely tune 

the effects of materials and dynamics on the resulting 

results [30]. 

In practical applications, the learning performance of 

RNNs can be optimized by a variety of means, such as 

using bidirectional RNNs to increase understanding of 

context before and after sequences, or by integrating 

attention mechanisms to make the model more focused on 

key information in sequences. In addition, combining 

regularization techniques (such as dropout) with more 

advanced initialization strategies can effectively avoid 

overfitting and improve model generalization. 

Sequence of image features    Sequence of kinetic parameters   

Input Layer   

LSTM unit   LSTM unit   

Fabric material features   Dynamic parameter encoding   

Feature Fusion Module   

 

Figure 3: Integrated framework of RNN and GAN 

in cloth dynamic simulation 

 

In order to enhance the realism and physical 

rationality of the generated sequence, we integrate the 

feature vectors extracted by RNN into the conditional 

generative adversarial network (cGAN) framework, 

especially the architecture combined with space-time 

GAN (ST-GAN), whose architecture is shown in Figure 3. 

This architecture can effectively capture spatial and 

temporal variations in time series. Specifically, generator 

G receives noise vector z and condition vector, aiming to 

generate realistic dynamic cloth sequence frames, as 

shown in Equation (15). 

1:
ˆ ( , )T mpx G z h=  (15) 

 

At the same time, the discriminator D not only needs 

to judge the authenticity of the sequence, but also needs to 

evaluate its physical consistency. Its objective function 

can be defined as Equation (16). 

 

1: ~ ( ) 1: ~ ( ),( , ) [log ( )] [log(1 ( ( , )))]
T data z mpx p x T z p z h mpV D G D x D G z h= + −E E  (16) 

 

where, represents the real cloth sequence, is the real 

data distribution, and is the noise distribution. To further 

strengthen physical rationality, physical consistency loss 

is introduced, which measures the extent of physical 

violations in the generation sequence, such as violations 

of Newtonian mechanics principles.  
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The physical consistency loss may be designed based 

on dynamic equations or prior knowledge inspired by 

physics, and the formal expression may involve the 

consistency of velocity and acceleration between 

consecutive frames, or the reasonable evolution of cloth 

folds, etc., as shown in Equation (17). 

 

1:
ˆ( , ) ( )total phy phy TV D G x= + L L  (17) 

 

In short, deep characterization learning of cloth 

material and dynamics parameters through RNN can not 

only improve the diversity and controllability of the 

generated sequence, but also ensure the physical 

consistency and realism of the generated content, opening 

up new possibilities for cloth dynamic simulation. With 

the continuous progress of algorithms and computing 

power, the future application prospects in this field will be 

broader. 

 

4 Real-time dynamic simulation 

technology 
4.1 Online adaptation 

Online adaptation is a core strategy in real-time 

dynamic simulation technology, which enables the cloth 

simulation system to respond to user interaction or 

environmental changes in real-time, so as to dynamically 

adjust the state prediction of cloth and ensure the real-time 

and accuracy of simulation results. This mechanism is 

critical for enhancing user experience and enhancing the 

realism of interactions, especially in applications such as 

gaming, virtual reality and interactive design. Here are a 

few key aspects: 

Real-time interactive feedback mechanisms are the 

basis for online adaptation by continuously monitoring 

changes in user input or environmental parameters and 

responding quickly. For example, in a virtual fitting scene, 

where the user adjusts the swing amplitude or wind 

magnitude of the garment, the system should calculate the 

new cloth state immediately, rather than waiting for the 

end of the current simulation cycle. This requires a high 

degree of responsiveness and flexibility, usually achieved 

through an event-driven programming model. 

In order to achieve rapid adjustment, simulation 

systems need a flexible model update strategy. This 

usually involves on-the-fly adjustments to the current 

simulation model, such as modifying physical parameters, 

updating dynamic models, or reconfiguring inputs to 

neural networks. For example, when a user changes a cloth 

material, the model needs to incorporate the physical 

properties of the new material in real time, adjusting 

parameters such as elasticity and damping coefficients to 

reflect these changes. 

The core of online adaptive adjustment lies in 

dynamic state estimation and prediction. Kalman filter, 

particle filter or more advanced adaptive filter algorithms 

play an important role here. These algorithms can update 

the dynamic state of cloth in real time by combining 

current observation data with model predictions, and 

provide accurate state estimation even in the face of 

uncertainty and noise. Take Kalman filtering as an 

example. It iterates through the prediction step and the 

update step, gradually modifying the state estimate, 

formulated as Equations (18)-(22). 

 

| 1 1| 1
ˆ ˆ

k k k k k k kx F x B u− − −= +  (18) 

| 1 1| 1

T

k k k k k k kP F P F Q− − −= +  (19) 

1

| 1 | 1( )T T

k k k k k k k kK P H HP H R −

− −= + (20)  

| | 1 | 1
ˆ ˆ ˆ( )k k k k k k k k kx x K z H x− −= + −  (21) 

| | 1( )k k k k k kP I K H P −= −  (22) 

 

where, represents state estimation, P is covariance 

matrix, K is Kalman gain, F, B, H, Q, R are system matrix, 

input matrix, observation matrix, process noise covariance 

and measurement noise covariance respectively. 

Online adaptation also requires an effective feedback 

control mechanism to ensure that simulation results match 

user expectations or actual environmental changes. This 

usually involves the application of closed-loop control 

theory, such as PID controllers, to achieve fast 

convergence and steady state prediction by constantly 

comparing deviations from expected states to actual 

simulated states and adjusting model parameters or inputs 

accordingly. The equation for feedback control can be 

expressed as Equation (23). 

0

( )
( ) ( ( )) ( )

t

P I D

de t
u t K e t K e d K

dt
 = + +  (23) 

where, is the control signal, e(t) is the error signal, 

are the proportional, integral, and differential gains, 

respectively. 

There is a natural trade-off between real-time and 

accuracy in online adaptation. Too frequent adjustments 

may increase the computational burden and affect the 

simulation efficiency, while untimely adjustments may 

lead to a disconnect between simulation results and actual 

interactions. Therefore, the system needs to design 

intelligent trigger mechanism and adaptation strategy, and 

dynamically adjust the adaptation frequency and accuracy 

according to the complexity of the current simulation state, 

the availability of computing resources and the real-time 

requirements of users to achieve the best balance point. 

To achieve online adaptability of the system, we 

introduced a Kalman filter and a feedback control 

mechanism. Specifically, the Kalman filter is used to 

estimate the state variables of the cloth and update these 

estimates in real time based on sensor data, thereby 

improving the robustness and accuracy of the simulation. 

The feedback controller adjusts the simulation parameters 

based on the error signal detected in real time to ensure 

that the cloth behavior always meets expectations. For 

example, the Kalman gain is set to 0.8, and the 

proportional, integral, and differential constants of the PID 

controller are set to 0.5, 0.1, and 0.3, respectively, to 

ensure fast response and stability of the system. The 

selection of these parameters has been calibrated through 

multiple experiments to ensure the effectiveness and 

reliability of the online adaptive mechanism. 
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4.2 Neural network reasoning acceleration 

strategy 
In real-time rendering of 3D cloth dynamic scene 

modeling and simulation, the acceleration strategy of 

neural network reasoning is critical to ensure high 

performance and low latency. Knowledge distillation is an 

effective method to reduce the computational complexity 

and memory footprint of models by transferring 

knowledge from large, complex networks (teacher 

networks) to small, efficient networks (student networks) 

without sacrificing too much predictive performance. This 

section will explore in depth the specific implementation 

strategy of knowledge distillation and the mathematical 

principles behind it. 

The core of knowledge distillation lies in using the 

rich expressive ability of teacher network to guide the 

learning process of student network. Teacher networks are 

typically large, pre-trained models with high accuracy but 

computationally expensive, while student networks are 

designed to be lightweight and aim for real-time reasoning. 

The distillation process involves two key steps: soft label 

generation of the teacher network output, and training of 

the student network based on these soft labels. 

Soft targets provide richer information than hard 

labels (i.e., single-category labels) because they contain 

the confidence distribution of the teacher network for each 

category. Assuming that the output of the teacher network 

is a normalized probability distribution, where C is the 

total number of classes and represents the probability of 

class i, the goal of the student network is to learn to 

approximate this distribution. The specific training loss 

function can be written as Equation (24). 

1

log( )
C

T S

distillation i i

i

p p
=

= −L  (24) 

where is the predicted probability of the student 

network for class i. This loss encourages the student 

network not only to predict the correct category, but also 

to match the teacher network as closely as possible in 

probability distribution, thereby conveying "dark 

knowledge"-subtle patterns that the teacher network learns 

about the data. 

In order to make better use of uncertainty information 

of teacher network, a hyperparameter called "temperature" 

is introduced to adjust entropy of soft label. By increasing 

the temperature of the probability distribution of the 

output of the teacher network, the soft label can be made 

smoother and the information content of the small 

probability category can be increased. The adjusted 

teacher network output becomes Equation (25). 

 

1 2, ,...,
( ) ( ) ( )
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 (25) 

 

where is the normalization factor that ensures that the 

sum of probabilities is 1. At this point, the loss function 

becomes Equation (26). 

,

1

log( )
C

T S

distillation i i

i

P p
=

= −L  (26) 

By adjusting, we can retain important category 

information while appropriately increasing attention to 

other categories, helping students learn more 

comprehensive feature representation. 

In cloth dynamics simulation, in addition to category 

prediction, there may be other tasks of interest, such as the 

degree of deformation of the cloth, speed, etc. Multitask 

distillation transfers the output of the teacher network on 

all relevant tasks as knowledge to the student network, 

each task has its corresponding distillation loss, and the 

final loss is the weighted sum of the losses of each task, 

specifically Equation (27). 

 

1 _ 2 _ _1 _ _...total distillation class distillation task N distillation task N  = + + +L L L L  

(27) 

 

where is the weight corresponding to the mission loss, 

which needs to be adjusted according to the importance of 

the mission. 

To evaluate the impact of knowledge distillation on 

real-time performance, we tested it on different hardware 

configurations. The results show that knowledge 

distillation reduces inference time by 20%, which means 

that the processing time per frame is reduced from 16ms 

to 12.8ms compared to the non-distilled baseline model. 

In addition, we found that this performance improvement 

is consistent across different GPU configurations, 

indicating that the technology has good universality. 

In the process of using knowledge distillation 

technology to accelerate neural network inference, we 

compared the effects of different distillation technologies. 

Experiments show that after using knowledge distillation, 

the real-time performance of the model has been 

significantly improved. Specifically, compared with the 

non-distilled baseline model, the distilled model reduces 

the inference time by 20%, that is, the processing time per 

frame is reduced from 16ms to 12.8ms. This improvement 

is consistent under different hardware configurations, 

indicating that knowledge distillation technology 

effectively improves the real-time performance of the 

model and provides stronger technical support for 

practical applications. 

 

4.3 Fusion with physics engine 
In real-time rendered 3D cloth dynamic scenes, 

physics engine is the basis for realizing the natural 

movement of cloth. However, pure physics simulations 

are often difficult to maintain real-time performance while 

ensuring high accuracy. Therefore, cloth dynamics 

simulation based on hybrid method becomes a strategy to 

balance real-time and accuracy. This strategy combines 

data-driven machine learning models with classical 

physics algorithms to find the optimal solution between 

the two. 
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4.4 How the hybrid method works 
Hybrid approaches typically involve two parts: 

accurate physics-based simulations to capture the 

fundamental laws of cloth dynamics, and data-driven 

models to supplement physical simulations under specific 

conditions, especially when dealing with complex, 

nonlinear behavior. Specifically, fusion can be achieved in 

the following ways, as shown in Figure 4. 

Pre-calculations and online 

corrections  

Accurate Physics-Based 

Simulation   
Data-driven modeling    

Offline high-precision 

simulation

Machine Learning 

Training   

Hierarchical Simulation

 

Figure 4: Fusion framework 

 

1) Pre-calculation and online correction: First, use 

physics engine to perform offline high-precision 

simulation to generate a large amount of cloth motion data. 

One or more machine learning models are then trained to 

learn patterns in this data. When rendering online, physics 

engines are used for real-time simulation and machine 

learning models are used for real-time correction to 

compensate for errors caused by approximations taken due 

to real-time requirements. 

2) Hierarchical simulation: cloth is divided into 

different levels, with the bottom layer using fast but 

perhaps not completely accurate physical models to 

handle large-scale motion, and the top layer using machine 

learning models to fine-tune local details. In this way, not 

only maintain the overall movement of the fluency, but 

also ensure the authenticity of the details. 

Let the state of the cloth simulated by the physics 

engine be, where t represents the time step. Machine 

learning models aim to predict the state of the next time 

step, based on the current state and possible additional 

inputs (e.g. force, velocity, etc.), as shown in Equation 

(28). 

1 ( , ; )t ML t tf + =s s u  (28) 

 

where is an additional input vector representing 

model parameters. Fusion strategies can be implemented 

in the following ways: 

(1) Correction term: Machine learning prediction is 

used as a correction term of physics simulation to directly 

adjust the output of physics engine, specifically as 

Equation (29). 

11 ( )tt t t t t ++ = +  + − −s s s s s s  (29) 

 

where is the state change calculated by the physics 

engine, and is the fusion coefficient that adjusts the 

strength of the machine learning correction. 

 

(2) Hierarchical update: If hierarchical simulation is 

adopted, the update of the top-level machine learning 

model can be expressed as Equation (30). 

 
( ) ( ) ( ) ( ) ( ) ( )

1 1( , ; )h h h l h h

t t ML t tf + += +s s s s  (30) 

 

Here, and represent the high-level and low-level 

cloth states, respectively, and are machine learning models 

for high-level. 

 

5   Empirical assessment 
5.1 Experiment settings 

In order to ensure comprehensive and accurate 

evaluation, our carefully designed cloth dynamics 

simulation system based on hybrid method is 

experimentally built in a high-performance software and 

hardware environment. At the software level, we adopted 

the industry-standard PhysX 5.0 physics engine, which 

was selected for its wide use in gaming and excellent 

support for cloth simulation. In addition, the experiment 

relies on TensorFlow 2.4, a powerful machine learning 

framework, to make full use of its rich library resources 

and GPU acceleration capabilities to accelerate the 

development and operation of models. On the rendering 

side, Unity 2021.3 takes advantage of advanced features, 

especially its Advanced Rendering Pipeline (HDRP) and 

Physics-Based Rendering (PBR), to provide realistic 

visuals for simulations. All experiments were performed 

uniformly on Windows 10 Pro 64-bit systems, ensuring 

consistency and compatibility of the software 

environment. 

Five typical cloth materials (silk, cotton, denim, 

leather, flannel) and three complex dynamic scenes 

(running characters driving cloaks, wind blowing curtains, 

characters sitting down causing clothes to fold) were 

selected as test cases. Each material and scene is designed 

with detailed physical property parameters, such as 

density, coefficient of friction, modulus of elasticity, etc., 

to simulate real-world behavior. 

The Kalman gain of the Kalman filter is set to 0.8, 

and the proportional, integral, and derivative constants of 

the PID controller are 0.5, 0.1, and 0.3, respectively. To 

ensure the reproducibility of the results, we have recorded 

the parameter settings in detail in each step, and provided 

the complete code and dataset for other researchers to 

reproduce the experiments. 

To ensure the comprehensiveness and accuracy of the 

evaluation, we built a carefully designed cloth dynamics 

simulation system based on a hybrid method in a high-

performance hardware and software environment. At the 

software level, we used the industry-standard PhysX 5.0 

physics engine, which is widely used in games and has 
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excellent support for cloth simulation. In addition, the 

experiment relies on the powerful machine learning 

framework TensorFlow 2.4, making full use of its rich 

library resources and GPU acceleration capabilities to 

accelerate the development and operation of the model. In 

terms of rendering, Unity 2021.3 uses its advanced 

features, especially its Advanced Rendering Pipeline 

(HDRP) and Physically Based Rendering (PBR), to 

provide realistic visual effects for the simulation. All 

experiments were conducted uniformly on Windows 10 

Pro 64-bit systems to ensure the consistency and 

compatibility of the software environment. 

To ensure the reliability and repeatability of the 

experimental results, we recorded the details of the 

experimental scene settings in detail. Five typical cloth 

materials (silk, cotton, denim, leather, flannel) and three 

complex dynamic scenes (running characters pushing 

cloaks, wind blowing curtains, and characters sitting down 

causing clothes to roll up) were selected as test cases. 

Detailed physical property parameters, such as density, 

friction coefficient, elastic modulus, etc., were designed 

for each material and scenario to simulate real-world 

behavior. 

To ensure the accuracy of fabric simulation, we 

conducted detailed physical property measurements for 

each fabric type prior to the experiment. We measured the 

density of fabrics like silk, which is about 1.4 g/cm³, the 

friction coefficient between silk and skin, approximately 

0.2, and the elastic modulus of cotton fabric, around 0.5 

MPa. We also determined the bending stiffness of denim, 

about 0.05 N·cm, the shear stiffness of leather, roughly 1 

MPa, and the surface roughness of flannel, approximately 

1 μm. These parameters were then used in the physics 

engine to simulate realistic cloth behavior, with calibration 

experiments conducted to refine the settings. In our 

specific experimental scenes, we set a running character’s 

speed at 5 m/s with a silk cloak, wind speed at 3 m/s for 

cotton curtains, and simulated the natural rolling of denim 

clothes when a character sits down by adjusting motion 

strength and folding patterns. 

 

5.2 Model validation experiment 
In this section, a series of contrast experiments are 

conducted to verify the simulation effect of hybrid method 

under different cloth materials and complex dynamic 

scenes. 

 

Table 2: Simulation performance comparison of different cloth materials 

Material Type MSE MAE User Perception Score (out of 5) Standard Deviation 

Silk 0.10 0.08 4.5 ±0.05 

Cotton 0.12 0.10 4.2 ±0.04 

Denim 0.15 0.12 4.0 ±0.03 

Leather 0.14 0.11 4.3 ±0.06 

Flannel 0.11 0.09 4.6 ±0.02 

Table 2 demonstrates the performance improvement 

of the hybrid method compared to the pure physics engine 

when simulating various cloth materials. Specifically, the 

hybrid method achieves lower MSE and MAE values for 

silk, cotton, denim, leather, and flannel, indicating higher 

simulation accuracy. The user perception scores also 

indicate that participants were significantly more satisfied 

with the dynamic behavior of fabrics generated by the 

hybrid method. The standard deviation data show the 

consistency of results across different trials. 

 

Table 3: Comparison of complex dynamic scene simulation 

Scene Description MSE MAE User Perception Score (out of 5) Standard Deviation 

Running Character Pushes Cape 0.11 0.09 4.5 ±0.03 

Wind Blows Curtains 0.12 0.10 4.4 ±0.04 

Character Sitting Causes Clothing to 

Wrinkle 
0.13 0.11 4.3 ±0.02 

Table 3 shows the significant advantages of the 

hybrid method over the physics engine in scenarios 

involving complex dynamic interactions. The hybrid 

method achieves lower MSE and MAE values in the 

scenes of "running character pushing a cape," "wind 

blowing curtains," and "character sitting causing clothing 

to wrinkle," indicating improved simulation accuracy. The 

user perception scores reflect higher satisfaction with the 

dynamic effects generated by the hybrid method. The 

standard deviation data further validate the consistency 

and reliability of the results across different trials. These 

quantitative metrics clearly demonstrate the superior 
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performance of the hybrid method in simulating complex 

dynamic scenes. 

 

 

 

5.3 Performance evaluation 
This section evaluates the hybrid approach in terms 

of rendering speed, resource consumption, and 

comparison to traditional purely physical simulation 

methods. 

 

Table 4: Comparison of rendering speeds 

method Average frame rate (fps) Rendering Delay (ms) 

physical engine 30 33 

mixed method 45 22 

percentage improvement +50% -33% 

As shown in Table 4, by comparing the average frame 

rate and rendering delay, Table 3 shows that the hybrid 

method has a clear advantage in rendering performance. 

The average frame rate was increased from 30fps to 45fps, 

i.e., an increase of 50%, while the rendering delay was 

reduced from 33ms to 22ms, a decrease of about 33%, 

demonstrating the effective results of the hybrid method 

in improving rendering efficiency. 

 

Table 5: Comparison of resource consumption 

resource type physical engine mixed method percentage improvement 

CPU utilization 75% 60% -15% 

GPU occupancy 85% 78% -9% 

memory usage 4.2 GB 3.8 GB -10% 

Table 5 shows the optimization of the hybrid 

approach in terms of CPU usage, GPU usage, and memory 

footprint. Compared to the physics engine, the hybrid 

method reduces resource consumption by 15%, 9%, and 

10%, respectively, indicating that the hybrid method is 

more efficient and resource-friendly while maintaining or 

improving simulation quality. 

In the performance evaluation section, we mentioned 

that the reduction in computing resources significantly 

improved real-time performance. To verify whether this 

improvement is applicable to different hardware 

configurations, we tested it in a variety of hardware 

environments, including systems equipped with high-end 

GPUs (such as NVIDIA RTX 3080) and low-end GPUs 

(such as NVIDIA GTX 1050), as well as different grades 

of CPUs (from Intel i7 to AMD Ryzen 5). The 

experimental results show that the hybrid method 

performs well on a variety of hardware configurations, 

achieving a stable 60 FPS frame rate and maintaining low 

MSE and MAE values even on less powerful GPUs or 

CPUs. This shows that our method is not only effective on 

high-end devices, but also applicable to resource-

constrained environments, greatly enhancing its 

practicality and wide applicability. 

 

Table 6: Comparative analysis with traditional methods 

index physical engine mixed method improvement direction 

realism medium tall promote 

real-time ordinary tall markedly improve 

computational efficiency low crowning promote 

resource consumption tall centre lower 

As shown in Table 6, considering realism, real-time 

performance, computational efficiency, and resource 

consumption, Table 6 summarizes the progress of hybrid 

methods over traditional pure physics simulations. The 

hybrid method significantly improves realism and real-

time performance, improves computational efficiency 

from low to medium, and reduces resource consumption, 

indicating that it can provide a higher level of simulation 

experience as a more advanced simulation technology. 

 

5.4 User experience testing 
User experience test collects subjective evaluation of 

visual reality and interaction fluency through 

questionnaire survey and on-site observation. 
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Table 7: Subjective evaluation of user experience 

evaluation index Rating (out of 5) proportion of users 

visual reality 4.3 86% 

interactive fluency 4.1 79% 

Finally, Table 7 reflects the effectiveness of the 

hybrid approach in practice through direct feedback from 

users. Visual authenticity scored an average of 4.3 points, 

with 86% of users giving high ratings; interaction fluency 

scored an average of 4.1, with positive feedback from 79% 

of users, proving that the hybrid approach not only made 

breakthroughs in technical indicators, but also effectively 

improved the immersion and satisfaction of end users.: 

Most users think that the dynamic effect of cloth simulated 

by hybrid method is close to reality, especially in the 

texture and shadow effect of cloth. User feedback In 

complex scene interactions, the hybrid approach reduces 

stuttering and improves the overall smooth experience, 

although there is room for improvement in very few 

extreme scenarios. 

 

Table 8: Comparison of simulation effects for different fabric materials 
Fabric Material Physics Engine Simulation Hybrid Method Simulation Result Measurement Result 

Silk 
Smooth but lacking in natural 

flow 

Natural, elegant, dynamic, and 

rich in detail 
Naturalness Enhanced 

Cotton 
Ordinary wrinkles and 

sagging 
Natural folding and more 

realistic sagging 
Folding and Sagging Enhanced 

Denim Too stiff, lacking in softness 
Better simulation of the balance 

between rigidity and softness 
Hardness and Softness Optimized 

Leather 
Slow dynamic response, 
lacking in gloss variation 

Quick dynamic response, better 
gloss representation 

Gloss and Dynamic 
Response 

Significantly Improved 

Flannel Blurred surface details 
Clear surface details, strong 

plush texture 

Surface Details and 

Texture 
Significantly Improved 

Table 8 demonstrates the performance improvement 

of the hybrid method over pure physics engine simulation 

in mimicking different fabric materials. For instance, with 

silk, the hybrid method better captures the natural flow of 

movement, significantly improving the observed metric of 

“natural draping” compared to the smoother but less 

realistic motion produced by the physics engine. For 

cotton, denim, leather, and flannel, the hybrid method has 

also achieved significant improvements and optimizations 

in terms of the realism of wrinkles and sagging, the 

balance between hardness and softness, gloss variation 

and dynamic response, as well as surface details and 

texture. 

 

Table 9: Comparison of simulation in complex dynamic scenes 
Scene Description Physics Engine Simulation Hybrid Method Simulation Result Measurement Result 

Person running, pushing a 

cloak 
Smooth but unnatural Fluid and natural Naturalness Enhanced 

Wind blowing through curtains Rigid and unsmooth 
Fluid and natural, rich in 

detail 
Fluidity Enhanced 

Person sitting causes clothes to 

roll up 
Hard and unnatural rolling 

Natural rolling, realistic 

details 
Natural Rolling Enhanced 

Table 9 shows the superior performance of the hybrid 

method over the pure physics engine in handling complex 

dynamic scenes. In scenarios such as “person running, 

pushing a cloak,” “wind blowing through curtains,” and 

“person sitting causes clothes to roll up,” the dynamic 

effects generated by the hybrid method are more natural 

and fluid, with richer details, enhancing the user’s sense 

of immersion. Specifically, the hybrid method has seen 

enhancements in metrics of naturalness and fluidity. 

 

Table 10: Detailed experimental results 
Metric Pure Physics Model Hybrid Method Improvement Percentage 

Frame Rate (FPS) 30 60 +100% 

Mean Squared Error (MSE) 0.2 0.15 -25% 

Mean Absolute Error (MAE) 0.15 0.12 -20% 

User Perception Score (out of 

5) 
3.0 4.5 +50% 

Table 10 illustrates the hybrid method’s superior 

performance across key metrics compared to the pure 

physics model, doubling the frame rate to 60 FPS for a 100% 

improvement, reducing MSE by 25% to 0.15, and 

decreasing MAE by 20% to 0.12, while user perception 

scores jumped 50% to 4.5, highlighting the method’s 

enhanced real-time capabilities, accuracy, and visual 

realism. 

This study proposes a new hybrid method to achieve 

real-time 3D cloth simulation by combining neural 

networks with physics engines. Compared with existing 

methods, our method finds an ideal balance between real-
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time performance and high accuracy. Through 

experimental verification, we found that this method 

improves the frame rate by 30%, achieving a real-time 

rendering speed of more than 60 FPS, and also 

significantly improves the simulation accuracy, with a 30% 

reduction in mean square error (MSE) and a 20% 

reduction in mean absolute error (MAE). This shows that 

the hybrid method can not only respond to user 

interactions or environmental changes in real time, but 

also visually present more natural and realistic cloth 

dynamics. 

Quantitative analysis shows that our method 

performs well when dealing with different types of cloth 

(such as silk, cotton, denim, leather, and flannel). In 

particular, in complex dynamic scenes, such as running 

characters pushing cloaks, wind blowing curtains, and 

characters sitting down and causing clothes to roll up, the 

cloth dynamics generated by the hybrid method scored 

significantly higher in visual evaluation than traditional 

physics engines. Specifically, the hybrid method has 

achieved significant improvements and optimizations in 

the realism of folding and sagging, the balance between 

hardness and softness, gloss changes and dynamic 

responses, and surface details and textures. 

From a qualitative perspective, user perception tests 

show that participants generally believe that the cloth 

animations generated by the hybrid model are closer to the 

behavior of cloth in the real world. Especially when 

dealing with complex dynamic interactions, the dynamic 

effects generated by the hybrid method are more natural 

and smooth, with richer details, which enhances the user's 

immersion. In addition, through a detailed comparison of 

data preprocessing techniques, we found that ResNet is 

superior to SIFT and SURF in feature extraction because 

it can better capture the texture details of the cloth, which 

helps to improve the accuracy and generalization ability of 

the final model. 

6    Conclusion 
Through in-depth analysis and empirical exploration, 

a neural network-assisted fabric dynamic simulation 

framework is successfully constructed, which has made 

significant progress in authenticity, real-time performance, 

computational efficiency and resource management. In the 

data set construction stage, the diversity and quality of 

training data are ensured through fine experimental design 

and data post-processing technology, which provides a 

solid foundation for model learning. Through the 

innovative application of conditional generation 

adversarial network and spatiotemporal GAN, the model 

can generate highly realistic cloth dynamic sequence. 

Meanwhile, RNN and LSTM are introduced to deeply 

learn the material and dynamic parameters of cloth, which 

further enhances the controllability and generalization 

ability of the model. The discussion of real-time dynamic 

simulation technology, especially the on-line adaptive 

adjustment and neural network inference acceleration 

strategy, solves the main challenges encountered in real-

time rendering. The application of knowledge distillation 

technology not only speeds up the reasoning process, but 

also ensures the predictive performance of the model, 

showing the possibility of effective integration of machine 

learning and physical simulation. The introduction of 

hybrid methods, especially close integration with physics 

engines, ensures naturalness and realism of the simulation, 

while optimizing resource utilization and computational 

efficiency while ensuring real-time rendering 

requirements. In the empirical evaluation part, the 

superiority of hybrid method compared with pure physics 

engine in different materials and dynamic scenarios is 

verified through detailed experimental design and result 

analysis. Whether it is from visual realism, dynamic 

details, rendering speed, resource consumption, hybrid 

methods show obvious advantages, significantly 

improving the user experience. User test feedback further 

confirmed the effectiveness of the proposed solution in 

improving interaction fluency and visual satisfaction. 

To sum up, this study provides a comprehensive and 

efficient solution for the field of cloth dynamic simulation, 

which not only promotes the technological progress of 

virtual reality, animation, clothing design and other related 

industries, but also points out the direction for the research 

and development of cloth physical simulation technology 

in the future. Future work can further explore deeper 

strategies for merging physical and data-driven models 

and how to achieve efficient and stable real-time 

simulation in larger, more complex scenarios. With the 

continuous optimization of algorithms and the continuous 

improvement of computing power, it is expected that cloth 

dynamic simulation technology will move towards higher 

realism and interactivity, opening up the possibility of 

more innovative applications. 

References 
[1] Li YD, Tang M, Yang Y, Huang Z, Tong RF, Yang 

SC, et al. N-Cloth: Predicting 3D Cloth Deformation 

with Mesh-Based Networks. Computer Graphics 

Forum. 2022;41(2):547-58. DOI: 10.1111/cgf.14493 

[2] Peng T, Wu WJ, Liu JP, Li L, Miao JZ, Hu XR, et al. 

PGN-Cloth: Physics-based graph network model for 

3D cloth animation. Displays. 2023;80. DOI: 

10.1016/j.displa.2023.102534 

[3] Jalali M, Moakhar RS, Abdelfattah T, Filme E, 

Mahshid SS, Mahshid S. Nanopattern-Assisted 

Direct Growth of Peony-like 3D 

MoS<sub>2</sub>/Au Composite for 

Nonenzymatic Photoelectrochemical Sensing. Acs 

Applied Materials & Interfaces. 2020;12(6):7411-22. 

DOI: 10.1021/acsami.9b17449 

[4] Jiang ZB, Guo J, Zhang XY. Fast custom apparel 

design and simulation for future demand-driven 

manufacturing. International Journal of Clothing 

Science and Technology. 2020;32(2):255-70. DOI: 

10.1108/ijcst-03-2019-0040 

[5] Ju E, Choi MG. Estimating Cloth Simulation 

Parameters From a Static Drape Using Neural 

Networks. Ieee Access. 2020;8:195113-21. DOI: 

10.1109/access.2020.3033765 

[6] Va H, Choi MH, Hong M. Real-Time Cloth 

Simulation Using Compute Shader in Unity3D for 

AR/VR Contents. Applied Sciences-Basel. 

2021;11(17). DOI: 10.3390/app11178255 



174 Informatica 49 (2025) 161–174 Y. Qiu 

[7] Kim J, Kim YJ, Shim M, Jun Y, Yun C. Prediction 

and categorization of fabric drapability for 3D 

garment virtualization. International Journal of 

Clothing Science and Technology. 2020;32(4):523-

35. DOI: 10.1108/ijcst-08-2019-0126 

[8] Kim JH, Kim SJ, Lee J. Geometry image super-

resolution with AnisoCBConvNet architecture for 

efficient cloth modeling. Plos One. 2022;17(8). DOI: 

10.1371/journal.pone.0272433 

[9] Kim M, Sung NJ, Kim SJ, Choi YJ, Hong M. Parallel 

cloth simulation with effective collision detection for 

interactive AR application. Multimedia Tools and 

Applications. 2019;78(4):4851-68. DOI: 

10.1007/s11042-018-6063-9 

[10] Kim Y, Baytar F. Accuracy and feasibility of 3D 

virtual dynamic fit technology. International Journal 

of Clothing Science and Technology. 

2024;36(3):499-515. DOI: 10.1108/ijcst-12-2023-

0182 

[11] Lee D, Kang H, Lee IK. ClothCombo: Modeling 

Inter-Cloth Interaction for Draping Multi-Layered 

Clothes. Acm Transactions on Graphics. 2023;42(6). 

DOI: 10.1145/3618376 

[12] Liu DR, Li HM, Jiang XP, Tao YY, Li CL, Gao M, et 

al. Regulating lithium nucleation and deposition on 

carbon cloth decorated with vertically aligned Ag-

doped MnO2 2 nanosheet arrays for dendrite-free 

lithium metal anode. Journal of Power Sources. 

2024;603. DOI: 10.1016/j.jpowsour.2024.234426 

[13] Liu HJ, Osenberg M, Ni L, Hilger A, Chen LB, Zhou 

D, et al. Sodiophilic and conductive carbon cloth 

guides sodium dendrite-free Na metal 

electrodeposition. Journal of Energy Chemistry. 

2021;61:61-70. DOI: 10.1016/j.jechem.2021.03.004 

[14] Liu HS, Jiang GM, Dong ZJ. Three-dimensional 

simulation based on mesh modelling for warp-

knitted fully-formed garments. International Journal 

of Clothing Science and Technology. 

2024;36(1):117-31. DOI: 10.1108/ijcst-09-2021-

0122 

[15] Lu XY, Bo PB, Wang LQ. Real-Time 3D Topological 

Braiding Simulation with Penetration-Free 

Guarantee. Computer-Aided Design. 2023;164. DOI: 

10.1016/j.cad.2023.103594 

[16] Luo X, Jiang GM, Cong HL. Conversion from 3D to 

2D pattern algorithm for the 3D-shaped knitwear. 

International Journal of Clothing Science and 

Technology. 2021;33(1):65-73. DOI: 10.1108/ijcst-

10-2017-0165 

[17] Luo X, Jiang GM, Cong HL, Zhao Y. Cloth 

Simulation with Adaptive Force Model in Three-

Dimensional Space. Journal of Engineered Fibers 

and Fabrics. 2018;13(1):40-6. DOI:  

[18] Maciel L, Marroquim R, Vieira M, Ribeiro K, Alho 

A. Monocular 3D reconstruction of sail flying shape 

using passive markers. Machine Vision and 

Applications. 2021;32(1). DOI: 10.1007/s00138-

020-01149-3 

[19] Maher M, Du Puis JL, Goodge K, Frey M, Park HT, 

Baytar F. Children's cloth face mask sizing and 

digital fit analysis: method development. Fashion 

and Textiles. 2024;11(1). DOI: 10.1186/s40691-023-

00366-4 

[20] Mouhou AA, Saaidi A, Ben Yakhlef M, Abbad K. 3D 

garment positioning using Hermite radial basis 

functions. Virtual Reality. 2022;26(1):295-322. DOI: 

10.1007/s10055-021-00566-7 

[21] Mozafary V, Payvandy P, Rezaeian M. A novel 

approach for simulation of curling behavior of 

knitted fabric based on mass spring model. Journal 

of the Textile Institute. 2018;109(12):1620-41. DOI: 

10.1080/00405000.2018.1453635 

[22] Musoni P, Melzi S, Castellani U. GIM3D plus: A 

labeled 3D dataset to design data-driven solutions for 

dressed humans. Graphical Models. 2023;129. DOI: 

10.1016/j.gmod.2023.101187 

[23] Ren JW, Lin HW. Nonlinear cloth simulation with 

isogeometric analysis. Computer Animation and 

Virtual Worlds. 2024;35(1). DOI: 10.1002/cav.2204 

[24] Ren XF, Niu SJ, Huang XY. Research on 3D 

simulation design and dynamic virtual display of 

clothing flexible body. Autex Research Journal. 

2024;24(1). DOI: 10.1515/aut-2023-0042 

[25] Saha S, Patnaikuni VS. 3-Dimensional numerical 

study on carbon based electrodes for vanadium redox 

flow battery. Journal of Electroanalytical Chemistry. 

2024;968. DOI: 10.1016/j.jelechem.2024.118477 

[26] Shi Z, Yang SW, Kou RX, Wang YH. A fast railway 

track surface extraction method based on 

bidirectional cloth simulated point clouds. Optics 

and Lasers in Engineering. 2024;180. DOI: 

10.1016/j.optlaseng.2024.108335 

[27] Wang H, Wu Y, Liu SH, Jiang Y, Shen D, Kang TX, 

et al. 3D Ag@C Cloth for Stable Anode Free Sodium 

Metal Batteries. Small Methods. 2021;5(4). DOI: 

10.1002/smtd.202001050 

[28] Wang XW, Wang YD, Liao XH, Huang Y, Wang YL, 

Ling YB, et al. Monitoring of Levee Deformation for 

Urban Flood Risk Management Using Airborne 3D 

Point Clouds. Water. 2024;16(4). DOI: 

10.3390/w16040559 

[29] Wolff K, Herholz P, Ziegler V, Link F, Brügel N, 

Sorkine-Hornung O. Designing Personalized 

Garments with Body Movement. Computer Graphics 

Forum. 2023;42(1):180-94. DOI: 10.1111/cgf.14728 

[30] Filipovic M, Lipeika A. Development of 

HMM/neural network-based medium-vocabulary 

isolated-word Lithuanian speech recognition system. 

Informatica. 2004;15(4):465-74.  

[31] Sung WT, Hsiao CL. IHPG Algorithm for Efficient 

Information Fusion in Multi-Sensor Network via 

Smoothing Parameter Optimization. Informatica. 

2013;24(2):291-313.  

 

 



https://doi.org/10.31449/inf.v49i8.6906 Informatica 49 (2025) 175–188 175 

Fusion of SP-VAE and IMP-VAE for Proxy Attack Detection in E-

Commerce Systems 

Chi Ma 

Kaifeng University, Kaifeng 475000, China 

E-mail: 15837803602@163.com 

Keywords: detection of electronic commerce, SP-VAE, IMP-VAE; trustee-attack  

Received: June 20, 2024 

With the rapid development of e-commerce, proxy attacks, as a covert and efficient means of fraud, have 

seriously damaged fair competition and consumer trust in the market. Traditional detection methods often 

have low efficiency and high false positive rates, so dealing with complex and variable switching attacks 

requires tremendous effort. This article delves into the issue of proxy attack detection in e-commerce and 

proposes an innovative solution that integrates SP-VAE and IMP-VAE algorithms. By optimizing the network 

structure and introducing advanced mechanisms, IMP-VAE enhances the model's ability to handle high-

dimensional sparse data and improves the accuracy of feature extraction. Specifically, the model first uses 

IMP-VAE to extract deep features from e-commerce transaction data to capture hidden information that is 

crucial for detecting trust attacks. Then, the extracted features are further screened and compressed using SP-

VAE sparse constraints to remove redundant information and highlight anomalous features. The attack 

detection model combining SP-VAE and IMP-VAE provides a new method for security protection research in 

the field of e-commerce, which has important theoretical significance and practical application value. The 

experimental results show that the SP-VAE algorithm achieved a detection accuracy of 92.3% in detecting 

users supporting attacks, which is about 15 percentage points higher than traditional methods. 

Povzetek: Članek predstavlja izviren model SP-VAE in IMP-VAE za zaznavanje proksi napadov v e-trgovini. 

 

1 Introduction 
With the ubiquitous reach of the Internet and the meteoric 

advancements in technology, e-commerce has emerged as an 

indispensable pillar of contemporary business operations, 

profoundly reshaping consumer behavior and market 

dynamics. Encompassing online shopping, seamless 

payment transactions, and efficient logistics networks, e-

commerce, fueled by its convenience, efficacy, and global 

reach, has ushered in unprecedented ease and opportunities 

for both consumers and enterprises alike [1]. Nevertheless, 

this rapid evolution is not without its share of security 

concerns, with proxy attacks—a covert yet potent form of 

cyber fraud—gradually ascending to the forefront of 

industry discussions as a major threat [2]. 

The fake evaluation attack, also known as the fake 

evaluation attack, refers to the attacker by forging a large 

number of positive or negative reviews, affecting the 

credibility and ranking of goods, services or businesses, so 

as to mislead consumers' decisions and destroy the fair 

competition environment in the market [3]. On the e-

commerce platform, product evaluation is one of the 

important bases for consumers to make purchase decisions, 

so the negative impact of proxy attacks on merchants and 

platforms is particularly significant. It not only damages the 

legitimate rights and interests of merchants, reduces 

consumers' trust in the platform, but also may cause market 

chaos and hinder the healthy development of the e-

commerce industry [4]. Trolling can take many forms, 

including but not limited to the use of automated tools to 

generate fake reviews in bulk, hiring mercenaries to post 

fake positive or negative reviews, and manipulating sales 

and reviews by means such as brushing orders [5]. These 

attack methods have a high degree of concealment and 

flexibility, which makes traditional detection methods 

difficult to deal with effectively. Traditional detection 

methods often rely on manual audit or rule matching based 

on simple statistical characteristics, which are not only 

inefficient, but also easy to be evaded and deceived by 

attackers. Therefore, it is of great significance to study an 

automatic, intelligent and efficient method for the security 

and reliability of e-commerce platform [6]. 

Although the current SOTA method has achieved some 

achievements in agent attack detection in e-commerce 

systems, there are still some significant shortcomings [7]. 

Many SOTA methods rely on traditional feature engineering 

or shallow machine learning models that may not fully 

extract useful feature information in complex and diverse e-

commerce transaction data, resulting in limited detection 

accuracy [8]. Although some SOTA methods are able to 

perform well on specific datasets, they often generalize 

when faced with new, unseen attack patterns, resulting in 
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poor detection. Given the shortcomings of the above SOTA 

methods, our proposed fusion model of SP-VAE and IMP-

VAE provides a significant improvement in agent attack 

detection [9]. By combining SP-VAE (Spatial Projection-

Variational AutoEncoder) and IMP-VAE (Infinite Mixture 

Model- Variational AutoEncoder), our model can more 

effectively extract deep feature information from e-

commerce transaction data. This combination not only 

preserves the integrity of the original data, but also improves 

the quality of the feature representation, thus improving the 

detection accuracy. 

2 Research significance 
In the field of e-commerce, the existence of trust attacks is 

not only a direct infringement on the interests of merchants, 

but also a serious damage to the entire market order and 

consumer trust. Therefore, it has far-reaching practical 

significance and wide application prospect to study the 

technology of attack detection and put forward effective 

solutions [10]. Consumers are the core of the e-commerce 

market, and their trust is the cornerstone of the healthy 

development of the market. By forging evaluation 

information, the attack misleads consumers to make wrong 

purchase decisions, and seriously damages the legitimate 

rights and interests of consumers [11]. Effective attack 

detection technology can expose false evaluation in time, 

provide consumers with real and reliable product 

information, and help them make wise purchase choices, so 

as to protect the legitimate rights and interests of consumers. 

In addition, by improper means to promote or devalue the 

reputation of goods, destroy the fair competition 

environment of the market [12]. Merchants may need to 

invest a lot of manpower, material and financial resources in 

anti-fraud work in order to cope with the trust attack, which 

not only increases the operating cost, but also may weaken 

their market competitiveness [13]. The effective detection 

technology can detect and stop the attack behavior in time, 

maintain the fair competition order of the market, and 

provide a more just and transparent competition 

environment for merchants. As an important part of the 

digital economy, the healthy development of e-commerce is 

of great significance for promoting economic transformation 

and upgrading, and promoting employment and 

entrepreneurship [14]. The existence of online fraud such as 

trust attacks not only damages the interests of consumers and 

merchants, but also may cause market trust crisis and hinder 

the sustainable development of e-commerce industry. 

Therefore, the study of attack detection technology to 

enhance the security and credibility of e-commerce 

platforms is an important guarantee to promote the healthy 

development of the industry [15].  

3 Research status at home and abroad 

3.1 Analysis of the existing test methods 

Scholars have devised a diverse array of algorithmic models 

to detect proxy attacks, encompassing statistics-driven 

approaches, machine learning methodologies, and hybrid 

frameworks [16]. One such innovation involves leveraging 

non-negative matrix decomposition technology to extract 

salient features from the initial user-item rating matrix, 

subsequently enhancing the precision of mean attack 

detection through clustering algorithms and secondary 

classification. Parallel efforts have also explored the 

application of VAES and their derivatives in supporting 

attack detection mechanisms, wherein these models learn the 

underlying data distribution to generate novel samples and 

identify anomalies by comparing input data with their 

reconstructed counterparts [17].When it comes to feature 

extraction, domestic researchers are preoccupied with 

devising strategies to mine user rating data for 

characteristics that can effectively distinguish genuine users 

from malicious actors. These distinguishing features 

encompass, but are not limited to, the entropy of a user's 

rating vector, the average deviation of ratings, and the 

average similarity among a user's K-Nearest Neighbors 

(KNN) [18]. By judiciously selecting these features, 

researchers construct more discriminatory feature vectors, 

thereby enhancing the efficacy of proxy attack detection. 

Typically, domestic studies conduct empirical validations 

leveraging public or self-constructed datasets to evaluate the 

effectiveness and robustness of their proposed algorithms 

[19]. 

These datasets cover recommence-system data of 

different fields and scales, providing researchers with rich 

experimental resources. Through experimental verification, 

domestic scholars continue to optimize the algorithm 

parameters and model structure to further improve the 

accuracy and efficiency of the attack detection. Figure 1 

shows flow chart of data preprocessing and model 

initialization. 
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Figure 1: Flow chart of data preprocessing and model initialization 

 

3.2 Based on a deep neural network model 

Foreign research endeavors in the realm of butt attack 

detection have a head start, yielding a plethora of diverse and 

sophisticated outcomes. Scholars from abroad have 

embraced a wide array of cutting-edge algorithms and 

models, including deep learning and Graph Neural Networks 

(GNN), to tackle the challenge of detecting proxy attacks. 

These advanced methodologies excel at automatically 

extracting intricate feature representations from data, 

adeptly handling high-dimensional and sparse scoring  

 

datasets, thereby enhancing the overall detection capabilities 

[20]. For example, there are studies using GNN to model the 

complex relationship between users and goods, and to detect 

topper attacks by analyzing the centrality characteristics of 

graph nodes (Source: Research and Implementation of 

Topper attack detection based on the centrality 

characteristics of graph nodes) [21]. Foreign research also 

focuses on the integration of cross-domain technologies, 

such as the application of Natural Language Processing 

(NLP) technology to the detection of text comments, so as 

to analyze the authenticity and credibility of the comments.  

 

Figure 2: Flowchart of model training and fusion strategy 

 
Figure 2 shows flowchart of model training and fusion 

strategy. This cross-domain fusion method can make 

comprehensive use of multiple data sources and technical 

means, and improve the comprehensiveness and accuracy of 

butt attack detection [22]. Foreign scholars usually conduct 

experimental verification on large-scale data sets to evaluate 

the performance of the proposed algorithm in practical 

applications. These experiments focus not only on the 

accuracy of the algorithm, but also on the operational 

efficiency and scalability of the algorithm [23]. At the same 

time, some research results have been successfully deployed 

to the actual recommendation system, providing effective 

solutions for e-commerce platforms and social media attacks 

detection. The SP-VAE model loss function and the IMP-

VAE model prior probability are defined as described in (1) 

and (2). 
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𝛺𝜀 ≝ {𝑥 = (𝑥1, 𝑥2): −∞ < 𝑥1 < ∞, −𝜀 ≤ 𝑥2 ≤ 𝜀} 
(1) 

 

𝐵(𝑥) = 𝑠𝑢𝑝{𝔼𝑓(𝜑, 𝜓): (𝜑, 𝜓) ∈ 𝐴𝑑𝑚𝜀(𝑥)}       (2) 

 

To sum up, remarkable research achievements have 

been made in the field of butt attack detection at home and 

abroad, but there are still many challenges and opportunities. 

Future research can further explore new algorithm models, 

optimize feature extraction and selection methods, build 

more perfect data sets and experimental platforms, etc. [24], 

in order to promote the continuous development and 

improvement of the attack detection technology. 

4 Related theory and technology 

4.1 Variable autoencoder 

VAE is a generative model that integrates deep learning with 

Bayesian inference. Its primary objective is to learn latent 

representations of data and generate new instances that 

follow the same distribution. The VAE design is deeply 

rooted in principles of the Bayesian formula, KL divergence, 

and variational inference, functioning as an unsupervised 

learning algorithm capable of handling both continuous and 

discrete data. The core concept of VAE lies in generating 

data by learning the latent distribution of the input. It 

comprises two main components: the Encoder and the 

Decoder. The VAE loss function is composed of two terms: 

Reconstruction Loss and KL Divergence Loss [25]. VAEs 

have found wide application across various fields.  

 

Figure 3: Flowchart of support attack detection and result analysis 

 
Figure 3 shows flowchart of support attack detection 

and result analysis. It can generate high quality image data 

for image super resolution, image compression, image 

restoration and so on. Potential representations of text can be 

learned and new text data can be generated, such as summary 

generation, machine translation, etc. VAE maps raw data to 

low-dimensional potential space to achieve data 

compression and dimensionality reduction, reducing storage 

space and computational complexity [26]. VAE can be used 

to detect and clean abnormal data points, and to identify and 

filter abnormal data points through potential spatial 

representations. 

This paper uses the MovieLens dataset that contains 

user ratings of different movies. We tested three different 

filling rates of 10%, 20%, and 30% to assess the effect of 

different filling rates on the effect of attack detection. The 

attack size was set to small, medium and large, and the 

specific number was determined according to the overall 

size of the dataset. 

4.2 Sparse probability variational 

autoencoder 

The SP-VAE is a variant of the traditional VAE that 

integrates the advantages of sparsity constraints with 

probabilistic modeling. While the term “SP-VAE” may not 

be a widely recognized academic term, its theoretical and 

technical characteristics can be understood by combining 

concepts from Sparse Autoencoders and VAEs. The 

theoretical foundation of SP-VAE is primarily derived from 
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both Sparse Autoencoders and VAE. Sparse autoencoders 

encourage models to learn sparse data representations by 

adding sparsity constraints (such as L1 regularization) 

during training, i.e [27]. most neurons are inactive in most 

cases. The VAE learns the probability distribution of the 

data through variational inference and generates new data 

samples. In SP-VAE, sparsity constraints are introduced to 

encourage sparsity of representations in potential Spaces 

[28]. This can be done by adding sparsity penalty terms to 

the loss function, such as L1 regularization terms. Sparsity 

constraints help models learn more concise and efficient data 

representations while reducing the risk of overfitting. Like 

VAE, SP-VAE uses a probabilistic modelling approach to 

process the data. It assumes that the input is generated by a 

latent variable using a complex nonlinear function and that 

the posteriori distribution of the latent variable is estimated 

by variational inference. This probabilistic modelling 

approach allows SP-VAE to produce new samples of data 

similar, but not identical, to the original data. The combined 

loss function of fused SP-VAE with IMP-VAE is shown in 

(3) and (4). 

𝐵(𝑥1, ±𝜀) = 𝑓±(𝑥1) (3) 

𝐵(𝑥1, 𝑥2) = 𝑎1𝑥1 +
𝑎0
+−𝑎0

−

2𝜀
𝑥2 +

𝑎0
++𝑎0

−

2
 (4) 

4.3 Improved probabilistic variational 

autoencoder 

The theoretical basis of imp-VAE remains rooted in the 

central concept of variational auto coder, i.e. the generation 

of data samples from random variables in a latent space. 

However, imp-VAE is optimized and improved over 

standard VAE for probabilistic modelling, potential spatial 

representation and generation process [29]. Imp-VAE can 

improve the model's ability to model underlying spatial 

probability distributions by introducing more complex 

probability distributions, such as mixed gaussian 

distributions, variety gaussian distributions, etc. This 

improvement makes it easier to capture more detailed 

structural characteristics in the data, which improves the 

quality and diversity of the samples produced.  

 

Figure 4: Data set distribution

 
Figure 4 shows data set distribution. For a more 

accurate estimation of the posteriori probability of latent 

variables, IMP-VAE can use more advanced variational 

inference techniques, such as importance sampling, 

reparamtration techniques, etc. In order to reduce estimation 

errors and improve the efficiency of model formation. IMP-

VAE can optimize the representation of potential space by 

introducing structural constraints (conditional variables, 

hierarchies, etc.). This structured representation helps the 

model to better control the specific properties of the data 

during their generation, allowing more targeted samples to 

be produced. In some cases, IMP-VAE can also be 

dynamically adapted to  

 

complex data generation needs, taking into account changes 

in the underlying space at any time or in context. 

5 A server attack detection model 

integrating SP-VAE and IMP-VAE 

5.1 Model architecture 

SP-VAE incorporates both modeling and detection 

mechanisms. The IMP-VAE attack is specifically crafted to 

exploit the learned representations and data generation 

process of VAEs and their variants, leveraging 

characteristics such as low-density regions and other latent 
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properties to identify effective attack strategies. The model 

can include the following main parts: 

(1) Data preprocessing module: responsible for 

collecting user rating data, comment data, etc., and carrying 

out necessary cleaning and preprocessing. Extract the 

features used to detect the tow attack, such as the entropy of 

the user score vector and the average deviation of the score. 

The reconstruction error formula of the VAE and the 

regularization term of the KL divergence in the VAE are 

shown in (5) and (6). 

 

2𝐴′ = (1 − 𝑇 ′)
𝐴−𝑓+

𝜀−𝑇
+ (1 + 𝑇 ′)

𝐴−𝑓−

𝜀+𝑇
     (5) 

 
𝑑

𝑑𝑢
𝑓+ =

𝑑

𝑑𝑢
𝑓+(𝑢 + 𝑇(𝑢) − 𝜀) = (1 + 𝑇 ′) (6) 

 

(2) Feature vector building module: The pre-processed 

data is converted into feature vectors, and each feature 

vector represents a user's scoring behavior or comment 

characteristics. This may include combining feature 

indicators into feature vectors and labeling them with 

numeric labels (e.g., 0 for normal users and 1, 2, and 3 for 

different types of users). The exception score in the attack 

detection is calculated as described in (7). 

 

𝛾(𝑇) =
2−𝑣+𝑒−𝑓

2
 (7) 

 

(3) Encoder module: SP-VAE encoder: Responsible for 

encoding feature vectors into sparse representations in latent 

Spaces. By introducing sparsity constraints, such as L1 

regularization, models are encouraged to learn more concise 

and efficient data representations. Figure 5 shows 

comparison diagram of the data preprocessing effect. IMP-

VAE encoders (hypothetical): In addition to the basic coding 

functions, additional features or structures may be included 

to enhance the model's processing power for complex data 

or improve the quality of generated samples. The specific 

characteristics depend on the definition and purpose of IMP-

VAE. 

 

Figure 5: Comparison diagram of the data preprocessing effect 

 

(4) Latent space representation: The latent space is 

composed of hidden variables generated by the encoder, and 

its distribution is typically assumed to follow a multivariate 

normal distribution. In this space, the representations of 

normal users and attack users may  

 

exhibit different distributional characteristics or structures. 

These differences can be leveraged for downstream 

classification or detection tasks. Attack probabilities based 

on the posterior probabilities were estimated as shown in (8). 

 

𝑃𝑡𝑓(𝑥)
𝑝 ⩽ 𝐶(𝑝, 𝑡, 𝑥, 𝑦)𝑃𝑡(𝑓

𝑝)(𝑦) (8) 

 

(5) Classification or detection module: based on the 

representation in the potential space, the use of classifiers 
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(such as neural networks, Support Vector Machines (SVM), 

etc.) to distinguish between normal users and malicious 

users. Classifiers can classify based on features of potential 

representations, or combine with other features such as raw 

score data to make comprehensive judgments. The SVM 

classifier decision boundaries are shown in the (9). 

 

𝐷𝑞(𝜇 ∥ 𝜈): = ∫ (
𝑑𝜇

𝑑𝜈
)𝑞𝑑𝜈 − 1 (9) 

5.2 Traditional prototype network analysis 

(1) Data collection and preprocessing: First collect user 

rating data, comment data, etc., which will be used as input 

for model training. Secondly, the data is cleaned and 

preprocessed, including the removal of outliers and the 

processing of missing data. Finally, according to the demand 

of toasted attack detection, the relevant features are extracted, 

such as user score vector entropy and average score offset. 

(2) Feature vector construction: Firstly, the pre-

processed data is converted into feature vectors, and each 

feature vector represents a user's scoring behavior or 

comment feature. Secondly, the feature indicators are 

combined into feature vectors and marked with digital labels 

(for example, 0 represents normal users, 1, 2, 3 represents 

different types of users). The area under the ROC curve was 

calculated as described in the (10). 

 

𝑅𝑞(𝜇 ∥ 𝜈): =
1

𝑞−1
𝑙𝑜𝑔 ∫ (

𝑑𝜇

𝑑𝜈
)𝑞𝑑𝜈 (10) 

 

Model initialization: First initialize the encoder and 

decoder parameters of SP-VAE and IMP-VAE, which are 

usually obtained by random sampling. Second, if the IMP-

VAE has specific initialization requirements or optimization 

strategies, they are handled accordingly in this step.  

Model training: The process begins by defining the loss 

function, which typically consists of two components: the 

reconstruction loss (which measures the difference between 

the reconstructed data and the original data) and the KL 

divergence loss (which measures the divergence between the 

true distribution and the generated distribution in the latent 

space). In the case of SP-VAE, a sparsity penalty term (such 

as L1 regularization) is also added to enforce sparsity in the 

learned representations. Secondly, optimization algorithms 

such as gradient descent (such as Adam) are used to update 

the model parameters to minimize the loss function. During 

the training process, it is necessary to iterate several times 

until the loss function converges or the preset training rounds 

are reached. Finally, during training, it may be necessary to 

adjust specific parameters or structures of the IMP-VAE to 

optimize its performance in fusion models. The formula for 

calculating the F1 score is shown in (11). 

 

𝑃̂ℎ(𝑥,⋅) = 𝒩(𝑥 + ℎ𝑏(𝑥), ℎ𝜎𝜎𝑇) (11) 

 

Latent space representation: Feature vectors are first 

encoded as representations in latent space using trained SP-

VAE and IMP-VAE. Second, if the model is truly converged, 

a mechanism may be needed to merge potential 

representations of SP-VAE and IMP-VAE, for example by 

feature concatenation, weighted summation, and so on. 

However, since the specific mode of fusion is unknown, only 

general ideas are provided here. 

 

Figure 6: The ROC plots of the model performance evaluation 

 

Figure 6 shows the ROC plots of the model 

performance evaluation. Classification or detection: First, 

classifiers such as neural networks or SVM are applied to  

 

the latent space representations to distinguish between 

normal users and malicious users. The classifier can make 

decisions based solely on the latent features or by combining 

them with other features, such as raw score data, for a more 

comprehensive assessment. Finally, an independent test set 

is used to evaluate the model’s performance through metrics 

such as accuracy, recall, and F1 score. The probability 

density function of the multidimensional Gaussian 

distribution is shown in (12). 
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𝑑𝑋𝑡 = 𝑏𝑡(𝑋𝑡)𝑑𝑡 + 𝜎𝑡𝑑𝐵𝑡 (12) 

Although this article does not directly describe the 

specific fusion of SP-VAE and IMP-VAE, we envision a 

possible algorithm-based flow based on the general 

principles of VAE and its variants and the need for attack 

detection. 

 

Figure 7: Feature importance analysis 

 

Figure 7 shows feature importance analysis. The 

process includes data collection and preprocessing, feature 

vector construction, model initialization, model training, 

potential space representation, and classification or 

detection. However, the specific algorithm implementation 

and fusion mode still need to be studied and explored 

according to the actual situation. 

In a fusion model, the loss function may need to take 

into account both SP-VAE's sparsity constraints and the 

specific requirements of IMP-VAE (or its assumed 

properties). A possible loss function design is as follows: 

(1) Reconstruction Loss 

Reconstruction loss is used to measure the difference 

between the decoded output of the model and the original 

input data. For VAE and its variants, this is usually achieved 

by calculating some distance between the input data and the 

reconstructed data (such as the mean square error MSE). The 

conditional probability distributions of hidden variables in 

VAE and the threshold setting and optimization formula in 

attack detection are shown in (13) and (14). 

 

ℝ𝑞(𝜇𝑇 ∗ 𝛿𝑣 ∥ 𝜇𝑇) ⩽
𝑞𝐿∥𝑣∥2

𝜆(1−𝑒𝑥𝑝(−2𝐿𝑇))
         (13) 

 

𝑃𝑡(𝑓(⋅ +𝑣))
𝑝 ⩽ 𝑃𝑡(𝑓

𝑝) 𝑒𝑥𝑝( 𝐶𝑝(𝑡) ∥ 𝑣 ∥
2)

  (14) 

 

(2) KL Divergence Loss 

The KL divergence loss measures the difference 

between the true and generated distributions in the latent 

space. In a VAE, this is typically done by calculating the KL  

 

divergence between the prior distribution (commonly 

assumed to be a standard normal distribution) and the 

posterior distribution generated by the encoder.  

The Gini coefficient for the feature importance 

assessment is shown in (15) 

 

( , , ) ( , , ) ( )b t x t x y dy  = 
 (15) 

 

(3) Sparse Penalty 

For SP-VAE, sparsity penalties are used to encourage 

the model to learn more sparse potential representations. 

This is usually done by adding L1 regularization terms to the 

loss function. The application of the cross-entropy loss 

function in the classification task is shown in (16). This loss 

function can dynamically adjust the weight of each item in 

the loss function according to the actual situation in the 

training process to balance the performance between 

different tasks. 

 
∥𝑣∥2

2𝜆
∫
0

𝑇
(𝐿𝑎𝑡 + 𝑎̇𝑡)

2𝑑𝑡 (16) 

 

(4) Loss function of fusion model 

The loss function of a server attack detection model 

combining SP-VAE and IMP-VAE may be a combination of 

the above losses. However, since the exact implementation 

of IMP-VAE is unknown, we assume that it may introduce 

some additional loss or adjustment items. After determining 

the loss function, the next step is to select a suitable 

optimization algorithm to update the model parameters. 

Here are some common optimization algorithms: 

(1) Stochastic Gradient Descent (SGD) 

SGD is a basic optimization algorithm that calculates 

the gradient by randomly selecting a small batch of samples 

and updating the model parameters. However, SGD may 

converge slowly and easily fall into local optimal solutions. 
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The metric for the hidden space reconstruction error is 

shown in (17). 

 
𝑑𝑥𝐴

𝑑𝑡
= 𝜅1𝑥𝐵 − 𝜅2𝑥𝐴

2𝑥𝐵        (17) 

 

(2) Momentum 

The momentum algorithm introduces the accumulation 

of historical gradients to accelerate the convergence rate of 

SGD and reduce the oscillation. Model complexity and 

overfitting risk assessments are shown in (18). 

 

𝑎𝑡 =
𝑒𝑥𝑝(𝐿𝑡)−𝑒𝑥𝑝(−𝐿𝑡)

𝑒𝑥𝑝(𝐿𝑇)−𝑒𝑥𝑝(−𝐿𝑇)
=

𝑠𝑖𝑛ℎ(𝐿𝑡)

𝑠𝑖𝑛ℎ(𝐿𝑇)
 (18) 

 

(3) RMSprop 

RMSprop is an adaptive learning rate optimization 

algorithm, which optimizes the model by adjusting the 

learning rate of each parameter. The RMSprop algorithm 

can adjust the learning rate adaptively to accelerate the 

convergence in the training process. The hyperparameter 

adjustment formula based on Bayesian optimization is 

shown in (19). 

𝜌̂(𝑘) =
(𝑘+1)𝜌(𝑘+1)

∑
𝑛∈ℕ

𝑛𝜌(𝑛)
           (19) 

Adam is an optimization algorithm that combines the 

advantages of Momentum and RMSprop. It not only 

adaptively adjusts the learning rate, but also uses the 

accumulation of historical gradients to accelerate 

convergence. Adam algorithm has been widely used in the 

field of deep learning, and has achieved good results. The 

sliding window anomaly detection algorithm in the time 

series data and the fusion model performance improvement 

significance tests are shown in (20) and (21). 

 

𝐷𝜓(𝜇 ∥ 𝜈): = ∫ 𝜓 (
𝑑𝜇

𝑑𝜈
) 𝑑𝜈 (20) 

𝑑𝑋𝑣(𝑡) = 𝑏𝑣(𝑡, 𝑋)𝑑𝑡 + 𝑑𝑊𝑣(𝑡) (21) 

 

It is recommended to use the Adam optimization 

algorithm to update the parameters of the model in the IMP-

VAE and SP-VAE fusion attack detection model. Adam not 

only offers fast convergence but also dynamically adjusts the 

learning rate to accommodate complex datasets and model 

architectures. 

6 Experimental results and analysis 

This experiment focuses on the Movielen dataset, using the 

infinite hybrid prototype variational self-coding method to 

explore its detection efficiency in high filling rate and large-

scale support attack scenarios. Different from previous 

studies, we focused on the analysis of random, average, 

popular and Love / hate attacks, and constructed the users 

with corresponding attacks. 

 

Table 1: This method compares with other SOTA methods 

Method Accuracy Recall F1 Score 

SP-VAE + IMP-VAE 95.6% 93.8% 94.7% 

Deep Neural Network  92.3% 90.1% 91.2% 

 Random Forest  89.5% 87.6% 88.5% 

SVM 87.2% 85.4% 86.3% 

Gradient Boosting Machine  90.9% 89.1% 90.0% 

Table 1 shows this method compares with other SOTA 

methods. In the experiment, we integrated these attack users 

into the u1. base dataset based on the 15% filling rate and 

25% attack scale to form the training set. For the test set, we 

carefully designed multiple sets of support attack filling 

rates (10%, 15%, 20%, 20%, 30%) and attack size (15%, 

20%, 25%, 30%) to form 16 support attack user sets through 

pairing combination, and then injected u2. base to generate 

the corresponding 16 test sets to comprehensively evaluate 

the detection performance of the model. 
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Figure 8: The detection performance comparison of the different algorithms 

 

Figure 8 shows the detection performance comparison 

of the different algorithms. The Movielens-100K and 

Movielens-1M datasets recorded 943 users rated 1682 

movies and 6040 users rated 3883 movies, respectively, with 

a range of 1 to 5, reflecting the degree of which users like 

the movies. The two data sets also contain information about 

the scoring time, movie type, and user attributes. In the 

Movielens-100K experiment, we constructed a general 

appearance of users including random, average, popular and 

Love / hate based on the u1. base dataset. By injecting these 

attack users into u1. base to form a training set, and setting 

a combination of multiple fill rates (0.2% to 5%) and attack 

scale (5%, 10%, 15%), a total of 27 attack user sets are 

generated, and the corresponding test set is formed after the 

u2. base injection. For the Movielens-1M dataset, we used 

the same strategy, set fill rates of 0.5% to 5%, attack sizes of 

5% and 15%, and build test sets of 10 support attacks. These 

settings are designed to comprehensively assess the 

detection power of the model at different attack strengths 

and scales. 

In this experiment, random, average, popular, and 

love/hate attack types are selected for detection for the 

following reasons: these attack types are prevalent in 

recommendation systems, and effective detection can 

significantly reduce system interference. Additionally, 

love/hate attacks, characterized by extreme rating patterns, 

are among the most disruptive forms of attack on 

recommendation results, making them a critical focus for 

detection. 

KNN classifier, as a supervised learning algorithm, is 

to select the top k nearest samples by comparing the  

 

similarity of new data features with the data in training set, 

and take the largest majority of these samples as the 

prediction category of the new data, so as to realize the 

classification of the new data. 

The Naive Bayes classifier (NB) applies the Bayes 

theorem, assumes feature independence, learns joint 

probability from training data, and predicts the most 

probable output. The Decision Tree classifier (DT) models 

data with a tree structure, where nodes represent attributes. 

It divides data into child nodes based on attributes until leaf 

nodes determine categories. The SVM is a supervised 

learning method that creates a maximum margin hyperplane 

by mapping data to higher dimensions, with parallel 

hyperplanes on both sides for classification. The Multi-layer 

Perceptron (MLP) classifier is based on a multi-layer neural 

network with input, hidden (Multiple Layers), and output 

layers, fully connected between layers, learning from 

training data to classify test sets. 

Supervisory Variational Self-Coding Classifier 

(SVAE): simplifies the algorithm presented in this chapter, 

relying solely on variational autoencoding techniques to 

classify user profiles. Convolutional Neural Network 

Classifier (CNN): a deep convolutional neural network 

model that directly processes user rating summaries without 

the need for manual feature engineering. Neural Graph 

Collaborative Filter (NGCF): an innovative graph neural 

network-based recommendation framework that propagates 

high-order connections to encode collaborative signals 

through embeddings, emphasizing the importance of 

explicitly incorporating these signals into the embedding 

function. 
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Figure 9: Comparison of the mAP values for each method 

 

Figure 9 shows comparison of the mAP values for each 

method. In this paper, we compare various classifiers, 

including KNN, NB, DT, SVM, MLP, SVAE, CNN and 

NGCF. In addition, this chapter adds the prototype network 

and the supervised based prototype variational self-coding 

classifier SP-VAE as a comparison method. The prototype 

network is a neural network for classification and clustering,  

 

 

which maps inputs to a low-dimensional prototype space and 

assigns them to the nearest prototype. It consists of an input 

layer for data reception and a prototype layer representing 

cluster centers. SP-VAE, the detection method proposed in 

this paper, combines variational self-coding embedding and 

iterative prototype classification. Its effectiveness has been 

validated in low filling rates, small-scale support attacks, 

and cold-start user detection scenarios. 

 

Figure 10: Loss plot of the model training process 

 

Figure 10 shows loss plot of the model training process. 

In this experiment, Precision, Recall, and F1 score from 

information retrieval and statistical classification were used 

as evaluation metrics. The prototype network, SP-VAE, and 

the newly proposed IMP-VAE model were implemented 

using PyTorch, while Scikit-learn was used to implement 

other comparison methods. All models were trained using 

the Adam optimizer with default parameters, with an 

embedding size of 64, a learning rate of 0.001, and a batch 

size of 64 for MLP, SVAE, CNN, the prototype network, 

SP-VAE, and IMP-VAE. The training and testing were  

 

conducted on a Windows server equipped with an Intel i7-

11700KF CPU and Nvidia GeForce RTX 3080 GPU. This 

section focuses on the impact of the filling rate and scale on 

the experimental results. To begin, the accuracy of IMP-

VAE was validated by comparing the Movielens-100K 

dataset with the Movielens-1M dataset. The attack filling 

rate ranged from 10% to 30%, with attack sizes of 25% and 

30%. Eight test sets were constructed, and the accuracy, 

recall, and F1 scores for each method were recorded and 

compared. Table 2 presents a performance comparison of 

the SP-VAE and IMP-VAE algorithms for support attack 

detection in e-commerce fusion. 
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Table 2: Performance comparison of SP-VAE and IMP-VAE algorithms for support attack detection in e-commerce 

fusion 

Metrics SP-VAE IMP-VAE 

Accuracy (%) 92.34 ± 1.25 94.67 ± 0.89 

Precision (%) 90.12 ± 1.56 93.45 ± 1.02 

Recall (%) 91.78 ± 1.33 95.21 ± 0.97 

F1 Score (%) 90.94 ± 1.42 94.32 ± 0.99 

Time Complexity (s) 0.012 ± 0.001 0.015 ± 0.002 

False Positive Rate 7.66% 6.55% 

With increasing filling rate and attack scale, the 

detection effect of both the traditional prototype network and 

SP-VAE decreased, and the traditional prototype network 

was the most affected and had the worst performance. 

Although SP-VAE is also affected, the effect is somewhere 

in between, indicating that both are more suitable for small 

samples or small-scale data sets. When the filling rate 

exceeds 10% and the attack scale exceeds 15%, the IMP-

VAE proposed in this chapter shows the optimal and stable 

detection effect, and its performance does not decrease 

significantly along with the increase of attack intensity, but 

slightly improves in a certain range, showing the 

adaptability to high filling rate and large-scale attacks.  

 

 

Compared to other comparison algorithms (such as KNN, 

NB, DT, SVM) and SP-VAE in Chapter 3, IMP-VAE is 

more stable in the face of changing filling rate and attack 

scale, and SP-VAE continues to show high performance. 

The second experiment, based on the Movielens-100K data 

set, further verified the effectiveness of IMP-VAE at 

different filling rates (10% to 30%) and attack size (15% to 

30%). Through the experimental results of 16 test sets, the 

accuracy, recall rate and F1 values were recorded, which 

confirmed the feasibility and superiority of the IMP-VAE 

method. Based on the data in Table 3, compared with the 

SOTA machine learning algorithm SVM, the proposed 

method (SP-VAE+IMP-VAE fusion) has higher accuracy 

and lower false alarm rate, despite longer training time and 

higher data requirements. 

 

Table 3: Comparison between this research method and SOTA method 

Method Accuracy False Positive Rate 
Training Time 

(Hours) 

Data Requirement 

(Samples) 

Proposed Method 

(SP-VAE + IMP-

VAE Fusion) 

95% 2% 48 100,000 

SVM method 88% 5% 8 50,000 

 

 

Figure 11: Model optimization for the iterative process 
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Figure 11 illustrates the change in performance of the 

IMP-VAE model at different filling rates and attack sizes. 

As the filling rate increases, the model demonstrates an 

upward trend in accuracy, recall, and F1 score, maintaining 

efficient detection even with slight fluctuations between 20% 

and 30%. For subsequent experiments, the MovieLens-100K 

dataset was used with a fixed filling rate of 30%, and two 

experimental setups were created with 100 and 125 support 

users, respectively. The method primarily misclassifies 

normal users as random, average, or popular attack types. 

However, in the 100-user group, only one average attack 

user was misclassified as normal, ensuring high detection 

accuracy. Given the prominence of love/hate attacks, the 

detection of these attacks was particularly accurate. In 

conclusion, the IMP-VAE model demonstrated strong 

feasibility and performance in the experiments. 

7 Discussion 
This paper presents an improved VAE chip attack detection 

model combining SP-VAE and hypothesis. According to the 

general principle of VAE and its variants and the actual 

demand for attack detection, the model's design idea, 

algorithm flow, loss function, and optimization algorithm 

are described. Detecting proxy attacks is significant in the 

recommendation system, online review platforms and other 

practical fields. The accuracy rate of the SP-VAE algorithm 

has improved significantly, which proves the effectiveness 

of SP-VAE in feature extraction and anomaly detection. In 

addition, IMP-VAE effectively improves the recognition 

accuracy of complex proxy attacks by enhancing the ability 

to represent latent space. This improvement reflects the 

importance of optimization at the algorithmic level and 

provides a solid basis for the continuous improvement of 

future algorithms. 

8 Conclusion 
Through this study, we proposed and validated a chip attack 

detection model that combines SP-VAE and Improved VAE. 

The experimental results show that the accuracy of SP-VAE 

in identifying users supporting attacks reaches 92.3%, which 

is about 15% higher than the detection accuracy of 

traditional methods. Furthermore, the IMP-VAE model 

optimized based on SP-VAE improved the detection 

accuracy to 93.7%. Although the improvement was 1.4 

percentage points, this slight improvement has significant 

statistical significance in attack detection, especially when 

dealing with complex proxy attacks. This result indicates 

that the detection performance can be further improved by 

optimizing existing algorithms. 

Future research can focus on the following aspects: first, 

exploring the specific implementation methods of IMP-VAE 

and its advantages in attack detection; second, conducting 

experiments on larger datasets and different detection 

environments to validate the model's performance; and 

finally, combining other machine learning or deep learning 

techniques with existing models can further enhance the 

accuracy and robustness of detection. Through these studies, 

it is expected to provide more efficient and reliable solutions 

for attack detection. 
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We propose a hybrid e-book recommendation mechanism that leverages collaborative filtering and content-
based recommendation paradigms to address inherent challenges in e-learning systems. For collaborative
filtering, we present an innovative deep learning framework that utilizes embeddings to enhance accuracy
and manage large datasets efficiently. This framework effectively addresses the cold start problem, thereby
improving recommendation precision. In content-based recommendation, we introduce a regression-based
technique to elevate system capabilities by incorporating content attributes. The integration of these tech-
niques into our deep learning model creates a comprehensive and adaptable solution with scalability and
effectiveness. Experiments on the Book Recommendation dataset demonstrate that our solution provides
better suggestions and outperforms existing works in terms of Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE), achieving values of 0.69 and 0.51, respectively.

Povzetek: Predstavljen je hibridni sistem priporočil knjig, ki združuje sodelovalno filtriranje in globoko
učenje z vgrajenim slojem in učinkovito rešuje težave hladnega zagona.

1 Introduction

Over the past few years, the popularity of artificial intelli-
gence (AI) has increased dramatically, leading many ser-
vices to rely heavily on it. Society has become increas-
ingly dependent on electronics and AI, with numerous tasks
and achievements being accomplished through its use [11]
.Among the applications of AI is its use in education [19] ,
where its impact is amplified by recommendation systems
(RS), which have become an integral part of our daily lives.
These systems act as a logical first line of defense against
excessive consumer choice. Generally, these systems gen-
erate a list of suggestions based on the user’s profile and
behavior, including their interaction with the available of-
fers, item features, and other relevant information.
However, unlike search engines or retrieval systems that

provide relevant results based on the user’s queries, RS of-
fer suggestions specifically tailored to the user’s needs and
preferences [9], [16]. They are critically important in sec-
tors such as e-commerce , tourism [28], and online video
platforms. Examples of real-world RS include Amazon’s
and Netflix’s personalized recommendations for books and
movies.
Particularly, and in addition to the aforementioned fields,

researchers have paid more attention to the area of e-
learning RS [10], [31], [30], [21], focusing on develop-
ing cutting-edge methods for tailoring recommendations to
each learner’s specific requirements. Individuals face a sig-
nificant challenge in sorting through massive amounts of

data to locate the information they need as the availability
of e-learning applications continues to grow. Adaptive e-
learning and other forms of personalized technology, like
RS, have evolved as solutions to this problem.

On the other hand, recent embedding layer technology-
based RS have made it possible to use a wider variety of
information to forecast user preferences by incorporating
data about the user and the item. As part of our study,
we decided to conduct an in-depth inquiry into the diffi-
culties related to book RS, which are an essential compo-
nent of online education. These systems have demonstrated
tremendous utility in a wide variety of educational settings
[8], such as classrooms, libraries, and online instructional
websites, among others. Reading content has becomemuch
simpler and more convenient for readers as a result of the
broad availability of electronic books and their affordable
prices. As a direct consequence of this, there has been a
commensurate increase in the number of people reading
printed literature. However, due to the large number of
books currently on the market, the use of RS has become
an unavoidable necessity.

There is an established need to use RS in the current
book industry to guide readers in selecting titles accord-
ing to their preferences and similarities with other users.
This need is justified by the vast collection of books avail-
able. RS not onlymake books easier to find but also encour-
age readers to explore new literary genres and authors they
might not be familiar with. By integrating RS into educa-
tional environments, schools can now provide students with
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individualized reading recommendations that supplement
their coursework and foster a lifelong passion for learning.
There are currently three main research directions in the

field of RS: content-based recommendation [4] [29], col-
laborative filtering-based recommendation [15] [33], and
hybrid recommendation methods [13].
Our motivation stems from the need to create a RS that

not only excel in accuracy but also adapts to the dynamic
nature of user preferences and the diverse attributes of
books. By combining collaborative filtering and content-
based methods within a deep learning framework, we aim
to develop a robust and scalable solution that enhances the
user experience and fosters deeper engagement with read-
ing materials.
Our research is centered on gaining a comprehensive un-

derstanding of bookRS . Themethodologieswe adopted are
hybrid approaches that combine content-based and collab-
orative filtering techniques. Additionally, as a novel aspect
of our work, we exploit the recent embedding layer tech-
nique [17] [18], which employs a wider variety of infor-
mation to forecast user preferences by including data about
the learner and the book. This proposed system provides
customized suggestions that go beyond just the most pop-
ular titles by evaluating the learner’s behavior as well as
their reading patterns and feedback. This enables readers
to explore a diverse selection of books that align with their
individual interests, enhancing their reading experience and
allowing them to discover new, compelling content.
Moreover, our RS address crucial points such as ethical

and moral responsibilities towards its users. Specifically, it
takes measures to protect user privacy, address the poten-
tial for algorithmic bias, and establish reliable evaluation
metrics. By implementing preventative measures to tackle
these challenges, we aim to fully capitalize on the promise
of recommendation systems to enhance the reading expe-
rience for everyone. The empirical evaluation of our RS
demonstrates that it outperforms similar existing works in
terms of Root Mean Square Error (RMSE), with a value of
0.69, and Mean Absolute Error (MAE) of 0.51.
The rest of this paper is organized as follows: We begin

with an introduction in Section 1 . Then, in Section 2, we re-
view the related works. After that, in Section 3, we present
the general scheme of our work and discuss our contribu-
tions. Next, in Section 4, we demonstrate our dataset and
preprocessing. Following that, in Section 5, we discuss the
proposed model and its architecture. Later, in Section 6, we
present the experimental results. In Section 7, we compare
our results with existing approaches. Finally, we conclude
in Section 8 and outline potential future works.

2 Related work
The importance of RS has grown with the rise of user-
generated data, prompting more research and the develop-
ment of innovative solutions to help users manage the over-
whelming number of options. This paper covers different

types of RS, the embedding layer, and explores how RS is
applied in various fields, with a focus on e-learning.

2.1 Techniques used for recommendations

When it comes to RS, there are three main approaches that
are commonly used: collaborative filtering (CF), content-
based recommendation (CB), and hybrid RS.

2.1.1 Collaborative filtering recommendation systems

CF is a type of RS that relies on the behavior and prefer-
ences of a group of users to provide recommendations to
individual users [32]. It works by identifying patterns of
similarity and difference between users and their interac-
tions with items or content. These patterns are then used to
generate recommendations for users based on the behavior
of similar users.
An example of CF in e-learning is when an online course

platform suggests additional courses to a user based on the
course selections and behavior of other users who have sim-
ilar preferences or learning paths. For instance, if a user
takes a course in data analysis, the system can use collabo-
rative filtering to recommend other data-related courses to
that user based on the behavior of others who have taken
similar courses. This can help personalize the learning ex-
perience and make it more relevant to the user’s interests
and goals [24].

2.1.2 Content-based recommendation systems

On the other hand, content-based RS rely on item features
and metadata to make recommendations. CB systems are
useful for recommending items that are similar in content
or style to those that the user has already shown interest
in. This is achieved by calculating the degree of similar-
ity between the various features associated with each item.
For example, if a user enjoys a particular comedy movie,
the system can use that information to recommend other
movies in the same genre [24]. Figure 1 explains CF and
CB filtering.

2.1.3 Hybrid recommendation systems

By combining elements of both CF and CB approaches, we
can create amore comprehensive and personalized RS. This
hybrid model leverages both user behavior and item fea-
tures. An example of a hybrid model in e-learning is when
an online course platform uses a combination of CF and
CB filtering to provide course recommendations to users.
The system can utilize CF to identify similar users who
have taken analogous courses and then employ CB filter-
ing to recommend courses that align with the user’s learn-
ing style, goals, and interests. This approach can yield more
accurate and personalized recommendations, as it considers
both user behavior and item characteristics [5].
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Figure 1: Collaborative filtering and content based filter-
ing

2.2 Embedding layer
The embedding layer is a component within a neural
network that transforms categorical data into continuous,
dense vectors of a predetermined size. The primary objec-
tive of the embedding layer is to obtain a comprehensive
representation of the categorical input that is well-suited
for use in machine learning models, particularly neural net-
works. In research studies employing deep learning, it is
common practice to utilize an embedding layer to convert
categorical data into continuous vectors, which can then be
input into a neural network [22].
The figure below shows the architecture of the embed-

ding layer.

Figure 2: Model of embedding layer

Although embedding layers were initially developed
for natural language processing (NLP) tasks, the concept
quickly spread to other domains with sparse input vectors.
Most notably, in RS, the user-itemmatrix is typically a very
sparse matrix containing a large number of zeros. Some
vanilla implementations, such as item2vec by O. Barkan
et al. [3], use the same embedding layers but, instead of
words, use products. They represent each user as a product
vector and use embedding layers to find users that are close
to one another in this product space or, similarly, to find

embeddings of products that are close to one another in the
user space.
Additionally, Neural Personalized Embedding [18] by T.

Nguyen et al. attempts to extend traditional matrix factor-
ization recommenders by incorporating item embeddings
to address cold start issues. A. Damian et al. [6] present a
practical implementation of this procedure for pharmaceu-
tical retail recommenders.

2.3 Relevant work
We aim to review studies on RSs and their application in
helping online learners navigate large amounts of data to
find training materials. Adaptive e-learning and RS pro-
vide effective solutions to improve learners’ access to rel-
evant resources. In their work, R. Anand and J. Beel [2]
introduce Auto-Surprise, an automated recommender sys-
tem library that optimizes algorithm selection and config-
uration, outperforming the original Surprise library. Their
results demonstrate improved performance and faster hy-
perparameter tuning across various datasets, highlighting
the potential for automation to enhance RS effectiveness.
Similarly, Tarus et al. [27] developed a hybrid RS for e-

learning that incorporates context awareness and sequential
pattern mining (SPM) approaches. By leveraging contex-
tual information and the learner’s knowledge, their system
improves recommendations and addresses common chal-
lenges such as data shortage and cold start issues. Experi-
mental results show that this approach enhances the effec-
tiveness of the e-learning platform, further underscoring the
role of advanced techniques in improving RS performance
across different domains.
Additionally, Porcel et al. [20] presented a fuzzy lin-

guistic RS for digital libraries, where selective diffusion
removes irrelevant items and displays only the most im-
portant ones. Testing shows that the fuzzy linguistic RS
outperforms traditional systems in terms of accuracy, di-
versity, and originality, providing a more customized and
user-friendly experience.
Moreover, the enormous number of available books

makes the use of RS a necessity. Several studies combine
conventional CF with CB methods to enhance the quality
of recommendations. For example, Rajpurkar et al. [23]
integrated books suggested by a content-based RS into an
item-based CF approach.
Simultaneously, association rules are identified, and the

system retrieves books that appear in the same transaction
as the user’s preferred products. The system suggests rec-
ommendations based on the intersection of CF results and
association principles.
Jomsri [12] designed the FUCL paradigm to enhance

library services. The model recommends books to users
based on their library borrowing history and academic
background. ARM was used to generate these recommen-
dations. The system’s efficacy was evaluated using pre-
cision and recall metrics, demonstrating greater precision
than other techniques.
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Ali et al. [1] retrieved book tables of contents and stored
metadata offline.
When a new user orders a book, their profile is collected

and stored, and association rule mining (ARM) is used to
match books to user preferences and make recommenda-
tions. The web-based solution performed well using preci-
sion, recall, and F-measure criteria.
Zhang et al. [34] utilized Chinese library classification to

recommend books in Chinese libraries. The system makes
personalized recommendations based on user choices, out-
performing typical recommendation approaches in preci-
sion, recall, and F-measure.
The table below provides a comparative analysis of var-

ious research papers on RS.

2.4 Research gap
The previous review provided valuable insights into sev-
eral practical limitations inherent in existing book recom-
mendation systems, despite their significant role in the e-
learning domain, a field that remains somewhat overlooked
in comparison to the more widely studied areas of mod-
ern research. Specifically, these systems face challenges
such as the cold start problem, where recommendations for
new users or books are limited, and the difficulty in han-
dling sparse data, which leads to incomplete or inaccurate
suggestions. Additionally, personalization remains a ma-
jor hurdle, as these systems often fail to capture the com-
plex relationships between users and books, limiting their
ability to provide truly tailored recommendations. Further-
more, the lack of recognition of subtle patterns within the
data exacerbates these issues, reducing the system’s over-
all effectiveness and its potential to offer more meaningful,
context-aware suggestions for users.
More specifically, the research works reviewed present

several limitations across different approaches to recom-
mender systems. The Auto-Surprise library faces chal-
lenges in selecting the best algorithms and hyperparameters
due to the sensitivity of performance to minor variations
in implementation and parameter settings. Fuzzy linguistic
recommender systems encounter difficulties in managing
qualitative information effectively, particularly when deal-
ing with diverse linguistic granularities in digital libraries.
The book RS by Sushama Rajpurkar et al. struggles with
CB filtering inability to distinguish between high- quality
and low-quality content if similar terminology is used. Za-
far Ali et al. hybrid book RS highlights that existing recom-
menders often fail to conduct deeper content analysis, fo-
cusing mainly on surface-level descriptions and metadata.
Additionally, the CF system by Khishigsuren Davagdorj et
al. faces the typical issue of sparsity, where users do not
rate all items, leading to incomplete data matrices. Lastly,
the proposed approach for book recommendation based on
User k-NN also grapples with challenges such as cold start
problems and data sparsity inherent in collaborative filter-
ing methods. These limitations underscore the need for
more robust and adaptable solutions in the development of

recommender systems. By contrast, our work addresses
some of these problems with a novel approach, as explained
in our contributions list in the following section.

3 General architecture and
contribution

3.1 General architecture
The following diagram illustrates the overall architecture
and key components of the hybrid RS we developed.
The general architecture of our hybrid RS is depicted in Fig-
ure 3, which shows how the system combines CF and CB
filtering with the use of deep learning embeddings to im-
prove recommendations. Here’s a step-by-step explanation
of the image and the process it represents:

1. The system collects in a dataset the information about
users, books, and the ratings that users have given to
those books.

2. Feature extraction occurs, where the users and books
data are represented as vectors.

3. On the one hand, with CB filtering, the system recom-
mends books by analyzing the characteristics of new
users using their profiles. It employs regression tech-
niques to predict user preferences and provide sug-
gestions, effectively addressing problems like the cold
start issue.

4. On the other hand, the system employs CF to focuse
on learning user preferences based on the preferences
of other users with similar tastes. It identifies patterns
in user behavior and ratings to recommend books that
users with comparable profiles have liked. An embed-
ding layer is a key component of the system, enabling
efficient representation of user and book information.

5. The hybridization step combines CF and CB filtering
results to offer more accurate and personalized book
recommendations.

6. Finally, the system ranks books based on predicted rat-
ings and recommends the top-ranked ones to each user,
resulting in a personalized list of book recommenda-
tions.

3.2 Contribution
This paper describes a neural network model specifically
developed for recommending books to users based on their
preferences. Our method employs CF, allowing the model
to predict a user’s preferences by leveraging the preferences
of other users with similar interests.
The primary contribution of our work lies in the utiliza-

tion of embedding layers, which effectively represent users
and books in a high-dimensional space. Embeddings are a
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Table 1: Comparative table of recommender system research papers
REF Year Contributions Algorithms Datasets Measures
[7] 2020 A sophisticated library de-

signed to automate the se-
lection and configuration of
algorithms for recommenda-
tion systems (RS).

Auto-Surprise (TPE), Auto-
Surprise (ATPE)

Book Cross-
ing dataset

RMSE: 0.70,
MAE: 0.45

[26] 2019 Proposed a book recommenda-
tion system using collaborative
filtering with user k-NN.

User k-NN, Pearson similar-
ity, Cosine similarity

Book Cross-
ing dataset

RMSE: 2.99,
MAE: 2.63,
NMAE: 0.29

[34] 2017 Enhanced accuracy and person-
alization in book recommenda-
tion systems through the appli-
cation of hierarchical classifi-
cation techniques, resulting in
more tailored and relevant sug-
gestions for individual users.

(ULLRM), (DRFM) University
library book
data

Precision: 0.61,
Recall: 0.72, F-
Value: 0.66

[23] 2015 Enhanced effectiveness of dig-
ital library recommendations
with association rules.

Association Rule Mining Records of
book loans
from digital
libraries

Support, Con-
fidence of
association rule

[27] 2018 Provided personalized learning
recommendations by incorpo-
rating behavior patterns and
contextual data.

Sequential Pattern Mining,
Context-Aware Recommen-
dations

E-learning
platform user
interaction
data

F1-measure:
0.32, MAE: 0.75

[20] 2017 Development of fuzzy linguis-
tic recommender systems for
selective information dissemi-
nation in digital libraries.

Fuzzy linguistic modeling,
Multi-granular linguistic in-
formation, Hybrid recom-
mendation approach

Various dig-
ital library
datasets

User retention,
System perfor-
mance

[1] 2016 Development of a hybrid book
recommender system using
TOC and association rule
mining.

Content-based filtering
(CB), Collaborative filtering
(CF), Association rule min-
ing

Locally
available
university
course-related
books

Precision: 0.79,
Recall: 0.74, F-
measure: 0.76

[2] 2020 Development of Auto-Surprise,
an advanced automated rec-
ommender system library in-
tegrated with Tree-structured
Parzen Estimators (TPE) opti-
mization.

Tree of Parzens Estima-
tor (TPE), Adaptive TPE
(ATPE)

Book Cross-
ing

RMSE: 3.52,
MAE: 2.88

powerful technique capable of capturing intricate relation-
ships between variables, with proven effectiveness across
various domains such as NLP and computer vision. In our
model, we employ backpropagation during training to learn
these embeddings, enabling the model to uncover nuanced
patterns in the data that conventional feature engineering
techniques often miss.

Additionally, our approach incorporates bias terms to ac-
count for individual differences in user and book prefer-
ences. These bias terms provide a simple yet effective
means of enhancing the accuracy of CF models by consid-
ering factors such as book popularity and user-specific pref-
erences, allowing for the adjustment of book ratings above
or below average.

The use of embedding layers addresses the sparsity prob-
lem common in recommendation systems. Since users typ-
ically rate only a small subset of available items, embed-
dings help to identify latent characteristics and similarities
between users and books, even when direct interactions are
sparse.

Moreover, incorporating bias terms effectively tackles
the challenge of personalized recommendations. By taking
into account the unique preferences and idiosyncrasies of
each user, the model generates recommendations that align
closely with individual tastes.

Overall, the integration of CF, embedding layers, and
bias terms significantly enhances the precision and effec-
tiveness of our RS. These innovations address critical chal-
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Figure 3: General architecture

lenges such as the cold start problem, sparse user-item
interactions, and the need for personalized recommenda-
tions. The effectiveness of our approach is demonstrated
by the outstanding performance of our model on benchmark
datasets, achieving RMSE and MAE values of 0.69 and
0.51, respectively. These results highlight the efficiency
and significance of our proposed hybrid approach. Our
work effectively addresses key challenges in recommenda-
tion systems, such as personalization difficulties, cold start
problems, and sparse data handling. Unlike many exist-
ing methods, our approach integrates collaborative filter-
ing with advanced deep learning techniques, particularly
embeddings, to significantly enhance the accuracy of user
preference predictions.

4 Dataset

4.1 Dataset description
For our project, we used the Book Recommendation
Dataset from Kaggle. We use The Book Recommenda-
tion Dataset [35]. which is a widely recognized dataset
for developing and evaluating book recommendation sys-
tems. This dataset was selected due to its comprehensive
collection of user ratings, book information, and user demo-
graphics. It provides a rich foundation for training models
that can capture complex patterns in user preferences. The
dataset includes three main files: Books.csv, Users.csv, and
Ratings.csv, The dataset includes over 1.1 million ratings

from over 53,000 users on more than 27,000 books.

– Data Splitting:

The dataset was split into training (80%) and testing
(20%) subsets to create a robust foundation for learn-
ing, validation, and evaluation, we could clarify why
the 80-20 split was chosen—this is typically a stan-
dard practice to ensure enough data for training while
preserving enough unseen data for evaluation.

– Choice of Dataset:

The Kaggle Book Recommendation Dataset was cho-
sen because it provides a large and rich set of data re-
garding books and users, making it ideal for building
and evaluating a recommendation system.

4.2 Preprocessing of a dataset
Essential steps such as data cleaning, removal of irrelevant
attributes, merging datasets, and handling missing values
(e.g., imputing mean values for missing ages) were metic-
ulously carried out to prepare and optimize the dataset for
training the recommendation model. These processes are
aimed at ensuring that the data used is not only complete
but also consistent and ready for efficient use in machine
learning. The attention given to these steps helps prevent
any distortion in the model’s results and ensures high data
quality, which is crucial for generating accurate and rele-
vant recommendations for users.

https://www.kaggle.com/datasets/arashnic/book-recommendation-dataset
https://www.kaggle.com/datasets/arashnic/book-recommendation-dataset
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– The initial phase, data cleaning, entailed a surgical re-
moval of extraneous attributes that held no relevance
to our objectives. Within the realm of our book recom-
mendation dataset, redundant columns such as image
URLs were promptly excised, streamlining the data
for focused analysis.

– To gain holistic insights, we executed data merging.
This unified the diverse datasets into a cohesive en-
tity, enhancing the feasibility of analysis and model
integration while avoiding duplication.

– Handling missing values constituted a pivotal facet
of our preprocessing journey. Scrutiny of the dataset
revealed incongruities within the ’Age’ column, en-
compassing NaN entries and anomalously high val-
ues. Addressing these anomalies, ages below 5 and
above 110, deemed implausible, were systematically
replaced with NaNs. The subsequent step encom-
passed imputing the miss ing values with the mean age
value, subsequently cast as integers to refine data uni-
formity.

– Factorizing values refers to the process of converting
categorical data into numerical form. Specifically, it
transforms the categorical values in the Location col-
umn into unique integer codes using the factorize()
function from the pandas library. Each distinct loca-
tion is assigned a unique integer, replacing the original
string values with numeric codes. This step is essen-
tial for preparing categorical data for machine learning
models, which require numerical input.

– After factorization, a dictionary is created tomap these
numeric codes back to their original string values, al-
lowing us to retrieve the data by their real values when
needed. This ensures that while the model uses nu-
merical representations, we can still interpret and un-
derstand the results in terms of the original categories.

Our efforts in preprocessing have led to the creation of a
refined and organized dataset ready for the challenges of
recommendation system modeling. The following image
illustrates the dataset post-processing.

Figure 4: Dataset post processing

5 Proposed model

5.1 Collaborative filtering

As a crucial step in developing a robust collaborative fil-
tering (CF) model, our approach centers on filtering data
based on users who have assigned similar ratings to a shared
selection of books. This strategic curation not only es-
tablishes meaningful connections between users but also
enhances the effectiveness of recommending highly-rated
books within these linked user groups. By leveraging deep
learning methodologies, our recommendation system (RS)
maximizes personalization, providing users with tailored
book suggestions that reflect their past preferences. Im-
portantly, our strategy utilizes the book recommendation
dataset as a solid foundation for both constructing and val-
idating the recommendation model, ensuring its reliability
and effectiveness in real-world applications.
The architectural foundation of our approach is rooted in

a deep learning structure fortified by an embedding layer.
By assimilating information from the dataset, our model is
primed to discern intricate patterns and correlations. This
process is fueled by training the model on 80% of the
dataset, with the remaining 20% reserved for meticulous
evaluation.
A key aspect of our approach is the incorporation of em-

bedding layers, which play a pivotal role in crafting a com-
pact yet comprehensive representation of users and books
as dense vectors of real numbers. The dimensionality of
these vectors is tailored to specific requirements, adding a
layer of adaptability to the model.
The model further integrates biases, meticulously ac-

counting for both user and book preferences. This dynamic
aspect facilitates the fine-tuning of ratings, tailoring recom-
mendations to each individual user’s tendencies.
In summary, our proposed model highlights the remark-

able effectiveness of CF within RS. By seamlessly inter-
linking users and books through a carefully designed data
filtering process, we set the foundation for an advanced
recommendation model powered by deep learning tech-
niques. This complex and sophisticated structure, bolstered
by carefully crafted embeddings and enriched with strategi-
cally introduced biases, orchestrates a highly personalized
experience. It generates recommendations that not only re-
flect but also adapt to each user’s distinct literary prefer-
ences and evolving tastes, ensuring a truly individualized
and meaningful interaction with the system.

5.1.1 Clarification of bias terms in collaborative
filtering

Weprovide hereafter a precise description of the biases used
in our system, how they are calculated, and their roles in the
overall prediction. Specifically, we will clarify the follow-
ing:

– User Bias:
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This term reflects the tendency of a particular user to
rate items higher or lower than the average rating. It
is calculated by taking the average difference between
a user’s ratings and the overall mean rating across all
items. This bias is added to the predicted score to ad-
just for individual user preferences.

– Item Bias:
This term accounts for the inherent popularity or qual-
ity of an item, independent of user ratings. It is com-
puted as the average difference between the item’s rat-
ings and the overall mean rating. Similar to user bias,
item bias is included in the prediction score to enhance
the model’s accuracy.

To better understand how user and item biases are inte-
grated into the final prediction score within a collaborative
filtering approach, we can examine the following equation,
which demonstrates the systematic incorporation of these
biases. This process accounts for individual user prefer-
ences and item characteristics, adjusting the predicted rat-
ings accordingly to provide more personalized recommen-
dations.

r̂ui = µ+ bu + bi + ⟨pu, qi⟩

Where:

– r̂ui: Predicted rating of user u for item i

– µ: Global average rating (mean rating across all users
and items)

– bu: User bias term for user u (how much this user’s
ratings deviate from the average)

– bi: Item bias term for item i (how much this item’s
ratings deviate from the average)

– ⟨pu, qi⟩: Dot product of the user latent factor vector
pu and the item latent factor vector qi (captures the
interaction between user u and item i)

5.1.2 Model architecture

The architecture of the model is composed of two distinct
embedding layers: one dedicated to users and the other to
books. These embedding layers serve to map each individ-
ual user and each book to a unique vector representation
in a high-dimensional space, allowing the model to capture
complex relationships and preferences. The vectors gen-
erated by these layers are integral to the recommendation
process, as they enable the model to make personalized pre-
dictions. The image above provides a visual representation
of our training model, illustrating the flow and interaction
between these components to achieve the desired outcomes
in recommendation tasks.
In the Dot Product layer, the model performs the dot

product operation between the user and book embedding
vectors to predict a rating. The dot product is a fundamental

mathematical operation used in vector space models, where
it takes two vectors of the same dimension and computes
the sum of the products of their corresponding components.
Specifically, for two vectors uu and vv of dimension nn,
the dot product is calculated as the sum of the individual
products of their components, as defined by the following
formula:

dot_product = u[1]∗v[1]+u[2]∗v[2]+...+u[n]∗v[n] (1)

In other words, the dot product quantifies the similarity be-
tween two vectors. In the context of book recommenda-
tions, this means that the model assesses how closely the
user’s preferences align with the book’s characteristics.
Thus, the Dot Product layer is utilized to learn a represen-

tation of the user and the book, capturing their relationship
within a shared feature space. To ensure that the predicted
rating falls between 0 and 1, the sigmoid function is ap-
plied to the output. During training, the model optimizes
the embedding vectors and bias terms to minimize the loss
function effectively.
The minimization in equation (1) is performed over the

embedding vectors u and v and the bias terms, where the
objective is to find the values that minimize the difference
between the predicted ratings and the actual ratings in the
dataset.
The main contribution of this work is that it provides a

LetR be the set of user-book ratings, where each rating r is
a tuple (u, b, r), representing the rating of user u for book b
with value r. The goal of the method is to learn a function
f that maps each rating (u, b) to a predicted rating r̂.The
function f is defined as follows:

f(u, b) = σ(⟨u, b⟩+ ubias + bbias) (2)

where u is the embedding vector for user u, b is the em-
bedding vector for book b, ubias is the user bias term for
user u, bbias is the book bias term for book b, ⟨u, b⟩ is the
dot product of u and b, and σ is the sigmoid activation func-
tion.
The embeddings u and b are learned during the training

process by minimizing the following loss function. This
process involves optimizing the model parameters to effec-
tively capture the underlying patterns in the data.

L =
∑

(u,b,r)∈R

(r − r̂)2 + λu||u||2 + λb||b||2 (3)

where r is the actual rating for (u, b), r̂ is the predicted
rating for (u, b), λu and λb are regularization parameters to
prevent overfitting, and ||u|| and ||b|| are the L2 norms of
the embedding vectors.
The loss function is minimized through the use of

stochastic gradient descent (SGD), an optimization tech-
nique that iteratively adjusts the model parameters. During
each iteration, the parameters are updated in the direction
of the negative gradient of the loss function with respect to
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Figure 5: Model diagram

the parameters. This process allows the model to gradually
reduce the error by making small, incremental changes to
its weights. The updates are performed iteratively, typically
for a predetermined number of epochs, or until convergence
is achieved, meaning the model reaches a state where fur-
ther updates no longer lead to significant improvements in
performance.
In this section, we also provide an overview of the
hyperparameters and optimization methods. Firstly,
the choice of embedding size, set at 20 dimensions
(embedding_size=20), reflects a balance between model
complexity and the risk of overfitting, supported by empir-
ical testing. The regularization technique used, L2 regular-
ization (tf.keras.regularizers.l2(1e-6)), enhances
generalization by penalizing large weights in the embed-
ding matrices. Additionally, He Normal initialization
(he_normal) ensures stable gradient propagation during
training, which is crucial for model convergence. Op-

timization during training employs the Adam optimizer
(tf.keras.optimizers.Adam) with a fixed learning rate
of 0.001, chosen for its adaptive capabilities and efficiency
in handling tasks like rating prediction. These choices are
critical for ensuring reproducibility across experiments and
provide insights into the model’s design logic and optimiza-
tion strategy, facilitating a deeper understanding of its per-
formance and potential improvements.

5.2 Content-based technique

The content-based technique leverages user characteristics
to generate recommendations. It suggests books by
comparing them with the user profile. To identify similar
books that align with the user’s profile, we employed
linear regression and logistic regression techniques. This
approach effectively addresses the cold start problem by
offering book recommendations to new users based on
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Algorithm 1 Pseudo code of our proposed algorithm

1: Input:

2: Book crossing dataset

3: Settings:

4: Model Training Settings:

5: batch_size : 32 {length of iteration}
6: epochs : 20
7: verbose : 1

8: Load and preprocess the dataset
9: Encode user and book IDs:

10: Create mappings for user and book IDs
11: Map the encoded IDs to the DataFrame

12: Normalize ratings:

13: Apply a lambda function to normalize ratings to a scale
of 0 to 1

14: Split the data into training and validation sets:

15: Use train_test_split with an 80-20 split

16: Define the Recommender model:

17: Initialize embeddings for users and books
18: Initialize biases for users and books

19: Build the model’s forward pass:

20: Compute user and book vectors and biases
21: Calculate the dot product of user and book vectors
22: Add biases and apply a sigmoid activation

23: Compile and train the model:

24: Compile the model with mean squared error loss and
Adam optimizer

25: Train the model using the training data with specified
batch size and epochs

26: Output:

27: Trained model

their location and age . In our linear and logistic regression
models, we recorded results across various parameters.
The Root Mean Square Error (RMSE) served as our eval-
uation metric, with the results presented in the tables below.

Wewanted to select the best one and then used this model
to recommend books to new users.

5.3 Methodology overview

This explanation outlines the key steps and settings used in
training a recommender model, focusing on the hybridiza-
tion step of our model based on the Book Crossing dataset.

Table 2: Linear regression results
Linear regression params RMSE
n_jobs=2,positive=True 3.52

copy_X=True,positive=False 3.36
copy_X= False,positive=False 3.36

fit_intercept=True,positive=False1 3.36

Table 3: LOGISTIC regression results
Logistic regression params RMSE

Without parameters 3.52
solver=’newton-cg’ 1.88
solver=’liblinear’ 1.88
solver=’lbfgs’ 1.87
solver=’sag’ 1.87
solver=’saga’ 1.87
penalty=’l2’ 1.87

penalty=’none’ 1.87
multiclass =’ovr’ 1.88

multiclass =’multinomial’ 1.87

5.3.1 Model training settings:

– Batch Size: Set to 32, indicating the number of sam-
ples processed before the model is updated.

– Epochs: Set to 20, representing the number of com-
plete passes through the training dataset.

– Verbose Level: Set to 1, which provides detailed log-
ging during training.

5.3.2 Hybrid recommendation function

In our hybrid model, we combine Collaborative Filtering
(CF) and Content-Based (CB) methods by calculating in-
dividual recommendation scores for each approach. These
scores are then combined using a weighted average to gen-
erate the final hybrid recommendation score. The formula
for this hybrid score is:

Hybrid Score = α× CF Score+ (1− α)× CB Score

Here, α is a weighting factor that allows us to control the
relative contribution of the CF and CB scores. By adjust-
ing α, the model can be fine-tuned to optimize performance
for different use cases, ensuring a balance between the two
methods.

Pseudo code:
– Define function hybrid_score (CF, CB, α):

return α× CF+ (1− α)× CB

– Define function get_recommendations (CF_scores,
CB_scores, α): final_scores = []

For each item in CF_scores:
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score = hybrid_score(CF_scores[item],
CB_scores[item], α)

final_scores.append((item, score))
Sort final_scores by score in

descending order
return final_scores

6 Experimental results
The Root Mean Square Error (RMSE) [m] and Mean Ab-
solute Error (MAE) [n]are the metrics used to analyze the
results of the experiment. These objective measures are
widely employed to evaluate the performance of recom-
mendation system models. They are defined as follows:

RMSE =

√∑n
i=1(ypred,i − yactual,i)2

n

The RMSE has the same measuring unit of the vari-
able y. Mean Absolute Error (MAE). MAE is the average
vertical distance between each point and the identity line.
The formula is given below:

MAE =
1

n

n∑
i=1

|ypred,i − yactual,i|

We further exemplify the loss equation in the subse-
quent manner:

Loss =

∑
(ypred − yactual)

2

n

In the above equations:
ypred represents the model’s predicted values, yactual rep-

resents the dataset’s actual values,
∑

denotes the sum of
squared differences between predicted and actual values,
and n represents the number of samples in the dataset.
Here’s your text with corrections for grammar, clarity,

and conciseness:
Multiple factors led us to select RMSE and MAE as the

preferred metrics for RS. First, they are sensitive to pre-
diction errors, allowing us to evaluate the predictive ac-
curacy of our model regarding user preferences. Second,
these metrics are easily interpretable because they are mea-
sured in the same units as the predicted and actual val-
ues, facilitating the communication of prediction errors to
stakeholders and users. Third, MAE and RMSE possess
desirable mathematical properties derived from the mean
squared error, making them suitable for optimization ob-
jectives and providing a comprehensive evaluation of sys-
tem performance [25][14]. Finally, these metrics demon-
strate robustness to outliers, ensuring that extreme ratings

or user preferences do not disproportionately influence the
evaluation. By utilizing RMSE andMAE, we gain valuable
insights into the performance of our recommender models.
To optimize the performance of our deep learning model,

we conducted 20 training and validation iterations on a
meticulously curated dataset. The purpose of these itera-
tions was to enhance the model’s ability to provide accurate
recommendations by capturing complex data patterns and
relationships.
At each epoch during the training process, we calculated

the loss and mean squared error (MSE) for both the training
and validation datasets. Our primary goal was to minimize
the loss andMSE values, indicating improved accuracy and
reliability in the model’s suggestions.
Computational Cost:
We trained this model on Kaggle and assessed the train-

ing time. It took approximately 3 hours to yield results on
our computer using a large dataset.
Memory and Computational Resource Usage: The

computer used for training was equipped with an Intel Core
i5-3320M processor (2.60 GHz, 2 cores, 4 threads) and 8
GB of DDR3 RAM. It is important to note that deep learn-
ing models typically demand significantly more computa-
tional resources and time compared to traditional methods.
Confidence Intervals and Standard Deviations:

– RMSE: The mean RMSE is 0.69, with a standard de-
viation of 0.031, and the 95% confidence interval is
between 0.65 and 0.73. This means we are 95% con-
fident that the true RMSE value lies within this range.

– MAE: The mean MAE is 0.51, with a standard de-
viation of 0.021, and the 95% confidence interval is
between 0.49 and 0.53. Similarly, this indicates the
range within which the true MAE value lies with 95%
confidence. This demonstrates that the model’s per-
formance is reliable and we can expect similar results
when the model is tested on new data.

The empirical evaluation of our RS demonstrates that it
provides superior suggestions compared to existing works,
achieving Root Mean Square Error (RMSE) and Mean Ab-
solute Error (MAE) values of 0.69 and 0.51, respectively.
The graph above illustrates these findings by depicting the
progression of the mean squared error across the epochs.
It’s important to note that a lower RMSE value indicates
better forecast accuracy for the target variable. These re-
sults provide compelling evidence of our deep learning
model’s ability to reliably predict the desired variable.
The following graphical representation of the loss func-

tions for the training and validation sets offers compelling
evidence of the network’s efficient training.

7 Results discussion
In this section, we detailed comparison between our results
and the SOTA ones presented earlier in Section 2. For the
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techniques that use the same evaluation metrics as our work
and the same Book Crossing dataset, Our model shows
good results with RMSE and MAE values of 0.69 and 0.51,
respectively, as shown in Table 4, outperforming other tech-
niques (e.g., [[2], [7], [26]]).
The experimental results demonstrate that embedding

layers improves the performance of our model. The table
below illustrates the Comparative Results section, followed
by an illustrative diagram.

Table 4: Comparison results
Method RMSE MAE
Auto-Surprise (TPE)
[2]

3.52 2.88

Auto-Surprise
(ATPE)[2]

3.51 2.87

Regular Matrix Fac-
torization (MF) [7]

0.70 0.45

k-NN prediction
model[26]

2.99 2.63

Our Model 0.69 0.51

Finally, concerning scalability, our method achieves bet-
ter results due to:

– Embedding Layers:
These layers transform categorical data (like user
IDs and book IDs) into dense vectors, enabling the
model to capture complex relationships in a continu-
ous space. This reduces the sparsity of user-item inter-
actions and enhances learning of detailed user prefer-
ences, leading to significantly lower RMSE and MAE
compared to traditional methods.

– Bias Terms: Incorporating bias terms for users and
books allows the model to adjust predictions based on
inherent preferences and popularity, improving accu-
racy by better aligning predicted ratings with actual
user interactions.

– Combination of CF and CB Techniques: By integrat-
ing both approaches, the model gains a comprehensive
understanding of user preferences and item attributes.
This synergistic approach enhances personalized rec-
ommendations, resulting in reduced prediction errors
compared to single-method models.

– Deep Learning Framework: Utilizing deep learning
facilitates effective learning from large datasets, en-
abling the model to capture intricate patterns and rela-
tionships that simpler algorithmsmight overlook. This
capability enhances generalization and improves the
reliability of recommendations.

The hybrid recommendation model proposed sur-
passes existing methods through several key architectural
strengths:
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Figure 8: Comparative results graph

Together, these features contribute to superior perfor-
mance, as demonstrated by significantly reduced RMSE
(0.69) and MAE (0.51) values. They highlight the model’s
efficacy in delivering precise, personalized, and context-
aware book recommendations.

8 Conclusion and future directions

The current era is characterized by the widespread avail-
ability of online educational resources, leading to the sig-
nificant challenge of obtaining relevant information for in-
dividuals engaged in e-learning. The convergence of adap-
tive e-learning and personalized technology has fostered
the emergence of innovative solutions, with RS becoming
a powerful tool. These systems are designed to meet the
needs of learners in ever-evolving environments while al-
leviating the problem of information overload.
Our comprehensive investigation delved into the domain

of e-book RS, a crucial aspect of online education. The
objective of our endeavor was to develop a hybrid e-book
RS that seamlessly integrates CBmachine learning with the
depth of deep learning embedding layers. This initial phase
of our journey focuses on enhancing the reading experi-
ence through CB book recommendations tailored to read-
ers’ preferences.
Encouragingly, our rigorous testing, which included

cold-start scenarios and data sparsity, has yielded promis-
ing results, reinforcing the system’s efficacy in the realm of
e-books. The empirical analysis of our RS on a sizable e-
book dataset demonstrates that it outperforms comparable
existing works, achieving a Mean Absolute Error (MAE)
of 0.51 and a Root Mean Square Error (RMSE) of 0.69. In
our forthcoming efforts, we pledge to:

– Augment the system’s intelligence by deepening the
understanding of learner behaviors, thereby suggest-
ing books that align with their interests.

– Expand the scope of content-based recommendations
by considering a broader range of characteristics, in-
cluding the learner’s intended study direction and in-
tellectual level.

– Continuously improve the system’s performance by
exploring alternative methodologies and integrating
advanced deep learning approaches.

– Evolve the model’s architecture and layer configura-
tion to further enhance the system’s capabilities and
its ability to deliver superior results.

In summary, our exploration of e-book recommendation
systems reflects our dedication to enriching the educational
experience. By overcoming challenges, embracing innova-
tion, and prioritizing user-centricity, we envision a future
where our recommendations shape learning journeys and
cultivate a landscape of personalized growth.
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With the booming development of the global tourism industry, the increase in tourists has gradually 

made the safety management of tourist attractions more important. Monitoring abnormal behavior in 

tourist attractions is crucial in the safety management. To improve the accuracy of monitoring abnormal 

behavior in tourist attractions, this study combines convolutional neural networks with autoencoder 

network structures to reduce the learning generalization ability of convolutional neural networks. 

Attention mechanism is incorporated to improve sensitivity and recognition accuracy of abnormal 

behavior in complex environments. The method was experimentally validated using the CUHK Avenue 

and UCSD datasets, and compared with existing baseline methods. The results showed that the mixed 

multi-input feature clustering algorithm based on deep convolutional autoencoder had better detection 

performance than traditional methods on these two datasets. On the CUHK Avenue dataset, the AUC 

value was 91.9%, which was 27.1%, 10.6%, 15.0%, and 2.8% higher than that of the Adam, MDT, SF, 

and SRC methods, respectively. On the UCSD dataset, the AUC value reached 94.7%, which was 31.0% 

higher than that of the other four methods. In addition, the precision on the CUHK Avenue dataset was 

94.5%, the recall rate was 95.6%, and the error rate was 12.6%. On the UCSD dataset, the precision 

was 95.2%, the recall rate was 94.8%, and the error rate was 10.9%. Overall, the research on the 

detection method of abnormal behavior in tourist attraction monitoring videos based on mixed 

multi-input feature clustering algorithm has high detection accuracy and can provide more effective 

technical support for the safety management of tourist attractions. 

Povzetek: DCAMMFCA združi SSD, pozornostno izboljšan konvolucijski avtoenkoder z GAN ter 

K-means gručenje mešanih časovno-prostorskih značilk za odkrivanje anomalij v turističnem nadzoru. 

 

1 Introduction 
As the economy and culture rapidly develop and the 

global tourism industry prospers, tourism has become an 

important venue for economic and cultural exchanges. 

Meanwhile, as modern cities continue to advance, the 

requirements for safety supervision in the public sector 

are also increasing. The monitoring system, as a key 

technology for security monitoring, has seen an 

increasing demand for its intelligence and information 

security [1-2]. Tourism Scenic Area (TSA) often faces 

challenges such as high pedestrian traffic and complex 

terrain, and traditional manual monitoring technologies 

often encounter high false positive rates [3]. Traditional 

video surveillance mainly relies on simple motion 

detection or algorithms with specific rules, such as fixed 

area intrusion detection and trajectory anomaly analysis. 

These monitoring technologies are effective enough in 

simple environments, but their effectiveness is limited 

when faced with dynamic and complex tourism scenes 

[4]. For example, factors such as fluctuations in crowd 

density, environmental obstructions, and changes in 

lighting conditions can affect the accuracy of video 

detection [5]. In addition, due to the lack of intelligent 

factors, traditional video surveillance technology cannot 

effectively classify and store recorded data, resulting in 

huge data processing time and difficulty in obtaining all 

information. Therefore, an innovative approach based on 

the Mixed Multi-input Feature Clustering Algorithm 

(MMFCA) is proposed for abnormal behavior detection 

on surveillance videos to address the low detection 

accuracy in video frame prediction and reconstruction in 

complex environments. Meanwhile, the optimized 

autoencoder based on attention mechanism is used as a 

Generative Adversarial Network (GAN) for feature 

extraction to improve sensitivity and recognition 

accuracy for abnormal behavior in complex 

environments. 

The core question of the research is: "Can the 

combination of SSD-based spatial feature extraction and 

Time GAN attention autoencoder improve the accuracy 
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of abnormal behavior detection in TSA scenarios?” To 

verify this hypothesis, corresponding experiments are 

designed and various baseline methods are compared. 

The research hypothesis suggests that the Mixed 

Multi-input Feature Clustering Algorithm based on Deep 

Convolutional Autoencoder (DCAMMFCA) can 

effectively improve the abnormal behavior detection in 

scenic surveillance videos, especially when dealing with 

small object detection in complex environments. 

The research is divided into six sections. The first section 

is the introduction. The second section reviews the 

current research status of intelligent monitoring systems 

and abnormal behavior detection both domestically and 

internationally. Next, the third section introduces a 

monitoring video anomaly detection method based on the 

DCAMMFCA. The fourth section analyzes the abnormal 

behavior detection results based on this algorithm and 

compares them with existing methods. The fifth section 

is discussion. The sixth section is the conclusion. 

2 Related works 
As an important research direction in computer vision, 

intelligent monitoring systems have received attention 

from many experts and scholars and have achieved many 

results. Jenssen et al. proposed an automatic vision-based 

power line inspection and monitoring system to monitor 

power lines. This system utilized deep learning 

technology for network construction and utilized deep 

residual network structure for damage monitoring of 

power line components. These results confirmed that the 

method had high monitoring accuracy [6]. Yousefi et al. 

proposed a monitoring system that combined sensor 

systems for real-time monitoring of food in the 

production chain. This design utilized biosensors for 

monitoring production environment humidity, 

temperature, and gases. These results confirmed that this 

method monitored food quality and ensured food 

production safety [7]. Pimenov et al. combined artificial 

intelligence technology with sensors to design a 

monitoring system for real-time monitoring during tool 

processing. This system could monitor the real-time 

status of cutting tools during machining operations and 

utilize machining responses to monitor the surface 

roughness of the tools. These results confirmed that this 

method effectively improved dimensional accuracy and 

production efficiency during the machining process [8]. 

Liu combined machine learning technology with data 

mining technology for real-time monitoring of abnormal 

advertisements to maintain the integrity and efficiency of 

advertising campaigns. The results showed that this 

method could monitor various measures of advertising 

activities in a vigilant manner and was feasible [9]. 

Mattera et al. developed a line arc additive 

manufacturing program using artificial intelligence 

technology to monitor the production process of arc 

additive manufacturing. The program included a defect 

detection module that could monitor the production 

process of arc additive manufacturing. The results 

showed that this method was helpful for parameter 

control in the manufacturing process [10]. 

Abnormal behavior detection plays an important 

role in intelligent monitoring. ALDHAMARI et al. put 

forward a high-performance structure to design a smart 

monitoring system with human behavior detection and 

classification. This framework utilized foreground optical 

flow energy to extract descriptive spatiotemporal features 

from surveillance videos. The orthogonal matching 

tracking algorithm was used to recover high-dimensional 

sparse features. These results confirmed that the method 

effectively improved the behavior detecting and 

classifying accuracy [11]. Hu et al. proposed a deep 

learning-based driver abnormal behavior detection 

system to effectively identify abnormal driver behavior. 

The system utilized stacked sparse autoencoders to learn 

driving behavior features, and then used greedy layering 

for training. These results confirmed that the method had 

high detection accuracy in detecting abnormal driving 

behavior [12]. Feizi et al. proposed a new normal 

behavior estimation model to accurately define abnormal 

behavior. This design utilized the histogram of 

directional optical flow as the basic local feature and 

utilized spectral clustering for similar feature clustering. 

These results confirmed that this method could 

effectively distinguish different behaviors [13]. Zhang et 

al. proposed a cloud platform virtual machine abnormal 

behavior monitoring system to improve the security and 

reliability of virtual machines. This system utilized 

incremental clustering algorithm for load information 

monitoring and local outlier factor algorithm for online 

anomaly detection. These results confirmed that this 

method could meet the real-time monitoring 

requirements [14]. Gao et al. used wireless sensors and 

discrete-time Markov chains to construct a user activity 

monitoring model connected to the medical Internet of 

Things for detecting abnormal behavior in patients with 

Alzheimer's disease. This model classified users' daily 

behaviors using probability calculation tree logic. The 

results showed that this method was feasible [15]. To 

monitor Ethereum fraud, Tan et al. proposed a method for 

mining Ethereum transaction records to monitor 

fraudulent transactions. This method used web crawling 

technology to obtain Ethereum addresses with fraud tags, 

and then used network embedding algorithms to extract 

node features for subsequent fraud transaction 

recognition. Finally, a graph Convolutional Neural 

Network (CNN) was used to classify the identified 

addresses. The results showed that the accuracy of 

Ethereum fraud transaction monitoring was as high as 

96% [16]. The summary of relevant work is shown in 

Table 1.
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Table 1: Summary of related work 

Method Dataset 

Feature 

extraction 

method 

Accuracy Advantages Limitations 

Jenssen 

et al. 

Power line 

dataset 

Deep residual 

network 
High accuracy 

High monitoring 

precision 

Only applicable to power line 

monitoring, not suitable for 

general scenarios 

Yousefi 

et al. 

Food 

production 

dataset 

Biosensors 
No clear 

accuracy data 

Real-time 

monitoring of 

environmental data 

Limited by environmental 

sensors, cannot handle 

dynamic behavioral changes 

Pimenov 

et al. 

Manufacturing 

dataset 
Sensors + AI 

No clear 

accuracy data 

Improves 

production 

efficiency and 

accuracy 

Specific to certain tools and 

processes, cannot generalize 

to other fields 

Liu et al. 
Advertising 

dataset 

Machine 

learning + data 

mining 

No clear 

accuracy data 

Real-time 

monitoring of 

advertising activities 

Cannot handle large-scale 

advertising data and rapidly 

changing behavioral patterns 

Mattera 

et al. 

Arc additive 

manufacturing 

dataset 

AI + Sensors 
No clear 

accuracy data 

Good monitoring 

capabilities for 

manufacturing 

processes 

Focused on additive 

manufacturing, cannot be 

generalized to other 

industries 

ALDHA

MARI et 

al. 

Surveillance 

video dataset 

Optical flow 

feature 

extraction + 

Orthogonal 

Matching 

Pursuit 

Algorithm 

No clear 

accuracy data 

Improves behavior 

classification 

accuracy 

Only suitable for video 

surveillance, not applicable to 

other types of data 

Hu et al. Driver dataset 
Sparse 

autoencoder 
High accuracy 

Detects driver 

abnormal behavior 

Limited to driving behavior, 

not adaptable to other types 

of anomaly detection 

Feizi et 

al. 

Unknown 

dataset 

Directional 

optical flow + 

spectral 

clustering 

No clear 

accuracy data 

Effectively 

distinguishes 

different behaviors 

Possibly limited by specific 

behavior estimations 

Zhang et 

al. 

Virtual 

machine 

dataset 

Incremental 

clustering + 

local outlier 

factor 

High accuracy 

Meets real-time 

monitoring 

requirements 

Specific to virtual machine 

data, cannot handle other 

types of data 

Gao et 

al. 

Alzheimer's 

patients 

dataset 

Wireless 

sensors + 

Markov chain 

No clear 

accuracy data 

Real-time 

monitoring of 

patient behavior 

Only applicable to specific 

patient groups, cannot 

generalize 

Tan et 

al. 

Ethereum 

transaction 

records 

Network 

embedding 

algorithm + 

Graph 

Convolutional 

Network 

96% High accuracy 
Only applicable to Ethereum 

fraud monitoring 

 

As shown in Table 1, these methods have failed to 

achieve their goals in the TSA context. For example, the 

power line monitoring method proposed by Jenssen et al. 

only focuses on a single domain and cannot cope with 

the changing monitoring scenarios. The proposed 

solution in this study has strong adaptability and can 

handle video surveillance in various environments. In 

addition, the food production chain monitoring method 

proposed by Yousefi et al. does not consider behavioral 

patterns and dynamic detection. The solution proposed in 

this article, combined with deep learning technology, can 

dynamically identify and analyze abnormal behaviors. 

In summary, many achievements have been made in 

research related to intelligent monitoring systems and 

abnormal behavior detection. However, there is still 

relatively little research on using feature storage 

autoencoders as network architectures for feature 

extraction and integrating multiple input features for 

clustering analysis to detect abnormal behavior in videos. 

The feature storage module, as an innovative method, is 
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introduced into the generator of the GAN for more 

efficient extraction and storage of multidimensional 

features. Therefore, the feature storage module optimizes 

the feature extraction process of the generator in 

abnormal behavior detection by storing and matching 

feature vectors to effectively improve the accuracy and 

sensitivity of detection. 

3 Detection of abnormal behavior in 

monitoring videos based on deep 

convolutional autoencoder mixed 

multi-input feature clustering 

algorithm 
A deep convolutional autoencoder network is used for 

abnormal behavior detection, and a clustering algorithm 

with mixed multi-input features is combined to improve 

the detection performance of small targets. To reduce the 

impact of complex environments on feature extraction, 

the study further utilizes SSD object detection models to 

extract foreground targets in monitoring video images. 

 

3.1 Abnormal behavior detection algorithm 

based on deep convolutional autoencoder 

network structure 
CNN is a powerful tool specifically designed for 

analyzing visual images in deep learning. Through 

multi-level structural design, it can automatically and 

effectively learn spatial level features from image data 

[17-18]. In computer monitoring video analysis, since 

video images are essentially digital information having 

many pixels, it is particularly crucial to utilize CNN to 

extract the features of these images. The overall 

architecture of the research method is shown in Figure 1. 

 

SSD 

model

K-means 

clustering

Clustering algorithm 

based on mixed multi 

input features

Spatial 

characteristics

Time 

characteristics

Prospect 

Objectives

CNN

Autoencoder

Optimization of 

attention mechanism

Distinguishing between 

normal/abnormal 

behavior

Abnormal 

behavior

 
Figure 1: Overall architecture diagram of the research method 

 

As shown in Figure 1, the research method 

combines the SSD object detection model with the 

K-means clustering algorithm to construct a MMFCA for 

foreground targets in complex environments. This 

algorithm can extract foreground targets from 

surveillance video images, classify the extracted features 

using the K-means clustering algorithm, and finally 

obtain the temporal and spatial features of the 

surveillance image. Next, the time and spatial features 

extracted from the foreground target are input into the 

CNN for abnormal behavior recognition. To address the 

strong generalization ability of CNN, this study 

combines CNN with autoencoder models and optimizes 

the model using attention mechanisms to improve the 

accuracy of distinguishing normal and abnormal behavior. 

There are three main basic structures of CNN. The input 

layer processes the original pixel data and converts it into 

a form that the network can process. The feature 

extraction layer is usually composed of multiple 

alternating convolutional and pooling layers. The 

convolutional layer is responsible for extracting local 

features from the image. The pooling layer is responsible 

for down-sampling, reducing computational complexity 

while maintaining spatial hierarchy of features [19-20]. 

Finally, the fully connected layer maps the learned 

features to the final output. The function of the 

convolutional layer is represented by equation (1). 

( )
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In equation (1), 
l

jx  represents the input function of 

the l -th convolutional layer,   means the convolution 

operation. b  refers to the bias parameter. k  is the 
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convolution kernel [21]. The mathematical expression for 

the pooling layer is represented by equation (2). 

( )1−= l

j

l

j xpx                             (2) 

In equation (2), ( )xp  refers to pooling operation. 

The mathematical expression for the fully connected 

layer is represented by equation (3). 

( )llll bxfx += −1                    (3) 

In equation (3), ( )xf  refers to the nonlinear 

activation function.   means the weight. Common 

nonlinear activation functions include Tanh, Sigmoid, 

and ReLu. The study uses the Sigmoid function as the 

activating function, represented by equation (4) [22]. 

( )
xe

xf
−+

=
1

1
                        (4) 

Autoencoder is an unsupervised feature learning 

algorithm implemented through neural networks, whose 

core function is data dimensionality reduction and feature 

extraction [23]. Autoencoder learns data by encoding 

input data into a low-dimensional space, which is then 

decoded back to the original data. In this process, the 

autoencoder is to minimize the difference between input 

and output, which is also known as reconstruction error 

[24]. This structural feature enables the autoencoder to 

have the advantage of removing irrelevant noise while 

reconstructing input data. Figure 2 shows the structure of 

the autoencoder. 
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Figure 2: Autoencoder structure 

 

In Figure 2, the autoencoder mainly includes an 

encoding layer and a decoding layer. When encoding, an 

autoencoder can convert high-dimensional input data into 

a low-dimensional latent variable for representation [25]. 

This latent variable encompasses the key features of the 

input data and also has a low-level dimension, thereby 

reducing data complexity and minimizing the need for 

data storage [26]. During decoding, the autoencoder can 

remap these low-dimensional latent variable features to 

the high-dimensional space of the original input data [27]. 

The architecture of the autoencoder is as follows. The 

input layer is 128×128×3, which represents an image 

resolution of 128×128 and is an RGB image. The 

encoder consists of three convolutional layers, with 32, 

64, and 128 kernels in the first, second, and third layers, 

respectively. The kernel size is 3×3 and the stride is 1. 

The first and second layers of the decoder use 64 and 32 

convolution kernels, respectively, with a kernel size of 

3×3 and a stride of 1. The output layer consists of one 

convolutional kernel, with a size of 3×3 and a stride of 1, 

and uses the Sigmoid activation function. In addition to 

the Sigmoid activation function, the ReLU activation 

function is also used in the convolutional layers to handle 

nonlinear transformations. To prevent over-fitting, 

Dropout layers are added between the convolutional 

layers of the encoder, with a dropout probability of 0.2. 

Equation (5) is the loss function of the autoencoder. 

( )
2

1
ˆ

1
 =

−=
N

i ii xx
N

L            (5) 

In equation (5), L  means the loss function. N  

refers to the total datasets. 
ix  represents the i -th 

sample in the input dataset.  
ix̂  is i -th sample in the 

output dataset. When using traditional self-coding 

structures for monitoring video abnormal behavior 

detection, CNN has strong learning and generalization 

abilities. This can reconstruct input samples in video data 

that contain abnormal behavior, making it difficult for the 

model to effectively distinguish between normal and 

abnormal behavior [28]. Therefore, the study 

incorporates attention mechanism into the autoencoder 

for optimization. The attention mechanism can make the 

model focus more on the parts of the data that contain 

important information. By introducing variance attention 

mechanism, autoencoders can adaptively assign higher 

weights to features with abnormal behavior [29]. In 

addition, the optimized autoencoder is taken as a 

generator for GAN to better distinguish between normal 

and abnormal behavior. The feature block of the attention 

mechanism is represented by equation (6). 

( ) ( ) ( )( )whxAttentionwhxwh ,,*, +=  (6) 

In equation (6),   represents the feature block sent 

by the attention mechanism to the convolutional layer for 

decoding. h  and w  refer to the rows and columns of 

the feature map, respectively. ( )( )whxAttention ,  

represents self-attention mechanism. The normalized 

attention map is represented by equation (7). 

( )
( )






−
=

dwh
wh

,,
,                (7) 

In equation (7),   represents the variance of the 

normalized attention map. d  refers to the depth of the 

feature map.   represents the mean of the feature map. 

  represents the standard deviation of the feature map. 

The matching probability of the feature storage module is 

represented by equation (8). 
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In equation (8), F  represents the feature of the 

feature storage module. G  represents the feature output 

by the generator. P  represents the matching probability. 

SF  is the item of the feature storage module. 
tQ  is a 

feature of the hidden layer. Figure 3 shows the basic 

framework of GAN. 
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Fig.3 Basic framework of generative adversarial network 

 

In Figure 3, GAN mainly includes two modules: 

generator and discriminator, which are optimized 

alternately during the training [30]. The generator is to 

capture the distribution of real samples and generate 

outputs similar to real input samples by converting input 

noise. It can distinguish between real samples and 

generator generated samples. The discriminator is to 

distinguish between real samples and fake samples. 

Using the backpropagation algorithm during training, 

these two modules alternate for optimization, 

continuously improving their performance. 

In this GAN framework, the generator adopts an 

optimized deep convolutional autoencoder based on 

attention mechanism, responsible for feature extraction 

and reconstruction. Inside the generator, the feature 

storage module stores key features and participates in 

generating data during the generation process. The 

discriminator is responsible for distinguishing between 

generated data and real data, thereby improving the 

performance of the generator through adversarial 

training. 

The loss function types of GAN are as follows: The 

generator loss uses the least squares loss to optimize the 

generator. The discriminator loss uses adversarial loss to 

train the discriminator to distinguish between generated 

images and real images. The training process of this 

model takes 100 epochs. Within each epoch, the 

generator and discriminator are trained alternately to 

ensure training stability. The objective function of GAN 

is represented by equation (9). 

( ) ( ) ( )  ( ) ( )( ) zGDEaDEDGL zPzaPa
DG za

lg1lg,maxmin ~~ −+=

(9) 

In equation (9), L  represents the objective 

function. G  and D  refer to generators and 

discriminators, respectively. a  represents the feature 

vector of the real monitoring image. z  is a noise vector. 

aP  represents the distribution of real samples. zP  

refers to the distribution of noise vectors. 
aE  

represents the expected distribution vector value. 

 

3.2 Clustering algorithm based on mixed 

multi-input features 
The autoencoder network based on deep convolution can 

handle abnormal behavior detection in ordinary scenes, 

but there are certain difficulties in accurately detecting 

abnormal behavior in complex scenes. TSA has 

limitations such as complex environment, high pedestrian 

traffic, and multiple foreground targets, all of which can 

affect detection accuracy. Therefore, a deep 

convolutional autoencoder network is used to extract 

feature information from video data based on a Single 

Shot MultiBox Detector (SSD). Then K-means is 

introduced to cluster these extracted features. Finally, the 

distance information of the clustering results and the 

reconstruction error of the autoencoder are combined to 

make a comprehensive judgment. This clustering 

algorithm based on mixed multi-input features helps to 

enhance algorithm judgment and improve its detection 

accuracy in complex environments. In the anomaly 

detection algorithm based on deep convolutional 

autoencoder network structure, the SSD model is limited 

to the early stage of object detection as part of video data 

preprocessing. Its main function is to extract foreground 

target information for subsequent feature extraction and 

clustering processing. Figure 4 shows the SSD object 

detection model. 
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Figure 4: SSD object detection model framework 

 

In Figure 4, this model belongs to a single-stage 

detection model. It first uses CNN to extract features 

from sample data, and generates boundary boxes of 

different sizes on the extracted feature maps. These 

boundary boxes are used for target classification and 

prediction. SSD adopts a pyramid structure, allowing for 

object detection on feature maps with multiple different 

resolutions. This feature enables the model to have good 

detection performance for targets of different sizes, thus 

helping to improve small target detection performance in 

video surveillance. K-means is an unsupervised learning 

algorithm that can measure the similarity between data 

features by calculating Euclidean distance [31]. 

Therefore, based on the SSD object detection model and 

combined with K-means, a clustering algorithm based on 

mixed multi-input features is designed. This algorithm 

comprehensively utilizes the feature extraction ability of 

SSD object detection model and the clustering effect of 

K-means to achieve more accurate data feature analysis. 

Figure 5 is a clustering algorithm based on mixed 

multi-input features. 
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Figure 5: Clustering algorithm structure based on mixed multi-input features 

 

In Figure 5, target n represents the spatiotemporal 

and temporal features of different foreground targets 

extracted from video frames. The "reconstruction score" 

shown in the figure is used to measure the quality of 

feature reconstruction, which is a key indicator for 

evaluating abnormal behavior. This score is combined 

with clustering results to improve the accuracy of 

detecting abnormal behavior through comprehensive 

judgment. The clustering algorithm based on mixed 

multi-input features first utilizes the SSD object detection 

model to extract foreground target features from multiple 

input targets. The extractive feature is divided into 

temporal and spatial features. The time feature 

information is fed into the feature extraction network as 

input data for similarity constraints to enhance the 

model's recognition ability of time series data. The 

spatial feature information is constrained by spatial 

similarity using reconstruction errors to calculate the 

reconstruction score of information reconstruction quality. 

Then, the time feature information trained with similarity 

constraints is input into the clustering module for 

clustering operations. Based on feature similarity, cluster 

scores are calculated to evaluate the correlation between 

targets. In the abnormal behavior detection of scenic area 

monitoring videos, the motion trajectory of the target 

object serves as the key basis for determining whether its 

behavior is abnormal. The SSD configuration is as 

follows: The resolution of the input image for the SSD 

model is 300×300. To handle targets of different sizes, 

SSD utilizes multiple anchor boxes of different sizes. The 
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size of the small anchor frame is 32×32, while the size of 

the middle anchor frame and the large anchor frame are 

64×64 and 128×128, respectively. The study adopts the 

k-means++ initialization method to improve the 

clustering quality and the convergence speed of the 

algorithm. In the K-means clustering algorithm, based on 

the characteristics of the dataset, K=10 is set to cluster 

the data into 10 categories. To effectively capture its 

motion trajectory, the study uses the RGB difference map 

to analyze the color changes between consecutive frames 

and map the changes in the motion trajectory. The 

reconstructed RGB difference map obtained based on 

behavioral feature transformation is shown in equation 

(10). 

( )RGB

dRGBRGB zx  ;ˆ =                    (10) 

In equation (10), 
RGBx̂  represents the 

reconstructed RGB difference map obtained based on 

behavioral feature transformation.   refers to decoding 

output. 
RGBz  means the behavioral feature generated 

by the encoder. 
RGB

d  is the decoder’s parameter set. 

The loss function during the behavioral feature 

transformation is represented by equation (11). 
2

ˆ
RGBRGBRGB xxL −=                   (11) 

In equation (11), 
RGBL  represents the loss function 

in converting the RGB difference map into behavioral 

features. 
RGBx  represents the original RGB difference 

map of the input. The mathematical expression for 

clustering score is represented by equation (12). 
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             (12) 

In equation (12), S  represents the clustering score. 

ir  refers to the i -th feature point extracted from the 

network. N  means the quantity of cluster centers. 
kc  

is the k -th cluster center.   represents the weight of 

clustering scores. The mathematical expression for the 

reconstruction score is represented by equation (13). 

2
ˆ

mmm xxS −=                      (13) 

In equation (13), 
mS  represents the reconstruction 

score. M  refers to the quantity of target boxes. The 

abnormal behavior score is calculated by adding the 

clustering score and reconstruction score with different 

weights, represented by equation (14). 
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1 1
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In equation (14), S  represents the score for 

abnormal behavior.   refers to the weight of the 

reconstructed score. ( )tN  represents the number of 

features on the t -th frame video image. The score 

threshold for abnormal behavior scores in this 

experiment is set to standardized  1,0 . The 

standardized abnormal behavior score is represented by 

equation (15). 

( )
( ) ( )

( ) ( )minmax

min

tsts

tsts
tS

−

−
=                  (15) 

In equation (15), S  represents the normalized 

score of abnormal behaviors. ( )maxts  and ( )mints  

represent the maximum and minimum scores of 

abnormal behaviors, respectively. Figure 6 is a clustering 

algorithm based on mixed multi-input features.
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Figure 6: Process of clustering algorithm based on mixed multi-input features 

 

In Figure 6, spatial features are constrained by 

reconstruction errors. Specifically, the reconstruction 

error is used to guide the optimization of spatial feature 

information, thereby improving the sensitivity of the 

model to spatial features. Unlike directly using 

reconstruction errors as input features, reconstruction 

errors affect spatial features through the output of deep 

convolutional autoencoders, thereby improving 

clustering performance and abnormal behavior scoring. 

In the clustering algorithm based on mixed multi-input 

features, the SSD object detection model is first used to 

extract foreground targets from monitoring video images, 
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thereby reducing the impact of complex environments on 

extracting effective features. The RGB difference map 

corresponding to the extracted foreground target is taken 

as input for CNN, and the temporal feature information 

of this difference map is extracted. Then, after encoding 

and decoding by a deep convolutional autoencoder 

network, these temporal features are constrained to 

enhance its robustness. The network utilizes 

reconstruction errors to constrain spatial feature 

information, ensuring that the output image has effective 

feature information. K-means is used to classify this 

constrained feature information and calculate the 

abnormal behavior score. Finally, the calculated 

abnormal behavior score is compared with the preset 

threshold. If the score exceeds the threshold, it is 

considered abnormal behavior. 

4 Verification of abnormal behavior 

detection in monitoring videos 

based on deep convolutional 

autoencoder mixed multi-input 

feature clustering algorithm 
After setting up the experimental environment, the 

performance of the clustering algorithm was first 

validated. Then, the effectiveness of the abnormal 

behavior detection method was verified using methods 

such as abnormal behavior score detection, ablation 

experiments, and comparative experiments. 

4.1 Experimental environment construction and 

algorithm performance experiments 

To validate the effectiveness of the monitoring video 

abnormal behavior detection method using multi-input 

feature clustering, an experimental environment was 

constructed using the Pytorch framework. A 

high-performance NVIDIA GeForce RTX 3080 Ti GPU 

was taken as the cloud host for model training. 

Meanwhile, an 8-core Intel Xeon CPU was configured 

for the Windows 10 system to support large-scale data 

processing. Before conducting the experiment, this input 

data image was preprocessed and the pixel intensity of 

monitoring video frames was normalized within [-1, 1]. 

The learning rates of the model generator and 

discriminator were 0.01 and 0.001, respectively. These 

datasets used in this experiment are CUHK Avenue and 

UCSD, which contain monitoring video images collected 

in natural scenes to distinguish between normal and 

abnormal behaviors. The CUHK Avenue dataset includes 

16 training videos from different scenarios and 21 testing 

videos, covering various daily activities. These videos 

include scenes of pedestrians walking normally, while 

also annotating abnormal behaviors such as running, 

jumping, and discarding items, providing diverse 

behaviors in typical urban street environments. The 

UCSD dataset has two subsets, Ped1 and Ped2, which 

mainly focus on pedestrian behavior patterns. Ped1 

focuses on shooting wider pedestrian areas, while Ped2 

focuses more on narrower scenes. These datasets provide 

video instances of standard walking behavior and various 

abnormal behaviors such as cycling and driving. In 

abnormal behavior detection, key input features include 

but are not limited to motion trajectories of moving 

targets, including dynamic parameters such as speed and 

direction. The appearance features of static parameters 

such as shape, size, and color extracted using image 

processing techniques. Table 2 shows the specific 

experimental environment configuration. 

 

Table 2: Specific experimental environment 

configurations 
Experimental 

environment 
Configuration 

Operating system Windows 10 

The Pytorch 

framework 
Pytorch1.8.1 

CPU 
8 × Intel(R) Xeon(R) CPU E5-2686 v4 @ 

2.30GHz 

GPU NVIDIA GeForce RTX 3080 Ti 

Memory 64GB 

Graphics memory 6G 

 

To verify the performance of DCAMMFCA-based 

algorithm, a comparison was made between the ordinary 

clustering algorithm and the anomaly behavior detection 

algorithm based on the deep convolutional autoencoder. 

The study sets the training batch to 100 times. Figure 7 

presents the accuracy change on the test set. The 

accuracy based on DCAMMFCA was always higher than 

that of the other two algorithms. When the training round 

reached 100, the accuracy of the ordinary clustering 

algorithm only reached 59.7%. The accuracy of the 

anomaly detection algorithm based on deep 

convolutional autoencoder network reached 72.4%. The 

accuracy of DCAMMFCA reached 89.6%, with an 

increase of 29.9% and 17.2%, respectively. Therefore, 

DCAMMFCA, as an independent ensemble algorithm, 

effectively improves the recognition accuracy of 

abnormal behavior detection. 
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Figure 7: The accuracy variation of different algorithms 

on the test set 
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4.2 Performance verification of mixed 

multi-input feature clustering algorithm 
MMFCA, as a fundamental clustering algorithm 

framework, is used for abnormal behavior detection in 

video surveillance. The algorithm based on MMFCA has 

been optimized to DCAMMFCA, which introduces deep 

convolutional autoencoder and attention mechanism to 

improve the accuracy of anomaly behavior detection. To 

verify the performance based on MMFCA, a comparative 

analysis was conducted between MMFCA and Rough 

K-Means (RKM), Improved K-Means (IKM), and Fuzzy 

C-Means (FCM) [32]. The study combined the CUHK 

Avenue dataset as new data with the UCSD dataset to 

form an artificial training dataset. Figure 8 shows the 

distribution of the manually trained dataset, where the 

data points and clustering centers have undergone 

preliminary clustering processing. This dataset combines 

the CUHK Avenue dataset and UCSD dataset for training 

and testing clustering algorithms. The red data points in 

the figure represent the clustering of large targets, the 

blue data points represent the clustering of small targets, 

the green data points represent the newly added CUHK 

Avenue dataset data points, and the black data points 

represent the clustering centers generated by the 

clustering algorithm. The clustering ratio of large and 

small targets in artificial datasets is roughly 3:1. 

MMFCA was compared with RKM, IKM, and FCM 

in the artificial training dataset. Figure 9 shows the 

clustering performance of four algorithms. In Figure 9 (a), 

RKM failed to identify the newly added data and divided 

it into small target clusters, resulting in a corresponding 

shift in the cluster center. In Figure 9 (b), IKM divided 

the newly added data into large target clusters, causing a 

shift in the cluster center. In Figure 9 (c), FCM also 

divided the newly added data into two imbalanced 

clusters without correctly identifying the new data. In 

Figure 9 (d), MMFCA effectively identified the newly 

added data points, and the position of the cluster center 

was also in the ideal position, showing a high similarity 

with the distribution of the manually trained dataset. 

Overall, MMFCA can correctly identify small target data 

and newly added data, with high recognition accuracy. 
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Figure 8: The distribution of artificial training datasets 

 
To further validate the effectiveness of MMFCA, 

performance indicators such as the Adjusted Rand Index 

(ARI), Silhouette Coefficient (Sil), and clustering time 

were compared among these four clustering algorithms. 

ARI can measure the fitting of clustering algorithms. An 

ARI close to 1 indicates that its clustering effect is more 

accurate. Sil can determine the clustering effectiveness. 

An Sil approaches 1 indicates that the clustering effect is 

more reasonable. Table 3 presents the performance 

comparison results of four clustering algorithms. The 

ARI and Sil of MMFCA were closer to 1, indicating that 

its clustering effect was closer to the real situation. The 

ARI was 0.894, which was 142%, 28.8%, and 234% 

higher than that of RKM, IKM, and FCM, respectively. 

The Sil of MMFCA was 0.906, which was 116.7%, 50%, 

and 131.7% higher than that of the other three algorithms, 

respectively. MMFCA had the shortest clustering time of 

0.216s, which was 62.03%, 28.94%, and 27.27% shorter 

than that of the other three algorithms, respectively. From 

the F1 score, the research method scored 0.912, while 

other algorithms all scored over 0.8. In addition, for 

confusion matrix, the error rate of the research method 

was the lowest, only at 8%, further proving its superiority. 

In summary, MMFCA had excellent clustering 

performance. 

 

 



Abnormal Behavior Detection in Surveillance Video via Multi…                          Informatica 49 (2025) 205–220 215 

 

Index

C
h

a
ra

c
te

ri
st

ic
 v

a
ri

a
b

le

-5 0 5 10 15 20
-5

0

5

10

15

20

Index

C
h

a
ra

c
te

ri
st

ic
 v

a
ri

a
b

le

-5 0 5 10 15 20
-5

0

5

10

15

20

Index

C
h

a
ra

c
te

ri
st

ic
 v

a
ri

a
b

le

-5 0 5 10 15 20
-5

0

5

10

15

20

Index

C
h

a
ra

c
te

ri
st

ic
 v

a
ri

a
b

le

-5 0 5 10 15 20
-5

0

5

10

15

20

(a) Clustering results of RKM algorithm (b) Clustering results of IKM algorithm

(c) Clustering results of FCM algorithm
(d) Cluster Results of Hybrid Multi Input 

Feature Algorithm

Large target cluster

Small target cluster

Add data points

Cluster center

Large target cluster

Small target cluster
Cluster center

Large target cluster

Small target cluster
Cluster center

Large target cluster

Small target cluster
Cluster center

 
Figure 9: The clustering effect of four algorithms 

 
Table 3: Comparison of performance indicators of four clustering algorithms 

Clustering algorithm ARI Sil Cluster time/s F1 score Confusion matrix (TP, FN, FP, and TN) 

RKM 0.369 0.418 0.569 0.352 (142, 258, 308, and 292) 

IKM 0.694 0.604 0.304 0.721 (367, 133, 143, and 357) 

FCM 0.267 0.391 0.297 0.288 (121, 279, 302, and 298) 

Mixed multi-input feature clustering 0.894 0.906 0.216 0.912 (458, 42, 38, and 462) 

 

4.3 Performance verification of abnormal 

behavior detection based on deep 

convolutional autoencoder mixed 

multi-input feature clustering algorithm 
To validate the abnormal behavior detection performance, 

this study compared this detection method with abnormal 

behavior detection methods such as Adam, MDT, SF, and 

SRC [33]. To further validate the stability of the model 

performance, a 95% confidence interval was added when 

calculating the ROC curve. All AUC values were the 

average based on five-fold cross-validation. Figure 10 

presents the Receiver Operating Characteristic (ROC) 

curves using different abnormal behavior detection 

methods. In Figure 10 (a), on the CUHK Avenue data, 

the AUC value of the abnormal behavior detection 

method based on DCAMMFCA was 91.9%, which was 

41.8%, 13.0%, 19.5%, and 3.1% higher than the AUC 

values of the Adam, MDT, SF, and SRC anomaly 

detection methods, respectively. In Figure 10 (b), on the 

UCSD dataset, the AUC value of the abnormal behavior 

detection method based on DCAMMFCA was 94.7%, 

which was 48.6%, 10.6%, 38.2%, and 4.7% higher than 

that of the other four abnormal behavior detection 

methods, respectively. Overall, the abnormal behavior 

detection method based on DCAMMFCA had high 

detection accuracy. 
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Figure 10: The ROC curve of different abnormal behavior detection methods 

 

To observe the performance of different detection 

methods more intuitively, the performance of different 

abnormal behavior detection methods on different 

datasets was compared. Table 4 shows the comparison 

results of performance indicators for different abnormal 

behavior detection methods. The abnormal behavior 

detection method based on DCAMMFCA achieved better 

performance on different datasets. On the CUHK Avenue 

dataset, the precision, recall, and error rate of this method 

were 94.5%, 95.6%, and 12.6%, respectively. On the 

UCSD dataset, the precision, recall, and error rate of this 

method were 95.2%, 94.8%, and 10.9%, respectively. 

Overall, the detection precision of the abnormal behavior 

detection method based on DCAMMFCA was superior to 

that of the other four abnormal behavior detection 

methods. 

 

Table 4: Comparison of different abnormal behavior detection methods’ performance indicators 

Test method 
CUHK Avenue dataset UCSD dataset 

Precision/% Recall/% Error rate/% Precision/% Recall/% Error rate/% 

Adam 53.4 64.2 39.1 55.3 66.3 41.9 

MDT 73.1 72.6 25.6 70.6 74.0 25.2 

SF 60.4 68.6 30.5 61.6 69.1 41.7 

SRC 88.4 82.1 19.6 87.5 83.1 15.6 

Proposed method 94.5 95.6 12.6 95.2 94.8 10.9 

 

4.4 Abnormal behavior score detection and 

ablation experiment 
To validate the abnormal behavior detection effectiveness 

in practical applications, this study compared it with 

different abnormal behavior detection methods for 

abnormal behavior score detection, as shown in Figure 11. 

The abnormal behavior score was calculated through 

K-means clustering and reconstruction score. The 

abnormal behavior score of each video frame was 

compared with the normal behavior score, from which 

the difference value between the frame and the normal 

behavior score was calculated. In actual monitoring 

videos, the difference in abnormal scores of the abnormal 

behavior detection method based on DCAMMFCA was 

0.297, which was 34.38%, 16.93%, 22.22%, and 16.01% 

higher than the difference in abnormal scores of 

abnormal behavior detection methods such as Adam, 

MDT, SF, and SRC, respectively. The abnormal behavior 

detection method based on DCAMMFCA had high 

accuracy in identifying abnormal behaviors. 

The training set in the experiment contains 5,000 samples, 

and the testing set contains 1,000 samples. The training 

and testing sets were randomly selected from the UCSD 

and Avenue datasets, ensuring the diversity and 

representativeness of the experimental data. To further 

verify the role of different modules in the abnormal 

behavior detection method, the study added each module 

to the network for ablation experiments. "√" indicates the 

presence of the module, and "/" indicates the absence. 

Table 5 shows the ablation experiment. After optimizing 

the autoencoder using attention mechanism, the accuracy 

improved by 3.2%. After introducing GAN, the accuracy 

improved by 13.5%. When the algorithm was added to 

the SSD object detection model, the accuracy improved 

by 8.6%. After adding K-means, the accuracy improved 

by 5.8%. In addition, to evaluate the stability of the 

model, a five-fold cross-validation was conducted to 

calculate the standard deviation of the results. After 

adding various modules, the standard deviation gradually 

decreased from ± 1.5 to ± 0.8, demonstrating the stability 

of the model under different experimental configurations. 

In summary, the added modules brought benefits to the 

abnormal behavior detection, indicating that the proposed 

method effectively improved the abnormal behavior 

detection performance.
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Figure 11: Comparison of abnormal behavior score detection 

 

Table 5: Ablation experiment 

Autoencoder Attention mechanism GAN SSD object detection K-means Accuracy/% 
Standard 

deviation 

√ / / / / 59.4 ±1.5 

√ √ / / / 62.6 ±1.2 

√ √ √ / / 76.1 ±1.0 

√ √ √ √ / 84.7 ±0.9 

√ √ √ √ √ 90.5 ±0.8 

 

5 Discussion 
To improve the detection accuracy of tourist attraction 

monitoring, the DCAMMFCA method for detecting 

abnormal behavior in monitoring videos of tourist 

attractions is proposed. Compared with the existing 

state-of-the-art methods for detecting abnormal behaviors 

[32-33], the research method has shown significant 

advantages in multiple indicators. The method based on 

DCAMMFCA showed significantly higher detection 

accuracy on both the CUHK Avenue and UCSD datasets. 

For example, on the CUHK Avenue dataset, the accuracy 

of DCAMMFCA was 94.5%, which was approximately 

41.8%, 13.0%, 19.5%, and 3.1% higher that other 

methods. This is because DCAMMFCA combined with 

GAN and attention mechanism can significantly improve 

the performance of abnormal behavior detection, 

especially in complex environments and small object 

detection. In terms of computational efficiency, the 

DCAMMFCA method had an average computation time 

of 0.216 seconds on the CUHK Avenue dataset, which 

was significantly lower than other algorithms. Especially 

compared with clustering algorithms such as RKM, IKM, 

and FCM, the efficiency was improved by 62.03%. This 

method introduces GAN and attention mechanism, which 

can maintain high robustness in constantly changing 

environments and have high computational efficiency, 

making it suitable for real-time monitoring applications. 

In terms of the reliability of abnormal behavior 

classification, this method achieved a recognition 

accuracy of 89.6% for small targets, and the clustering 

effect was highly consistent with the real situation. The 

ARI and Sil were 0.894 and 0.906, respectively, close to 

1, indicating the superiority of clustering effect. 

6 Conclusion 
To improve the public safety of TSA, a self-encoder 

structure GAN optimized by attention mechanism was 

built, and the SSD object detection model combined with 

multi-input feature clustering algorithm was used to 

improve the accuracy of small object detection. These 

results confirmed that the accuracy of DCAMMFCA 

reached 89.6%. The ARI and Sil reached 0.894 and 0.906, 

respectively, which were close to 1, indicating that its 

clustering effect was close to the real situation. In terms 

of computation time, MMFCA took 0.216 seconds, which 

was 62.03%, 28.94%, and 27.27% shorter than that of 

RKM, IKM, and FCM, respectively. On the datasets 

CUHK Avenue and UCSD, the AUC values of the 

abnormal behavior detection method based on 

DCAMMFCA reached 91.9% and 94.7%, respectively, 

far higher than that of the other four behavioral anomaly 

detection methods. On the CUHK Avenue dataset, the 

precision, recall, and error rate of this method were 

94.5%, 95.6%, and 12.6%, respectively. On the UCSD 

dataset, the precision, recall, and error rate of this method 

were 95.2%, 94.8%, and 10.9%, respectively. The 

abnormal score difference was 0.297, which was 25.58%, 

14.47%, 18.18%, and 13.80% higher than that of Adam, 

MDT, SF, and SRC, respectively. In summary, the 

research on TSA monitoring video abnormal behavior 

detection based on MMFCA had effectively improved the 
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accuracy of abnormal behavior detection.  

However, there are still some limitations in the research, 

such as the lack of interpretability layers, failure to test on 

real TSA datasets, domain adaptation/generalization 

issues, and insufficient evaluation under adversarial and 

occlusion conditions. In response to these limitations, 

future work can further classify the types of abnormal 

behaviors detected to take different measures to deal with 

different types of abnormal behaviors. In addition, to 

adapt to different scenarios and data distributions, 

transfer learning methods can be explored in the future to 

quickly adapt to new monitoring environments with a 

small amount of annotated data. In addition, methods for 

multi-modal data fusion can be explored, such as 

combining the thermal imaging and RGB images to 

improve the accuracy and robustness of abnormal 

behavior detection. 
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Facial expression recognition and virtual animation character generation are crucial for animation 

production and human-computer interaction, but traditional models often perform poorly in complex 

scenes. This paper proposes a novel expression recognition and generation framework based on an 

improved Multi-Task Convolutional Neural Network (MTCNN), augmented by a High-Resolution 

Parallel Convolutional Network (HR-PCN) and Octave Convolution (OctConv). Specifically, HR-PCN 

enhances multi-scale feature extraction for facial keypoint detection, while OctConv improves 

frequency-aware representation learning. In terms of facial expression generation, Graph 

Convolutional Networks (GCNs) are adopted to model the semantic relationships between facial Action 

Units (AUs) and further enhanced with SE-ResNet50 for better spatial attention. The proposed MTCNN 

model was evaluated on the AFEW and CK+ datasets, achieving 89.70% and 93.50% accuracies, 

surpassing MTCNN’s 78.90% and 85.30% and SSD’s 85.40% and 90.10%. RMSE was reduced to 0.1 

after 30 iterations, and inference time was kept within 40 ms/frame. For expression generation, the 

SE-ResNet50-GCN model attained a generation accuracy of up to 93.5%, significantly outperforming 

ResNet50-GCN (90.8%) and GCN (80.2%). These results validate the proposed framework’s 

effectiveness in improving both recognition accuracy and expression realism under complex conditions. 

Povzetek: Za realnočasno prepoznavo in generiranje obraznih izrazov pri virtualnih likih je razvit 

IMMTCNN–GCN okvir, ki združuje izboljšani MTCNN s HR-PCN in OctConv za večmerno zaznavanje 

obraznih značilk ter SE-ResNet50-GCN za semantično generacijo izrazov. 

 

1  Introduction 
The recognition and generation of Virtual Animated 

Character Expressions (VACE) has become an important 

research direction in animation production, game 

development, and Human-Computer Interaction (HCI) 

systems in recent years. In animation and virtual scenes, 

natural and realistic facial expressions can enhance user 

experience and play a key role in intelligent interactive 

devices. However, complex backgrounds, diverse 

lighting, and dynamically changing scenes pose 

significant challenges for Facial Expression Recognition 

(FER) and generation. For example, uncontrolled 

lighting conditions, non frontal facial orientation, 

occlusion, cluttered background, and spontaneous 

emotional expression that appears in naturalistic videos. 

Traditional methods, such as rule-based expression 

analysis or simple classification algorithms, often 

struggle to maintain robustness in complex environments. 

Especially in cases where multiple expressions are mixed 

or Action Units (AUs) are not obvious, it leads to a 

significant decrease in recognition accuracy and 

generation quality [1]. However, existing methods have 

poor robustness in complex scenes, and facial expression 

generation often lacks naturalness and realism. For 

example, Multi-Task Convolutional Neural Networks 

(MTCNN) perform well in facial keypoint localization, 

but there is still room for improvement in feature  

 

extraction and multi-scale fusion capabilities [2]. In 

addition, facial expression generation technology has  

achieved certain results by introducing methods such as 

Generative Adversarial Networks (GAN) and Graph 

Convolutional Networks (GCN), but the modeling of 

facial details and AU relationships is still insufficient. 

Therefore, this paper designs a VACE recognition and 

generation method based on an improved MTCNN 

algorithm. This method improves feature extraction 

efficiency and localization accuracy by introducing 

High-Resolution (HR) - Parallel Convolutional Networks 

(PCN) and Octave Convolution (OctConv) modules into 

MTCNN. It uses GCN to model the semantic 

relationships between AUs in expression generation, 

optimizing the quality of generation. . 

This study aims to address various challenges guided by 

the following core research questions: (1) How can the 

integration of HR-PCN into MTCNN improve the 

extraction of multi-scale facial features and enhance 

localization accuracy in complex scenarios? (2) 

Compared to standard convolution operations, in what 

ways can introducing OctConv contribute to more 

efficient and frequency aware representation learning? (3) 

How does the combination of SE-ResNet50 and GCN 

enhance the modeling of semantic relationships between 

facial AUs to improve the realism and accuracy of 

expression generation? Therefore, the main objective of 

mailto:xyz123452024@126.com
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the study is to design and evaluate a dual module 

framework. This framework integrates an improved 

MTCNN for FER and a GCN-based semantic modeling 

method for expression generation. This framework aims 

to achieve high precision and real-time performance 

under various challenging environmental conditions. 

2  Related works 
With the widespread application of facial recognition 

technology, recognition methods built on video data have 

attracted much attention because of their rich information. 

Estèphe Arnaud et al. proposed a dual exogenous 

endogenous representation method. This method 

performed well on multiple datasets, especially in FER 

tasks that deal with exogenous variables such as identity, 

which was significantly better than existing methods [3]. 

To optimize video FER, Liu Y et al. put forward an 

emotion-rich feature learning network grounded on 

segment perception. On multiple datasets, the 

performance of this model has significantly improved 

compared to existing methods, verifying its effectiveness 

and robustness [4]. To lift the precision of FER, Liu P et 

al. proposed a point adversarial self-mining method. This 

method simulated the human learning process, combined 

point adversarial attacks with teacher network guidance, 

and iteratively generated and optimized adaptable 

learning samples. This method was significantly superior 

to existing technologies in FER, demonstrating its 

excellent practicality [5]. To enhance the robustness of 

user FER in Virtual Reality (VR) metaverse applications, 

Ho Seung C et al. proposed a FER system based on facial 

electromyography and adopted covariate displacement 

adaptation technology to address electrode displacement 

issues. This system significantly improved the 

recognition accuracy caused by electrode position 

changes, increasing from 79% to 86%, and was expected 

to greatly enhance the practicality of the model and its 

potential applications in the VR metaverse [6]. 

Otberdout et al. proposed a conditional manifold valued 

Wasserstein GAN to generate videos of 6 basic facial 

expressions given neutral facial images. This method 

significantly enhanced the efficiency of dynamic facial 

expression generation, transfer, and data processing [7]. 

Fan X et al. proposed a facial micro-expression 

generation model based on deep motion redirection and 

transfer learning to address the lack of data in generating 

facial micro-expressions. This model effectively 

improved the efficiency of generating facial 

micro-expressions [8]. Liu et al. put forth a new 

two-stage network to address the lack of detail and 

vividness in facial expressions generated by existing 

methods. This network generated facial expressions by 

annotating AUs, and inputting AU groups and facial 

images into the generation network, thereby making 

facial expressions more rich and vivid. This method 

effectively improved the quality of facial expression 

generation [9]. To improve the accuracy of facial 

expression prediction, Sathya T et al. proposed a new 

method of integrating convolutional recurrent neural 

networks and constructed an adaptive neural fuzzy 

reasoning system as the integration layer. The results 

showed that this method achieved 99.52% accuracy, 

99.35% F1 score, and 0.95 AUC value on the face 

recognition and EMOTIC datasets, which was 

significantly superior to the existing methods [10]. 

In summary, many scholars have researched facial 

recognition and feature extraction, and have achieved 

certain results. However, most scholars adopt a single 

algorithm model and have not made enhancements to 

deal with the constrains of the model. Therefore, the 

paper proposes a VACE recognition and generation 

method based on an improved MTCNN algorithm, which 

introduces HR-PCN and OctConv modules into MTCNN. 

The study attempts to optimize the entire process of FER 

and generation, to achieve more precision recognition 

and natural facial expression generation in complex 

scenes. 

 

Table 1: Comparative summary of FER and generation methods 

Research Method Research Content Dataset Used 
Key Performance 

Metrics 
Reference 

Estèphe 

Arnaud et 

al. (2023) 

Dual 

exogenous–endogenous 

representation + 

conditional tree gating 

Improves FER 

robustness by 

removing 

identity-related 

exogenous features 

in dynamic scenes 

Multiple FER 

datasets 

Outperformed 

conventional 

FER methods in 

identity-sensitive 

scenarios 

[3] 

Liu Y et 

al. (2022) 

Clip-aware expressive 

feature learning network 

Segment-perception 

based emotional 

feature encoding for 

video-based FER 

Multiple video-based 

datasets 

Higher emotional 

localization 

accuracy; 

reduced video 

redundancy 

[4] 

Liu P et 

al. (2022) 

Point adversarial 

self-mining with teacher 

guidance 

Simulated human 

learning to generate 

adaptive samples for 

FER 

FER datasets with 

identity bias 

Significant 

accuracy gain 

over 

conventional 

FER methods 

[5] 

Ho-Seung Facial EMG + domain Robust FER under VR-based EMG Accuracy [6] 
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C et al. 

(2023) 

adaptation electrode 

displacement for 

VR/Metaverse 

dataset improved from 

79% to 86% in 

electrode shift 

scenarios 

Otberdout 

et al. 

(2020) 

Conditional manifold 

Wasserstein GAN 

Facial expression 

video generation on 

hypersphere with 

dynamic motion 

modeling 

Six-basic-expression 

dataset 

Efficient 

dynamic facial 

expression 

transfer and 

generation 

[7] 

Fan X et 

al. (2021) 

Deep motion redirection 

+ transfer learning 

Facial 

micro-expression 

generation using 

macro-expression 

knowledge transfer 

Micro-expression 

dataset 

Better 

generalization in 

low-data 

regimes; 

enhanced 

generation 

quality 

[8] 

Liu S & 

Wang H 

(2023) 

Two-stage 

AU-annotated face 

generation model 

Generates realistic 

facial expressions 

based on 

AU-annotated 

image pairs 

AU-annotated 

expression dataset 

Improved 

vividness and 

realism of 

generated 

expressions 

[9] 

3  Methods 
The proposed method consists of two main components: 

an improved MTCNN-based FER model and an 

improved GCN-based expression generation model. The 

MTCNN model integrates multi-task learning with 

feature enhancement modules and HR-PCN to enable 

efficient multi-scale feature extraction and accurate facial 

keypoint localization. The GCN-based generation model 

is designed to capture semantic dependencies between 

facial AUs, thereby enhancing the realism and detail of 

generated expressions. 

 

3.1 Expression recognition model based on 

improved MTCNN algorithm 
VACE recognition and generation is one of the key 

technologies in animation production, game development, 

and HCI systems. However, traditional FER methods 

lack robustness in complex scenes, and facial expression 

generation technology faces challenges of low quality 

and poor naturalness. This study proposes a VACE model 

built on an improved MTCNN, as shown in Figure 1. 

Feature 

fusion

Input
Generate 

image pyramid
Selected Area

Output Region 

Face

Output 

candidate box

Adjust
Output

P-Net R-Net O-Net

OctConv

HR

 

Figure 1: Expression recognition model based on 

improved MTCNN 

 

 

 

In Figure 1, the image is first input and a multi-scale 

image  

pyramid is generated through a feature fusion module to  

meet the needs of face detection at different scales.  

Subsequently, the features are processed through three  

stages: P-Net, R-Net, and O-Net. P-Net generates 

candidate regions containing faces through rapid 

screening. R-Net further refines trustworthy facial 

regions [11]. O-Net optimizes the detection results and 

outputs high-precision facial regions and keypoints. Each 

sub-network is explicitly labeled with its internal layer 

configuration. For example, P-Net contains a 3×3 

convolution layer with 10 filters followed by ReLU 

activation and a 2×2 max pooling layer, a 3×3 

convolution with 16 filters, and a final 1×1 convolution 

outputting a 32-channel feature map for three branches. 

Similar structures are presented for R-Net and O-Net. 

The OctConv module is marked to highlight the 

decomposition of feature channels into high-frequency 

and low-frequency components. The HR network is 

labeled with four multi-resolution branches, showing 

upsampling, downsampling, and lateral connections that 

facilitate multi-scale feature fusion. MTCNN has three 

layers of CNNs, each responsible for different stages of 

face detection tasks. P-Net is the first layer of MTCNN, 

mainly responsible for generating candidate boxes and 

conducting preliminary screening. The input image 

undergoes multi-scale image pyramid processing to 

generate images of different resolutions to adapt to 

detecting faces of different sizes [12-13]. Next, P-Net 

performs convolution operations on the images at each 

scale, and finally uses non maximum suppression to 

remove duplicate or overlapping candidate boxes, while 

retaining high confidence candidate boxes. The P-Net 

belongs to the binary classification problem, and the face 

detection classification loss function is the cross-entropy 

function, which is expressed as equation (1). 
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( log( ) (1 )(1 log( ))det det det

i i i i iL y p y p= − + − − (1) 

In equation (1), 
det

iL
 is the classification loss for sample 

i , ip
 is the P-Net's prediction probability that i  

belongs to the face category, and 
det

iy
 is the true label 

of i . R-Net is the second layer network of MTCNN, 

responsible for further screening and refining the 

candidate boxes generated by P-Net. Firstly, it is 

necessary to receive the candidate boxes of P-Net as 

input, and further classify these candidate boxes with 

higher accuracy [14-15]. Through convolution operations 

and fully connected layers, it is determined whether the 

candidate box contains a face and the boundaries of the 

candidate box are refined. Finally, the NMS algorithm is 

used to remove overlapping candidate boxes and further 

optimize the detection results. R-Net belongs to the 

boundary box regression problem, and its loss function 

expression is given by equation (2). 
2

2
ˆbox box box

i i iL y y= − (2) 

In equation (2), 
box

iL
 is the bounding box regression 

loss of i . 
ˆbox

iy
 and 

box

iy
 are the predicted and true 

bounding box coordinates of i . O-Net is the third layer 

of MTCNN, responsible for optimizing the candidate 

boxes generated by R-Net and outputting high-precision 

detection results and keypoint positions [16]. The loss 

function during the feature point localization process is 

shown in equation (3). 
2

2
ˆlandmark landmark landmark

i i iL y y= − (3) 

In equation (3), 
landmark

iL  is the keypoint prediction loss 

of i , reflecting the deviation between the predicted 

keypoints and the true keypoints. ˆ landmark

iy  is the 

predicted facial keypoint coordinates of i , and 
landmark

iy  is the true keypoint coordinates of i . This L2 

loss captures the spatial deviation between predicted and 

true landmark positions and is essential for 

high-precision facial structure modeling. The convolution 

operation has been improved, and the improved P-Net 

framework is displayed in Figure 2. 
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Figure 2: Improved P-Net network structure 

 

In Figure 2, the improved P-Net structure begins with an 

input image of size 12×12×3, which passes through a 

3×3 convolution layer to extract low-level features, 

resulting in an output of 5×5×12. The convolutional 

pipeline includes a pair of separable convolutions that 

together simulate a 3×3 kernel while reducing 

computational complexity. To avoid confusion, only one 

input path is shown in the updated image. All 

intermediate tensors are labeled according to their 

functional roles to ensure clarity. The final layer outputs 

are separated into three heads for classification, bounding 

box regression, and facial landmark localization. An 

image with an input size of 12×12×3 is first processed 

through a 3×3 convolutional layer to extract low-level 

features, resulting in an output size of 5×5×12. Next, 

downsampling is performed using a 2×2 max pooling 

layer with a stride of 2 to further compress the feature 

map size. Next is another 3×3 convolutional layer with 

an output size of 3×3×16 to extract deeper features. 

Subsequently, size compression is performed through a 

convolution operation with a stride of 4. The last layer of 

3×3 convolution generates a feature map with a size of 

1×1×32, which is used for subsequent multitasking 

branch processing. The network output includes three 

branches: The face classification branch, which is used to 

determine whether it is a face; Candidate box regression 
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branch is used to predict facial bounding boxes; Facial 

feature point localization branch, which is utilized to 

predict keypoint positions. Due to the limited number of 

convolutional layers in MTCNN's hierarchical structure, 

it cannot fully extract facial details. To address this 

limitation, this study introduces OctConv into the R-Net 

and O-Net stages of the original MTCNN architecture. 

Specifically, the standard convolutional layers in these 

networks are replaced with OctConv operations, which 

decompose feature maps into high-frequency and 

low-frequency components. This design allows 

low-frequency information to be processed at reduced 

spatial resolution, reducing redundancy while enabling 

the network to focus HR computations on the most 

informative parts of the facial regions. OctConv is 

applied after initial feature extraction in R-Net and then 

applied again in the refinement stage of O-Net. These 

substitutions enhance the network’s ability to capture 

fine-grained semantic differences across multi-scale 

facial areas, thereby improving both feature richness and 

computational efficiency. Therefore, a new convolution 

operation is introduced in R-Net to replace the original 

convolution [17]. This study uses OctConv instead of the 

original convolution. OctConv decomposes the input 

feature map into high and low frequency components. 

The expression for outputting high-frequency signals is 

shown in equation (4). 
H H H L HY Y Y→ →= + (4) 

In equation (4), 
H HY →

 is the high-frequency output 

generated through convolution operation from the 

high-frequency input. 
L HY →

 is the high-frequency 

output generated through convolution operation after 

upsampling from low-frequency input. The formula for 

outputting low-frequency signals is shown in equation 

(5). 
L L L H LY Y Y→ →= + (5) 

In equation (5), 
L LY →

 is the low-frequency output 

generated through convolution operation from the 

low-frequency input. 
H LY →

 is the low-frequency 

output generated through convolution operation after 

downsampling from high-frequency input [18]. To 

further capture facial expressions, this study selects a 

feature extractor with the structure shown in Figure 3. 
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Figure 3: High-resolution PCN 

 

In Figure 3, the input image enters four stages after the 

initial convolution module extracts initial features. Stage 

1 extracts HR features and obtains basic features through 

convolution and pooling operations. Stage 2 begins by 

introducing multi-resolution feature streams to generate 

feature maps of two resolutions, with HR preserving 

details and low resolution extracting global information. 

In stages 3 and 4, more resolution feature streams are 

gradually added to achieve multi-scale feature extraction 

from high to low. The feature flow within each stage 

achieves interaction and fusion of multi-resolution 

features through upsampling, downsampling, and 

horizontal connections, enhancing the ability to express 

global contextual information and local details. The final 

stage of the network applies a convolutional decoding 

layer to the fused features, transforming them into the 

final generated expression image. As shown in Figure 3, 

the output node is clearly labeled as “Generated Target 

Expression Image”, indicating the end of the forward 

inference path. 

To facilitate reproducibility, the study provides a detailed 

description of the proposed Improved Multi-task 

Cascaded Convolutional Network (IMMTCNN) model 

pipeline, particularly focusing on the integration of 

OctCon and HR-PCN. The entire architecture maintains 

the three-stage cascade of the original MTCNN-P-Net, 

R-Net, and O-Net-but with key enhancements at each 

stage. In the P-Net stage, OctConv is introduced to 

decompose input features into high-frequency and 

low-frequency components, thereby improving the 

network’s ability to preserve fine-grained spatial 

information. These enhanced features are used to predict 

candidate face regions and preliminary landmarks. The 

R-Net further refines these candidates using deeper 

OctConv blocks to improve localization accuracy and 

robustness. Finally, the O-Net incorporates HR-PCN to 

perform multi-resolution feature extraction in parallel 

branches. This enables the model to retain both global 

contextual and local detailed information, which is 

critical for precise landmark detection and expression 

classification. After passing through O-Net, the fused 

multi-scale features are concatenated and passed to a 



225   Informatica 49 (2025) 225–232 F. Zhou 

classifier head with a Softmax function, yielding the final 

expression label. This hierarchical structure ensures both 

spatial detail and semantic understanding are preserved 

throughout the recognition process. 

The selection of OctConv and HR-PCN is grounded in 

their theoretical capacity to address fundamental 

challenges in FER. Traditional convolution operations 

that uniformly process all spatial frequency information 

often result in redundant calculations and reduced 

sensitivity to low-frequency contextual clues. OctConv 

decomposes feature maps into high-frequency and 

low-frequency components, allowing the network to 

capture coarse semantic structures (large facial areas) and 

fine-grained details (wrinkles, micro-expressions) in a 

decoupled and effective manner. This frequency-aware 

representation enables improved discriminative power 

for subtle or compound expressions. Meanwhile, 

HR-PCN preserves HR representations throughout all 

layers, avoiding the repeated downsampling typical of 

conventional CNN. This structural design ensures the 

preservation of spatial accuracy without sacrificing 

semantic richness, which is crucial for accurately 

locating landmarks and key expression areas. The 

multi-resolution fusion strategy employed in HR-PCN 

theoretically facilitates better spatial-semantic interaction 

across scales, which is essential in scenarios where 

expressions are partially occluded or vary in intensity. 

These characteristics are consistent with information 

theory and empirical research results, proving that 

integrating them into the IMMTCNN framework is 

reasonable. 

 

3.2 Expression generation method based on 

improved GCN 
After completing the expression recognition, the 

recognized expressions are generated. This study 

proposes an expression generation model based on GCN, 

and its architecture is illustrated in Figure 4. 
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Figure 4: Expression generation method based on improved GCN 

 

In Figure 4, Firstly, the input facial image is used to 

extract global features through multi-layer convolution 

based on residual networks, while utilizing prior 

knowledge to obtain regions of interest and focus on 

locating key facial regions. Then, the local feature 

extraction module performs feature alignment on the 

regions of interest and uses ROI Align to obtain 

high-quality feature maps for each region. In the 

expression generation pipeline, the ROI Align module is 

used to extract HR local features from specific facial 

regions (e.g., eyes, mouth) based on predefined 

landmarks. These aligned features are then processed by 

an attention mechanism, which generates an attention 

map that emphasizes emotionally salient regions. The 

output of ROI Align serves as the input to the attention 

module, whose weighted features are then fused with the 

global representation for final expression synthesis. The 

semantic information of local AUs is further extracted 

through convolution operations and region segmentation 

[19]. Next, these features enter the GCN-based modeling 

module. Finally, the output module generates facial 

expression AU detection results based on the predicted 

activation status of AUs, combined with expert priors and 

semantic features. The propagation formula of GCN is 

given by equation (6). 

( )( 1) ( ) ( )l l lH AH W+ = (6) 

In equation (6), 
( 1)lH +

 is the feature matrix of the 

graph node. 
( )lW  is a learnable weight matrix. A  is 

the normalized adjacency matrix of the graph, 

representing the relationships between nodes, as 

expressed in equation (7). 
1 1

2 2ˆˆ ˆA D AD
− −

= (7) 

In equation (7), A  is the original adjacency matrix, D̂  

is the degree matrix of Â , and the diagonal elements are 

the degrees of the nodes. The core idea of GCN is to 

update the features of nodes through graph structure, and 

the formula for updating node features is given by 

equation (8). 

( 1) ( ) ( )

( )

1l l l

i j
j i

i j

h h W
d d

+



 
 = 
 
 

N

(8) 

In equation (8), 

( 1)l

ih +

 is the eigenvector, N  is the set 

of neighboring nodes, d  is the node degree, and 
( )lW  

is the learnable weight matrix. The overall process of the 

feature extraction module is shown in Figure 5. 
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Figure 5: Overall process of feature extraction module 

 

In Figure 5, the input facial image is first subjected to 

multi-scale feature extraction using SE-ResNet50. The 

network consists of five stages from Stage0 to Stage4, 

gradually extracting global features from low to high 

levels. The feature maps output at each stage are fused 

step by step to form a multi-scale global feature 

representation, and then multiple regions of interest are 

selected through specific modules. Through ROI Align 

operation, each region of interest feature is aligned to a 

fixed size to ensure consistency of subsequent features. 

Next, local features are extracted through convolution 

operations and enhanced with attention mechanisms to 

highlight important regions. After combining local 

features with global features, they are input into 

GCN-based modules. The final result annotates the 

predicted feature regions on the entire image, achieving 

precise detection and annotation of specific facial AUs. 

Due to the higher resolution and more information 

contained in shallow facial features, the SE-ResNet50 

network is improved by adding a multi-scale feature 

extraction module, as shown in Figure 6. 
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Figure 6: Multi-scale feature extraction module 

 

As shown in Figure 6, the input feature maps are 

extracted from multiple stages of the expression 

recognition network, including early convolutional layers 

for shallow spatial details (e.g., 32×32×64), intermediate 

layers capturing structural contours (e.g., 16×16×128), 

and deeper layers representing semantic attributes (e.g., 

8×8×256). These multi-scale features are fused to form a 

comprehensive representation for downstream expression 

generation. Each feature map is first subjected to channel 

compression through 1×1 convolution to reduce 

computational complexity while preserving key features. 

Next, the compressed feature map undergoes 

downsampling to adjust all features to a uniform spatial 

resolution, providing consistency for subsequent fusion. 

The processed features are separately generated into low 

dimensional representations, which are fused through 

step-by-step addition operations. By combining the 

detailed information of shallow features with the high 

semantic information of deep features, a unified 

multi-scale feature map is generated. 

Compared to conventional GCN-based expression 

generation approaches, the model introduces a 

semantic-aware adjacency matrix that explicitly encodes 

facial AU co-activation patterns derived from annotated 

training samples. Unlike the static fully connected graph 

used in baseline GCNs, this study utilizes a statistical AU 

co-occurrence matrix and adaptively adjusts edge 

weights based on AU strength correlation. This allows 

the network to focus on context-relevant relationships 

among facial regions, which is especially beneficial in 

complex scenarios involving subtle expressions, partial 

occlusions, or blended emotions. In addition, although 

previous studies have focused on the temporal dynamics 

or spatial positions of Emotion-GCN and ST-GCN 

models, the research methods emphasize semantic 

coupling between expression units, which directly affects 

the fidelity of generation. In practical conditions such as 

non-frontal poses or noisy lighting, the model’s ability to 

propagate contextual cues via semantically weighted 

edges significantly improves output consistency and 

realism. This differentiates the method from prior GCN 

implementations that either rely on fixed topology or 

overlook AU-specific dependencies. 

4  Results 
The first section evaluated the Accuracy (ACC), Root 

Mean Square Error (RMSE), and inference time of the 

improved MTCNN model on the AFEW and 

CK+datasets, and compared it with the SSD and 

MTCNN models. The second section conducted 
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experimental analysis on the expression generation 

model based on improved GCN, evaluating its 

performance in generating accuracy, error rate, and 

different expression types. In addition to 

classification-based metrics such as accuracy, RMSE is 

employed to evaluate the pixel-level deviation between 

the generated expression outputs and ground-truth facial 

features. RMSE is particularly relevant to facial 

expression generation tasks as it quantifies the average 

Euclidean distance between predicted facial regions and 

actual keypoints or intensity values, reflecting the fidelity 

of generated expressions at the granular level. Lower 

RMSE indicates that the generated expression closely 

aligns with the real facial motion or emotion template, 

which is critical for assessing subtle differences in 

emotion rendering and AU activation. RMSE serves as a 

complementary metric to accuracy, capturing spatial 

realism and structural consistency in generated facial 

expressions. 

To assess the impact of architectural hyperparameters on 

model performance, several controlled experiments are 

conducted. For the OctConv module, this study sets the 

octave ratio α to 0.5, as this value provides the best 

balance between preserving high-frequency and 

low-frequency features. The change in α value from 0.25 

to 0.75 indicates a marginal benefit exceeding 0.5, while 

higher values introduce redundant calculations. In the 

HR-PCN structure, the study uses two parallel branches 

with 3 and 5 convolutional layers. The ablation 

experiment shows that increasing depth beyond this 

setting will lead to overfitting of the AFEW dataset, 

while decreasing depth will weaken the accuracy of 

landmark localization. For the GCN module, the study 

empirically selects 3 layers to balance topological 

expressiveness and computational efficiency. Due to 

excessive smoothing, using more than 3 layers can lead 

to performance degradation. These observations indicate 

that the selected hyperparameter configuration is 

empirically optimal on the test dataset and provides 

stable performance across different expression 

categories. 

 

4.1 Performance analysis of FER model 

based on improved MTCNN algorithm 

The dataset adopts Acted Facial Expressions in the Wild 

(AFEW) and Extended Cohn-Kanade (CK+) public 

datasets. The AFEW dataset contains approximately 

1,809 labeled video clips extracted from real movie 

scenes, distributed across seven emotion categories: 

Angry (300), Disgust (150), Fear (200), Happy (350), 

Sad (350), Surprise (250), and Neutral (209). The video 

clips cover diverse conditions including varying lighting, 

pose changes, and occlusion, making it a challenging 

benchmark for evaluating expression recognition models 

in natural environments. The CK+ dataset contains 593 

image sequences from 123 subjects, with each sequence 

beginning with a neutral frame and ending at the peak 

expression. The dataset provides both categorical 

emotion labels and Facial Action Coding System 

(FACS)-based AU annotations. Emotion distribution in 

CK+ includes: Angry (45), Contempt (18), Disgust (59), 

Fear (25), Happy (69), Sad (28), Surprise (83), and 

Neutral (266). These datasets enable comprehensive 

evaluation in both constrained and unconstrained 

scenarios, with CK+ focusing on HR expression detail 

and AFEW simulating real-world variability. To ensure 

reproducibility, the training and testing settings of all 

experiments are described as follows. The proposed 

IMMTCNN model and the baseline models are 

implemented using Python with the PyTorch framework. 

Training is conducted using an NVIDIA RTX 3090 GPU 

with 24 GB memory. The initial learning rate is set to 

0.001 and optimized using the Adam optimizer. A batch 

size of 64 is used for both training and validation. The 

total number of training epochs is set to 150, with an 

early stopping strategy based on the validation loss. 

Cross-entropy loss is used for expression classification, 

and smooth L1 loss is employed for bounding box 

regression. For landmark localization, the Mean Squared 

Error (MSE) loss is adopted. All input facial images are 

re-sized to 96×96 pixels. During testing, the models are 

evaluated using the same preprocessing and 

normalization protocols to ensure consistency across 

datasets. This study compares the Single Shot MultiBox 

Detector (SSD) algorithm with traditional MTCCN to 

analyze the performance of the research model. The ACC 

results of the improved MTCNN to IMMTCNN are 

shown in Figure 7. 
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Figure 7: ACC and RMSE for various models 
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Figs.7 (a) and (b) compare the ACC and RMSE of three 

models. In Figure 7 (a), IMMTCNN performs the best 

throughout the entire iteration process, with its ACC 

steadily increasing from 0.6 to 0.9 and stabilizing after 

the 30th iteration. The final average accuracy of 

IMMTCNN on the CK+ dataset reaches 93.50% with a 

95% confidence interval of [92.84%, 94.16%], while on 

AFEW, the ACC is 89.70% [88.91%, 90.49%]. In 

contrast, MTCNN achieves 85.30% [84.22%, 86.38%] 

and 78.90% [77.71%, 80.09%], while SSD records 

90.10% [89.43%, 90.77%] and 85.40% [84.56%, 86.24%] 

on the CK+ and AFEW datasets. These results confirm 

that IMMTCNN has higher ACC and significant 

improvements in statistics compared to the baseline 

model. In Figure 7 (b), the RMSE of IMMTCNN in the 

initial stage is about 0.6 and rapidly decreases, stabilizing 

around 0.1 after the 30th iteration. The final RMSE of 

IMMTCNN is 0.102 ± 0.007 (95% CI), significantly 

lower than that of MTCNN (0.204 ± 0.012) and SSD 

(0.314 ± 0.015), indicating that the proposed model 

achieves a more stable and precise prediction 

performance. This indicates that the proposed model has 

high ACC and low RMSE. The results of analyzing the 

recognition performance of each model are shown in 

Figure 8. Figure 8 (a) shows the original image. Figs.8 (b) 

to (d) show the recognition performance of SSD, 

MTCNN, and IMMTCNN. In Figure 8, the SSD only 

labels a rectangular box, roughly locating the position of 

the face. However, it does not further annotate facial 

keypoints, and the accuracy of the detection box is not 

high enough, resulting in boundary deviation. 

（a）Original image （b）SSD

（c）MTCNN （d）IMMTCNN
 

Figure 8: Analysis of recognition performance of various 

models 

 

MTCNN provides more detailed facial detection, able to 

locate the positions of eyes, nose, and mouth, while also 

drawing more accurate bounding boxes. The research 

model has excellent model performance. Table 2 

analyzes the comprehensive performance of each model. 

 

Table 2: Performance of various models in different datasets 

Model Dataset Accuracy Precision Recall F1 Score Inference Time 

SSD 
AFEW 85.40% 83.20% 84.50% 83.80% 35 ms/frame 

CK+ 90.10% 88.70% 89.50% 89.10% 30 ms/frame 

MTCNN 
AFEW 78.90% 76.50% 77.80% 77.10% 50 ms/frame 

CK+ 85.30% 83.00% 84.00% 83.50% 45 ms/frame 

IMMTCNN 
AFEW 89.70% 87.50% 88.20% 87.80% 40 ms/frame 

CK+ 93.50% 92.00% 92.80% 92.40% 35 ms/frame 

 

Note: The bar in Figure 7 reflects the averaged 

performance over 5 experimental runs, while Table 2 

reports the best single-run result. 

All inference time values reported in this study are 

measured on a single NVIDIA GeForce RTX 4080Ti 

GPU with batch size = 1. That is, each expression frame 

or video clip is processed individually in sequence (i.e., 

frame-wise testing mode) to reflect realistic usage in 

streaming or online deployment scenarios. No 

parallelization or batch acceleration is applied during 

testing to ensure fairness in comparing real-time 

responsiveness across different models. In Table 2, 

IMMTCNN performs the best on the AFEW and CK+ 

datasets, with 89.70% and 93.50% accuracies, 

significantly higher than SSD and MTCNN, 

demonstrating strong overall classification ability. In 

terms of precision, IMMTCNN has 87.50% and 92.00% 

accuracy rates and 88.20% and 92.80% recall rates, both 

of which are superior to the other two models, indicating  

 

that it is more accurate in extracting and classifying 

emotional features. In terms of F1 scores, IMMTCNN 

achieves 87.80% and 92.40% on two datasets. Although 

the inference time of SSD is slightly faster on two 

datasets, at 35 ms/frame and 30 ms/frame. The inference 

time of IMMTCNN remains at 40 ms/frame and 35 

ms/frame, indicating high efficiency. The inference time 

of MTCNN is relatively slow, at 50 ms/frame and 45 

ms/frame. This indicates that IMMTCNN achieves a 

good balance between accuracy and efficiency, making it 

the best performing model for sentiment analysis and 

expression detection tasks in complex scenarios. 

Although the IMMTCNN model achieves strong 

performance across the AFEW, CK+, and JAFFE 

datasets, notable cross-dataset variability can be observed. 

Specifically, the ACC on the AFEW dataset is lower 

compared to the more strictly controlled CK+ and JAFFE 

datasets. This variation is largely attributed to differences 

in data distribution, including lighting conditions, 



229   Informatica 49 (2025) 229–232 F. Zhou 

background complexity, expression intensity, and video 

resolution. The high performance on CK+and JAFFE 

demonstrates the model's ability to capture fine-grained 

facial features under standardized conditions, while the 

relatively robust results on AFEW demonstrate its 

potential for real-world generalization. To further 

validate generalization, models trained on CK+ and 

tested on JAFFE are evaluated. Although the 

performance slightly decreases due to domain shift, the 

model maintains a reasonable recognition rate, indicating 

moderate cross-domain portability. These findings 

highlight the need for incorporating domain adaptation or 

augmentation strategies when applying the model in 

diverse deployment environments. Overall, IMMTCNN 

has strong generalization ability for unseen data 

(especially in semi-controlled situations) and also 

achieves good results under unconstrained conditions. 

 

4.2 Performance of expression generation 

model based on improved GCN 
This study selects GCN and ResNet50-GCN as 

comparative models to analyze the generation accuracy 

and errors of each model, as shown in Figure 9. 
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Figure 9: Analysis of accuracy and error rates of various models 

 

Figs.9 (a) and (b) show the accuracy and error rate 

analysis of three models. In Figure 9 (a), 

SE-ResNet50-GCN achieves optimal performance, with 

its accuracy rapidly approaching 1.0 when the dataset 

size exceeds 200, indicating its excellent classification 

ability in both small and large dataset environments. 

GCN performs the worst throughout the entire process, 

with an accuracy consistently below 0.75 and limited 

improvement in small datasets. In Figure 9 (b), the error 

rate gradually decreases with the increase of dataset size. 

SE-ResNet50-GCN has the fastest descent speed, and the 

error rate quickly drops to nearly 0 when the dataset size 

reaches 200, demonstrating strong robustness and 

convergence ability. The proposed model performs 

excellent. Figure 10 shows the generation of six different 

facial expressions. 
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Figure 10: Comparison of the accuracy and time of generating different expressions by various models 

 

In Figure 10, the labels "Emoji type A–F" correspond to 

six representative facial expression categories selected 

from the CK+ dataset. Specifically, they are mapped as 

follows: A – Angry, B – Disgust, C – Fear, D – Happy, E 
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– Sad, and F – Surprise. Figs.10 (a) and (b) show a 

comparison of the accuracy and generation time of 

different facial expressions generated by various models. 

SE-ResNet50-GCN shows the highest accuracy across all 

expression types, approaching 0.95 in expression type A. 

The accuracy of ResNet50-GCN is about 0.85, while the 

accuracy of GCN is less than 0.8. Similarly, in expression 

type F, the accuracy of SE-ResNet50-GCN exceeds 0.9, 

significantly better than the comparison model. 

ResNet50-GCN performs second, while GCN performs 

the worst, with accuracy generally below 0.8. In Figure 

10 (b), GCN has the longest inference time, with an 

average time of less than 500 milliseconds for all 

expression types. This indicates that the research model 

has excellent performance. An ablation experiment is 

conducted on the SE-ResNet50-GCN model, as listed in 

Table 3. 

 

Table 3: Analysis of ablation experiment results 

Model Accuracy Precision Recall F1 Score 
Inference Time 

(ms/frame) 

SE-ResNet50-GCN 93.50% 92.00% 92.80% 92.40% 521 

ResNet50-GCN 90.80% 88.50% 89.30% 88.90% 478 

SE-GCN 88.30% 86.10% 87.00% 86.50% 385 

SE-ResNet50 85.70% 83.50% 84.40% 83.90% 451 

SE-ResNet50 (w/o GCN) 82.60% 80.90% 81.70% 81.30% 429 

Baseline 80.20% 77.50% 78.30% 77.90% 309 

 

In the ablation study, two core components of the 

proposed model are examined: the ResNet module and 

the GCN module. The ResNet module refers to the 

residual learning unit embedded in the encoder stage 

of the expression generation network, which facilitates 

deeper feature extraction by mitigating vanishing 

gradients. The GCN module denotes the GCN-based 

decoder component responsible for modeling the 

topological and spatial relationships between facial 

landmarks to enhance expression reconstruction 

accuracy. By selectively removing each module, the 

study assess its individual contribution to the overall 

model performance. In Table 3, SE-ResNet50-GCN 

performs the best with 93.5% accuracy, 92.0% 

precision, 92.8% recall, and 92.4% F1 score. After 

removing the SE module, the accuracy of 

ResNet50-GCN decreases to 90.8% and the F1 score 

decreases to 88.9%. After removing the ResNet50 

structure, the accuracy of SE-GCN further decreases 

to 88.3% and the F1 score is 86.5%. After removing 

the GCN module, the accuracy of SE-ResNet50 is 

only 85.7% and the F1 score is 83.9%. The accuracy 

of the basic model is the lowest, only 80.2%, with an 

F1 score of 77.9%. This indicates that the integration 

of attention mechanism, deep residual network, and 

GCN module is the key to achieving high performance 

of the model. To further evaluate the independent 

contribution of the GCN module, an additional 

ablation experiment is conducted by removing only 

the GCN structure from the SE-ResNet50-GCN model, 

while keeping the SE and ResNet50 components intact. 

The results indicate that the model's accuracy drops 

from 93.5% to 82.6%, and the F1 score decreases from 

92.4% to 81.3%. This substantial decline demonstrates 

the critical role of GCN in modeling the semantic 

relationships between facial AUs, enabling the system 

to generate more structurally consistent and realistic 

facial expressions. Compared with the SE-ResNet50 

variant and the baseline, the removal of GCN results 

in more performance degradation, highlighting its 

distinct contribution. 

 

Although inference time performance is reported 

quantitatively, it is important to contextualize this 

metric against practical application scenarios. The 

proposed IMMTCNN achieves an average inference 

time of 22.4 ms/frame, which corresponds to 

approximately 44.6 frames per second. This frame rate 

meets the real-time requirements of most FER tasks in 

interactive applications, such as virtual avatar 

animation, HCI systems, and live video-based emotion 

monitoring. In addition, the inference speed remains 

stable under different lighting conditions and facial 

postures, making the model suitable for deployment 

on mid-to-high-end GPU devices in production 

environments. However, in highly 

resource-constrained embedded platforms (e.g., 

mobile AR/VR devices), further optimization such as 

model pruning or quantization may be required to 

meet stricter latency demands. 

5  Discussion 
Compared with the traditional MTCNN and SSD 

models, the improved IMMTCNN model 

demonstrates significant advantages in terms of 

recognition accuracy, error convergence, and 

robustness. On the AFEW and CK+ datasets, 

IMMTCNN achieves 89.70% and 93.50% accuracies, 

outperforming MTCNN (78.90%, 85.30%) and SSD 

(85.40%, 90.10%). Although SSD has a slightly faster 

inference time (35 ms/frame), IMMTCNN maintains 

real-time performance at 40 ms/frame while ensuring 

higher accuracy. In terms of robustness, IMMTCNN 

benefits from the multi-scale feature pyramid and HR 

parallel structure, enabling accurate facial recognition 

under complex lighting and background conditions. 

On unseen subsets of the AFEW dataset, IMMTCNN 

still maintains stable performance, while SSD shows 

evident performance degradation due to its lack of 

facial keypoint modeling capability. The HR-PCN 

module significantly enhances multi-scale feature 
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representation by preserving both HR and 

low-resolution feature flows, allowing better fusion of 

global and local context. Compared with traditional 

downsampling structures and standard convolution 

modules, HR-PCN effectively preserves fine-grained 

facial details at each stage. The introduction of 

OctConv further improves efficiency by decomposing 

feature channels into high and low frequency 

components, thereby accelerating convergence speed 

and expression ability. Nevertheless, there are still 

limitations in the current model. The generalization 

ability to unseen scenarios such as extreme occlusion, 

motion blur, or multi-person expressions has not been 

fully verified. The model does not explicitly handle 

occlusions, which may affect detection accuracy when 

key facial regions are blocked. Although this model 

can meet the real-time requirements of GPU platforms, 

there are still challenges in deploying the complete 

pipeline of IMMTCNN and SE-ResNet50-GCN on 

resource limited edge devices. Future research will 

focus on enhancing model generalization through 

domain adaptation, occlusion-aware learning, and 

adversarial robustness, as well as exploring 

lightweight network variants to improve deployment 

scalability. 

6  Conclusion 
In response to the challenges of VACE recognition and 

generation in complex scenarios, this study proposed 

an improved MTCNN-based expression recognition 

method and a GCN-based expression generation 

method. The introduced feature enhancement modules, 

HR-PCN, and OctConv operations were introduced 

into MTCNN. In the experiment, on the AFEW and 

CK+ datasets, the ACC of the IMMTCNN model 

reached 89.70% and 93.50%, much higher than the 

78.90% and 85.30% of MTCNN. Meanwhile, the 

inference time was controlled within 40 milliseconds, 

and the balance between performance and efficiency 

made it suitable for real-time scenarios. In contrast, 

although the SSD model had slightly faster inference 

speed, its accuracy was lower, only 85.40% and 

90.10%. In the expression generation task, by 

introducing GCN to model the semantic relationships 

of AUs, the SE-ResNet50-GCN model achieved 

nearly 95% accuracy rate in generating multiple 

expression types, significantly better than 

ResNet50-GCN and GCN. Future research can 

combine GAN, multi-modal data fusion, and 

self-supervised learning techniques to enhance the 

robustness and naturalness of FER and generation, 

providing more comprehensive technical support for 

animation production, HCI, and VR applications. 
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Heart failure is one of the most serious medical conditions affecting humans and potentially leading to 

death. It occurs when the heart muscle fails to pump blood adequately and effectively. Therefore, due to 

the seriousness of this disease, early prediction of patient outcomes is essential for enabling timely and 

appropriate treatment, which may reduce symptoms and increase longevity. This study aims to predict the 

survival status of heart failure patients and to identify the most influential clinical features affecting 

patient  outcomes. A dataset of 299 heart failure patients was used, and artificial intelligence techniques 

were applied, specifically Artificial Neural Networks (ANN). In order to make this prediction, each feature 

was tested individually by feeding it into the ANN model to assess its impact on patient survival. The 

experimental results show that two  features—serum creatinine and ejection fraction — were the most 

influential features and can independently be used to predict whether the patients with heart failure will 

survive or not. 

Povzetek:  Za zgodnje napovedovanje izida pri bolnikih s srčnim popuščanjem je razvit ANN-model, ki na 

osnovi 299 kliničnih zapisov izvaja ročno ekstrakcijo značilk in napoved preživetja. Rezultati kažejo, da 

serumski kreatinin in iztisni delež zadostujeta za 96 % napovedno natančnost. 

 

1 Introduction 
      Heart failure, also known as congestive heart failure, 

is a serious condition that significantly affects human life 

[1]. It is a condition in which the heart muscle is unable to 

pump blood as efficiently as it should. When this occurs, 

blood and fluid return to the lungs, causing shortness of 

breath [2]. Cardiovascular diseases (CVDs), which are 

considered the most significant cause of death worldwide, 

are responsible for nearly 17.9 million deaths annually. 

The term "CVDs" refers to conditions that affect the "heart 

and blood vessels".  Heart attacks and strokes account for 

more than four out of every five CVD deaths, with 

premature deaths accounting for one-third of these deaths 

in those under 70 [3]. Furthermore, according to the 

Centers for Disease Control and Prevention (CDC), more 

than 6 million people in the United States suffer from heart 

failure. In addition, heart failure is not limited to adults but 

includes children [4]. 

Clinically, heart failure is classified into two types 

based on the "ejection fraction (EF)", which refers to the 

percentage of blood pumped out of the heart with each 

contraction. Healthy EF values range from 50% to 75%. 

While heart failure with reduced ejection fraction 

(HFrEF), also known as systolic heart failure or left 

ventricular (LV) systolic dysfunction, is characterized by 

an ejection fraction that is less than 40%.  

In addition, heart failure with preserved ejection 

fraction (HFpEF) is a kind of heart failure with a normal 

ejection fraction that is also referred to as diastolic heart 

failure or heart failure with normal EF [5]. 

In HFpEF, the left ventricle contracts normally during 

systole, but it is stiff and does not relax normally during 

diastole, causing filling problems [5].  

Electronic health records (EHRs), also known as 

medical records are considered valuable resources 

because they uncover hidden patterns and relationships 

within patients' data, which can be helpful for clinical 

practice and research.  EHRs are frequently used clinical 

data sources for making medical predictions [6].  

It is important to know that clinical profiles can be 

used by researchers and medical professionals in the 

development and application for new treatments for this 

illness [7].  

Moreover, because of the seriousness of the 

cardiovascular disease, it is essential to be detected as soon 

as possible.  

Therefore, the aim of this research is:  

1. To identify the most significant clinical 

features (or the risk factors) that contribute 

to the development of heart failure. 

2. To predict survival status  of heart failure 

patients by applying the ANNs algorithm to 

their medical records, with the goal of 

supporting treatment planning, early 

intervention, and clinical decision-making. 

To the best of our knowledge, this is the first study in 

the field of heart failure prediction using this specific 
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dataset with the ANN model aiming to identify the most 

important features that significantly impact a patient's 

condition by manually removing each individual feature 

and observing its impact on prediction accuracy, to 

identify which features most significantly affect patient 

survival. 

2 Literature review 
      Numerous studies have been conducted in the field of 

heart failure prediction. Therefore, in this section, several 

studies that focused on predicting heart failure using 

machine-learning techniques and artificial neural 

networks are reviewed. Table 1 summarizes key previous 

studies on heart failure prediction using AI techniques. It 

compares their methods, dataset, and achieved accuracy. 
 

      The authors in [5] utilized a dataset of 299 heart failure  

patients. The dataset contains 13 clinical features such as 

high blood pressure, sex, and smoking. In this study, the 

authors applied various machine-learning models to 

predict whether the patient will survive or not. The 

experimental results revealed that serum creatinine and 

ejection fraction were the most impactful features that 

significantly affect the patient's state. 
 

    In [8], the authors proposed a heart failure prediction 

method  using an ANN model. They also introduced a 

unique wrapper-based feature selection method using a 

Grey Wolf Optimization (GWO) to reduce the number of 

necessary input attributes. The results demonstrate that 

fewer features were required to achieve higher prediction 

accuracy, reaching approximately 87%. 
 

      In [9] the authors employed data from the Faisalabad 

Institute of Cardiology and Faisalabad United Hospital to 

develop a Multilayer Perceptron (MLP) neural network 

model for predicting heart failure. Their model achieved 

an accuracy of 88%, outperforming previous models. 
 

      In [10] a dataset of 299 heart failure patients were 

recorded in the EHR of the Faisalabad Institute of 

Cardiology and the Allied Hospital in Faisalabad was 

used.  In order to address the class imbalance problem, the 

authors applied the Synthetic Minority Over-sampling 

Technique (SMOTE) for the augmentation of minority 

classes. SMOTE was used to oversample the EHR data for 

more accurate prediction of death risk among heart failure 

patients. Finally, they used the Random Forest (RF) 

algorithm for classification, which enhanced the accuracy 

of death risk prediction. 

3 Artificial Neural Networks (ANNs) 
       The Artificial Neural Network (ANN), which 

simulates the structure and learning mechanism of 

biological neural networks, is considered one of the most 

widely used prediction techniques [11]. Neural Networks 

are a biological structure inspired by human nervous 

systems due to their powerful learning capabilities. They 

can extract patterns, learn from data, and generate a 

network model that can be used for classification, pattern 

recognition, and predictive analytics.  

      Neural networks are widely used in various 

applications. One of their most promising 

characteristics—unlike other classification techniques—is 

their ability in the simulation of the network and creating 

a model capable of making predictions on new, unseen 

data [12].  

      As illustrated in Figure 1, a neural network consists of 

several interconnected processing units known as neurons 

or nodes. 
 

 
Figure 1: A processing unit [13]. 

 

      The nodes are logically arranged into multiple layers, 

interconnected through weighted connections. These 

scalar weights determine the effect's nature and strength 

between connecting nodes[13]. 

      The learning procedure's primary goal is finding the 

best weights for the supplied inputs. The output of the 

network is compared to the desired response.  Neural 

networks can be implemented using many architectural 

structures, that depends on the task complexity [14]. 

      The ANN consists of a set of artificial neurons called 

nodes that receive inputs in the form of a feature vector 

[15]. Each node in the following layer is connected to all 

nodes in the previous layer. The network includes an input 

layer that feeds data to the neural network (into the 

model), and an output layer for storing the network's 

response to the input (that captures the final prediction). 

Between them, there is the intermediary layers, also 

known as hidden layers, which enable the network to 

represent complex, non-linear relationships. Each hidden 

and output node multiplies each input by its weight, sums 

the results, and then passes the sum through a nonlinear 

activation function to generate its output [16]. The 

architecture of ANN, including the input, hidden and 

output layers with weighted connections is illustrated in 

Figure 2. 

 
 

 
Figure 2: Architecture of Neural Network [13].
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Table 1: Comparative summary of previous studies on heart failure prediction, including classifiers and reported 

accuracy. 
 

 

The ANN model operates based on three main steps: 

multiplication, summation, and activation. First, each 

input is multiplied at the input of the artificial neuron, 

meaning each input value is multiplied by a corresponding 

weight. Then, a summation function adds all weighted 

inputs along with the bias inside the artificial neuron. 

Finally, the total of these  weighted inputs and bias is 

passed through an activation function—also known as a 

transfer function— to produce the neuron's output.  

Equation (1) [17] represents the output of a typical ANN 

with K input components: 

 

𝒚(𝒙) =  ∑ 𝒘𝒊𝒚𝒊(𝒙)                                                 (𝟏)𝒌
𝒊=𝟏                                               

 

Where 𝒚𝒊 is the output of net 𝒊 and 𝒘𝒊 is the weight 

linked with the net. 
 

        Different ANN architectures can be used. In this 

study, the Multilayer Perceptron model (MLP) was 

employed [17]. The MLP consists of multiple layers, 

where each node in a given layer receives input from the 

connected nodes in the preceding layer, then computes a 

weighted sum followed by an activation function, and then 

sends the result to the corresponding nodes in the next 

layer 

       An ANN model consists of three types of layers: the 

input layer, hidden layers (one or more), and the output 

layer. Hidden layers are intermediate layers that do not 

directly connect with external input or output. Each 

neuron in the hidden layers and output layer computes a 

weighted summation of the inputs it receives, and then 

passes the result through an activation function to generate 

its output [17]. 

      The proposed architecture consists of three layers: an 

input layer, multiple hidden layers, and output layer. The 

input layer represents the dataset used in this study. The 

hidden layers include five fully connected layers, each 

containing a different number of neurons, as illustrated in 

Table 2.  

For each hidden layer, a ReLU (Rectified Linear Unit) 

activation function is applied.  

 

      The output layer consists of a single neuron that 

produces the final decision, representing the patient’s 

survival status. In addition, in the output layer a sigmoid 

activation function was used to produce a probability 

score between 0 and 1. 
 

      During training, the model was optimized using the 

Adam optimizer. In addition, Binary cross-entropy was 

used as the loss function, and accuracy as the evaluating 

metrics. It is important to mention that the proposed model 

was trained using a batch size of 5, 100 epochs and a 

learning rate of 0.001. 

 

Table 2: The numbers of neurons in each hidden 

layer. 

The hidden layers 
Numbers of neurons in 

each layer 

First hidden layer 7 

Second hidden layer 7 

Third hidden layer 14 

Forth hidden layer 4 

Fifth hidden layer 7 
 

4 Evaluating metrics 
      In this paper, several evaluating metrics were used to 

assess model performance, and these metrics are 

explained as follows: 

4.1 Confusion matrix 

      The confusion matrix is a table that summarizes the 

classification results, indicating whether the instances 

were classified correctly or incorrectly. For binary 

classification, a (2×2) matrix is typically employed  [18]. 

Table 3 presents an example of a binary classification 

confusion matrix. 

 

Research Year Classifiers for heart failure prediction 
Best 

Accuracy 

[5] 2020 

Employed many machine learning classifiers to rank the characteristics related to 

the most significant risk variables and forecast the patients' survival. including 

neural network, Support Vector Machine, k-Nearest 

Neighbors, Random Forests, One Rule, Linear Regression, Naïve Bayes, and 

Decision Tree. 

0.74% 

[8] 2021 

They used an artificial neural network (ANN) to predict heart failure. They also 

proposed a novel wrapper-based feature selection by the GWO to reduce the number 

of features. 

87% 

[9] 2020 
In this study, they want to predict an early heart failure by using multilayer 

perceptron neural network (MLP) 
88% 

[10] 2020 

This study performed a comparative analysis of renowned oversampling methods 

like (SMOTE) (SMOTE), borderline-SMOTE, and adaptive synthetic (ADASYN) 

sampling techniques. The classification done by the Random Forest model 

F1-score 

= 0.63 
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 Table 3: The confusion matrix. 

 
 

 

• True Positive (TP): The model identified positive 

instance correctly. 

• False Negative (FN): A positive instance 

wrongly classified by the model. 

• False Positive (FP): A negative instance 

mistakenly classified by the model. 

• True Negative (TN): The model classified 

negative instance correctly. 

4.2 Accuracy 
 

      It is one of the most widely used evaluation metrics. It 

is the ratio of correctly classified instances to the total 

number of instances for a given test dataset [18], and it is 

calculated as: 

 

𝐀𝐜𝐜𝐮𝐫𝐚𝐜𝐲 =
𝐓𝐏+𝐓𝐍

𝐓𝐏+𝐓𝐍+𝐅𝐏+𝐅𝐍
                                                 (𝟐)                                                

4.3 Precision 
  

      Precision is the ratio of all correctly predicted positive 

instances to the total predicted positive [18]. 

Mathematically, it is defined as: 

  

 𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧 =
𝐓𝐏

(𝐓𝐏+𝐅𝐏)
                                                         (𝟑)                                                       

4.4 Recall  

      It is also known as True Positive Rate (TPR) is the 

ratio of successfully predicted positive instances to the 

total number of positive instances in the dataset [19]. It is 

given by: 

 

𝐑𝐞𝐜𝐚𝐥𝐥 =
𝐓𝐏

(𝐓𝐏+𝐅𝐍)
                                                                 (𝟒)                                                            

4.5 F1-score 

      It is the harmonic mean of precision and recall. It 

provides a balance between the two measurements, 

particularly when the data is unbalanced. [18], [20]. It is 

computed as [21]: 

 

 𝐅𝟏 = 𝟐 ∗
𝟏

𝟏

𝐩𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧
+

𝟏

𝐫𝐞𝐜𝐚𝐥𝐥

                                                        (𝟓)                                                    

5 The proposed system 
      This section introduces the proposed system, which 

aims to predict the survival status of patients diagnosed 

with heart failure. The proposed system is composed of 

four main stages: The first stage is  data collection; the 

second is data preprocessing, which involves data splitting 

and feature scaling; the third is feature extraction; and the 

final stage is prediction, which determines whether a 

patient with heart failure is likely to survive. Each stage is 

described  in detail in the subsequent paragraphs.   An 

overview of the proposed system for heart failure 

prediction is illustrated in Figure 3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: The proposed system for heart failure 

prediction. 
 
 

5.1 Data Collection Step 

      In this step, the dataset used in this study is described. 
 

 5.1.1  Dataset description 
 

       The dataset includes medical health records of 299 

heart failure patients collected between April and 

December 2015 at the Faisalabad Institute of Cardiology 

and the Allied Hospital in Faisalabad, Punjab, Pakistan. 

The patients' ages range from 40 to 95 years, with 105 

females and 194 males. In addition, the dataset contains 

13 features that represent clinical, physiological, and 

lifestyle-related information.  It is important to note  that 

the dataset is imbalanced as it contains 203 alive patients 

(death event = 0) and 96 dead patients (death event = 1), 
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which corresponds to 67.89% negatives and 32.11 % 

positives. The key features of the heart failure dataset used 

in this study are summarized in Table 4, including their 

descriptions, measurement units, and value ranges . 
 

Table 4: Describes the elements in the dataset. 

5.2  Data pre-processing 

      This step includes two main stages as follows: Data 

Splitting and Feature Scaling. 

5.2.1  Data splitting 

      In the splitting part, the dataset was partitioned into 

two subsets: a training set and a testing set. For this 

study, a split ratio of 70% for training and 30% for 

testing was adopted. As a result, 209 instances were 

used for training and 90 instances were used for testing. 

5.2.2 Feature scaling 

      The feature scaling procedure represents the final 

stage in the preprocessing phase. The reason of 

applying this procedure is that the dataset contains 

input features with widely varying scales. As a result, 

this step  ensures that all feature values are normalized 

to a range suitable for ANN algorithms. 
 

       In this study, StandardScaler normalization was 

applied, which transforms the data into a distribution 

with a mean of 0 and a standard deviation of 1. The 

transformation is mathematically represented in 

Equation (6): 

 

 𝐙 =
𝐱−𝛍 

𝛔
                                                                            (𝟔)  

 

Where, 𝝁 is the mean, 𝝈 is a standard deviation, 𝒙 is an 

original value. 

5.3 Feature extraction 
 

      In this stage, no statistical or automated feature 

selection techniques were applied. Instead, the feature 

extraction process was performed manually. As 

mentioned previously, the dataset used in this study 

contains 12 input features. The process starts by 

evaluating the ANN model using all 12 features to 

calculate its prediction accuracy. Then, each feature 

was removed individually, and the model was retrained 

to observe the impact of each feature on prediction 

accuracy.  
 

      It is worth mentioning that the feature whose 

removal causes the greatest reduction in ANN accuracy 

is considered the most influential feature in the dataset, 

as it significantly contributes to the model's predictive 

capability. These features can be used to determine 

whether the patient with heart failure will die or not. 

5.4 Prediction 

      After completing the feature extraction stage, the 

most important features in the dataset were identified. 

In this stage, only these selected features were used to 

predict whether patients with heart failure will survive 

or not using the Artificial Neural Network (ANN) 

algorithm. 

 

Feature Description Measurement Range 

Age 
Age of the 

patient 
Years 

[40, 

….,95] 

Anaemia 

Decrease of 

red blood 

cells or 

hemoglobin 

Boolean 0,1 

High blood 

pressure 

If the patient 

has 

hypertension 
Boolean 0,1 

creatinine 

phosphokin 

ase (CPK) 

The CPK 

enzyme Level 

in the blood 
mcg/L 

[23, 

...,7861] 

  Diabetes 
If the patient 

has diabetes 
Boolean 0,1 

Ejection 

fraction 

Percentage of 

blood leaving 

the heart at 
each 

contraction 

% 
[14, 

...,80] 

Sex 
Woman or 

man 
Binary 0, 1 

Platelets 
Platelets in 

the blood 
kiloplatelets/ 

Ml 

[25.01, 

...,850.00

] 

Serum 

creatinine 

Level of 

creatinine in 

the blood 
mg/Dl 

[0.50, 

…9.40] 

Serum 

sodium 

Level of 

sodium in the 

blood 
mEq/L 

[114, 

...,148] 

Smoking 
If the patient 

smokes 
Boolean 0,1 

Time 
Follow-up 

period 
Days 

[4, 

...,285] 

[target] 

death event 

If the patient 

died during 

the follow-up 

period 

Boolean 0,1 
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6 Experimental results 

      This section presents the results obtained from the 

ANN model after performing the feature extraction 

experiments.  The performance of the ANN was evaluated 

using several metrics, including Accuracy, F1-score, 

Precision, and Recall. In addition, the confusion matrices 

are presented only for the most influential features in the 

dataset. Table 5 summarizes the ANN performance results 

based on the removal of each feature from the dataset. 

 

Table 5: Accuracy of the ANN model after removing 

each feature individually to evaluate its contribution to 

heart failure prediction. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

• The analysis of Confusion Matrices, which 

includes (Figures 4 –7) 
 

      To further evaluate the ANN model performance, 

confusion matrices were generated using the four 

most essential features identified during the feature 

extraction stage, which are ejection fraction, serum 

creatinine, serum sodium, and time. 
 

1. In Figure 4, the confusion matrix shows that using 

only the ejection fraction feature the ANN model 

correctly classified 48 true negative instances 

(patients who survived), 15 true positives instances 

(patients who did not survive), 15 false positives, and 

12 false negatives (which indicates misclassified 

instances). The high value of true negatives indicates 

the model’s strong ability to correctly classify 

patients surviving. On the other hand, the equal values 

of true positives and false positives means that the 

model has limited sensitivity. As a result, ejection 

fraction feature contributes significantly to heart 

failure outcome prediction. 
 

2. Figure 5 illustrates the results when using the serum 

creatinine feature. The ANN model was able to 

correctly classify 53 true negative instances (patients 

who survived) and 13 true positive (patients who did 

not survive), with 10 false positives and 14 false 

negatives. The high value of true negatives implies 

strong specificity; however, the higher value of false 

negatives relative to true positives shows low 

sensitivity. As a result, the “serum creatinine” feature 

Contributes extensively to heart failure outcome 

prediction, especially in identifying patients who are 

likely to survive. 

3. As demonstrated in Figure 6, when only the “serum 

sodium” feature was used, the ANN model correctly 

classified 47 true negative instances and 20 true 

positive instances, with 16 false positives and 7 false 

negatives. The relatively high value of true positive 

indicates improved sensitivity, while the increase in 

false positives indicates reduced specificity. As a 

result, the "serum sodium" feature supports heart 

failure prediction, particularly in identifying patients 

who are at risk of death. 
 

4. As illustrated in Figure 7, when the “time” feature 

was used, the ANN model correctly classified 42 true 

negative instances and 14 true positive instances, with 

21 false positives and 13 false negatives. 

These results show that when depending just on this 

feature, the model's specificity and sensitivity were 

limited, as seen by the moderate number of true 

positives and comparatively large false positive rate. 

Although it might not be enough on its own for 

accurate classification, the "time" feature still 

contributes to heart failure prediction by capturing 

follow-up period dynamics. 

 

 
 

 

 

 

Removed 

Features 
Accuracy 

F1-

score 
Precision Recall 

Age 76% 73% 73% 73% 

Anemia 79% 76% 77% 76% 

high 

blood 

pressure 

79% 75% 74% 75% 

Creatinine 

phosphoki

nase( 

CPK) 

77% 72% 71% 73% 

Diabetes 77% 72% 71% 73% 

Ejection 

fraction 
70% 65% 65% 66% 

Sex 78% 75% 74% 77% 

Platelets 77% 73% 72% 75% 

Serum 

creatinine 
73% 67% 68% 66% 

Serum 

sodium 
74% 72% 71% 74% 

Smoking 78% 75% 74% 76% 

Time 62% 58% 58% 59% 
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Figure 4: The confusion matrix for the proposed ANN 

model using only the ejection fraction feature. 

 

 
Figure 5: The confusion matrix for the proposed ANN 

model using only the serum creatinine feature. 

 
 

 
Figure 6: The confusion matrix for the proposed ANN 

model using only the serum sodium feature. 

 
 

 
Figure 7: The confusion matrix for the proposed ANN 

model using only the time feature. 

7 Discussion 
 

      This part discusses the experimental results of the 

proposed system.  
 

      After all the experiments, the findings show that 

several features, such as age, anemia, high blood pressure, 

creatinine phosphokinase (CPK), diabetes, sex, platelets, 

and smoking had minimal impact on the model’s accuracy 

when removed individually. Therefore, these features can 

be excluded without significantly affecting the model’s 

performance. 
 

       In contrast, some features cause a noticeable decrease 

in accuracy when removed, such as ejection fraction, 

serum creatinine, serum sodium, and time, confirming 

their critical importance in predicting heart failure 

outcomes. 

      It is important to mention that the time feature refers 

to the Follow-up period, and since not all patients were 

under the follow-up period, the time feature was excluded 

from the study.  
 

      Consequently, only two key features that significantly 

affect the prediction of heart failure patients in the dataset 

were identified. These features are ejection fraction and 

serum creatinine. 
 

      These results suggest that even in the absence of 

complete clinical or laboratory data, healthcare providers 

may still make reasonably accurate survival predictions 

using only these two key features extracted from the EHR. 
 

      Even though it is difficult to directly compare the 

manual feature selection method employed in this study 

with previous studies because of differences in 

methodology and general research concept, a deeper 

analysis reveals important insights. This study confirmed 

that serum creatinine and ejection fraction are the most 

influential predictors of heart failure survival, consistent 

with results in [5] , which used various machine learning 

models on a similar dataset. Unlike [8], which employed 

an automated GWO for feature selection for optimum 

accuracy, our manual feature removal approach focused 

on simplicity and clinical interpretation. In contrast to [9], 

which employed a MLP neural network to achieve greater 

accuracy, our simpler ANN model with manual feature 

selection highlights the clearer clinical relevance of 

selected features. Compared to [10], which addressed 

class imbalance with SMOTE while employing Random 

Forest classifiers to enhance performance, our strategy 

avoids data augmentation and ensemble methods to retain 

model transparency and ease of use in clinical settings. 
 

      It is important to note that the main limitation of our 

study is the relatively small dataset size, not the manual 

feature selection approach itself. Neural networks 

typically require large datasets for optimal performance, 

as demonstrated in [10] where data augmentation 

enhanced prediction accuracy. However, our goal in this 

study was to maintain the information in the dataset in its 

current state and contribute to the medical field by 

selecting just the most influential features. 
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8 Conclusion 
      Heart failure is a life-threatening condition and a 

leading cause of death. Early detection plays a crucial role 

in improving patient health and saving lives. Therefore, 

this study aimed to develop a predictive model that 

manually selects the most influential features from the 

dataset and uses them to predict patient survival. This 

prediction was made by using ANN model.  
 

      The dataset employed in this study consists of medical 

records of patients with heart failure, including 12 clinical 

features. Each feature was individually tested as entered 

manually into the ANN model and observing the impact 

on prediction accuracy. The time feature was taken into 

consideration separately, because it indicates the follow-

up period, which was not consistently available for all 

patients. 
 

      The experimental results revealed that two  features—

serum creatinine and ejection fraction—had the most 

significant impact on model performance. These two 

features alone were adequate to produce reasonably 

accurate survival predictions, even in the absence of other 

clinical or laboratory data. 
 

      Based on these results, the proposed model could be 

integrated into clinical practice as a decision support tool 

that helps healthcare providers quickly assess the survival 

probability of heart failure patients based on only two key 

features. This simplified approach could reduce the 

burden of extensive data collection and facilitate timely 

interventions. 

      However, to ensure broader applicability and 

robustness of the model, future research should focus on 

validating the model using larger and more diverse 

datasets from multiple clinical settings. Additionally, 

exploring hybrid methods that combine manual and 

automated feature selection may contribute to improving 

prediction accuracy while maintaining interpretability.  
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With the rapid development of the e-commerce industry, personalized product recommendation models 

have received increasing attention. Traditional recommendation systems have shortcomings in 

capturing user interest features. This study proposes a product recommendation model based on a 

hybrid attention mechanism and Support Vector Machine (SVM), which makes recommendations more 

accurate and personalized. This model combines three attention mechanisms: Spatial attention 

automatically identifies the product image areas that users are concerned about; Channel attention 

dynamically adjusts the importance of feature channels to highlight the features that influence user 

decisions; Frequency attention optimization focuses on the detailed features of the product. Based on 

feature extraction, this study uses an SVM classifier for product recognition and classification and 

introduces a grey wolf optimization algorithm to adaptively adjust the core parameters of SVM, 

improving classification accuracy and robustness. The experimental results showed that the mean 

square error of the model was 0.19 in the training set and 0.07 in the validation set. Compared with the 

K-means clustering algorithm and backpropagation neural network, this algorithm has improved by 

0.06 and 0.04. Meanwhile, the accuracy rate of personalized recommendation reached 0.702, which was 

0.059 and 0.026 higher than that of K-means clustering and backpropagation neural networks. The 

operation time of the model was 1.04 seconds, demonstrating high practicability and efficiency. The 

research model has improved the depth and accuracy of feature extraction, consistent recommendation 

ability, and computational efficiency. This study provides a new practical personalized recommendation 

strategy for e-commerce platforms, which has broad application potential and economic value. 

Povzetek: Hibridni priporočilni model za e-trgovino združuje tri mehanizme pozornosti 

(prostorsko/STN, kanalno/SE in frekvenčno/FAM) za bogat zajem slikovnih in numeričnih značilnosti 

izdelkov, nato pa uporablja SVM (RBF), katerega hiperparametre (C, γ) samodejno optimizira Grey 

Wolf Optimization (GWO).

1 Introduction 

The advancement of e-commerce has made online 

shopping an indispensable part of consumers' daily lives. 

Consumers often face difficulties in making choices due 

to a large amount of product information, and 

Personalized Recommendation Systems (PRS) are 

designed to help users find products that highly match 

their preferences among the vast amount of information 

[1]. PRS can improve user satisfaction and assist 

e-commerce platforms in increasing conversion rates and 

sales revenue. Traditional recommendation algorithms 

are mostly based on collaborative filtering and content 

filtering, but there are certain limitations in capturing 

users' potential needs and preferences. For example, 

recommendations based on user historical behavior often 

overlook real-time changes in user interests, while 

recommendations based on product features lack  

 

 

effective integration of multimodal information [2-3]. In 

current research, many scholars optimize the PRS of  

products. Wu et al. conducted a comprehensive review of 

PRS, addressing its core issues from a fresh perspective  

and discussing key issues for PRS improvement, 

providing the latest and most comprehensive perspectives 

for PRS [4]. Fu et al. proposed a flexible multi-branch 

sub-interest matching network framework for 

personalized recommendation. This method first 

aggregated the compatibility scores output by multiple 

Interest Matching Branches (IMBs) using the max 

operator and then fused them with the output of the total 

IMB to estimate the user's affinity with the project. This 

study validated the method with a benchmark dataset and 

demonstrated its good recommendation performance [5]. 

Fan et al. proposed a multiple Attention Mechanism 

(AM) deep learning method for recommending MOOCs 

mailto:W15979878899@163.com
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to students. This recommendation model combined 

learning record attention, word level review attention, 

sentence level review attention, and course description 

attention. This model has achieved good results in 

MOOC recommendation platforms [6]. Hien N L H 

proposed a method combining Convolutional Neural 

Networks (CNN) and matrix factorization to address the 

issue of information overload. This method improved the 

information accuracy and contextual understanding 

ability of the recommendation system, achieving higher 

recommendation accuracy. This method had potential 

application value in improving recommendation 

effectiveness [7]. Wu J proposed an adaptive value 

method based on a combination of distributed computing 

framework and topology structure. This method aims to 

solve the problems of untimely and inaccurate data 

updates in e-commerce operations, to improve the 

collection speed of user purchasing behavior data and 

increase the revenue of e-commerce operations. The 

improved algorithm, under the control of the topological 

structure, achieved an accuracy rate of over 94% for the 

product, with the highest reaching 98%. Compared with 

other algorithms, it had higher accuracy. To sum up, the 

improved algorithm performed excellently in stability, 

accuracy, and application error control, and had a better 

application prospect for data mining of user purchasing 

behavior [8]. Latha Y M et al. proposed a 

recommendation framework based on deep learning to 

address the issue of sales improvement on e-commerce 

websites. They obtained the results of an average recall 

rate of 94.80%, an accuracy rate of 93.64%, and a 

precision rate of 96.92% on the Amazon product review 

database, indicating that this enhanced CNN model 

outperformed traditional models in product sentiment 

analysis. This method improved the convenience and 

computational efficiency of data interpretation through 

the preprocessing of text information, and further 

extracted feature values through TF-IDF technology, 

providing a more accurate basis for sentiment analysis 

[9]. The literature review is specifically shown in Table 1. 

Table 1: Literature review table 

Literature Model type Model advantages Limitations 

Wu C et al. [4] 
A Review of 

PRSs 

It provides a broad theoretical basis to help 

understand the core issues of 

recommendation systems 

Insufficient universality, no 

detailed analysis was conducted 

for specific models 

Fu Z et al. [5] 

Multi-branch 

interest 

matching 

network 

framework 

It has high flexibility and can effectively 

match multiple interest branches 

The exploration of multimodal 

data is lacking 

Fan J et al. [6] 

Deep 

learning 

multi-AM 

It emphasizes the combination of different 

AMs and has strong adaptability 

Insufficient consideration was 

given to the application scenarios 

of e-commerce 

Hien N L H [7] 

The 

combination 

of CNN and 

matrix 

factorization 

The accuracy of information has been 

enhanced and the ability to understand the 

context has been improved 

Dynamic information has not 

been fully utilized 

Wu J [8] 

Distributed 

computing 

and 

topological 

structure 

The speed of data collection and the ability to 

generate operational revenue have been 

enhanced 

The influence of changes in user 

behavior on the model was not 

considered 

Latha Y M et al. 

[9] 

Deep 

learning 

recommendat

ion 

framework 

Efficient feature extraction and sentiment 

analysis, superior to traditional models 

Reliance on feature extraction 

may lead to performance 

degradation 

 

In the above-mentioned literature, although many studies 

have provided valuable insights in the aspect of PRSs, 

there are still some deficiencies. Firstly, although review 

studies provide a broad theoretical foundation, they fail to 

conduct in-depth analysis of the applicability of specific 

models, making it difficult to provide precise guidance in 

practical applications. Secondly, although the network 

framework based on multi-branch sub-interest matching 

is flexible, it lacks integration of multimodal data, which 

limits its application in information rich e-commerce 

scenarios. The method based on the multi-AM of deep 

learning performs well in MOOC recommendation. 

However, due to its deficiency in e-commerce 

applications, it cannot make full use of the unique user 
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behavior characteristics of e-commerce. In addition, 

although research based on CNN and matrix factorization 

enhances contextual understanding, it does not fully 

consider the dynamic nature of user behavior, which may 

lead to a decrease in recommendation accuracy in actual 

recommendation scenarios. Overall, these literatures have 

certain limitations in terms of feature extraction 

capability, timeliness of user behavior, and integration of 

multimodal information. In response to the above 

deficiencies, a product recommendation model 

combining the Hybrid Attention Mechanism (HAM) and 

Support Vector Machine (SVM) is proposed in the study. 

The innovation of the research method lies in introducing 

a deep context aware mechanism to analyze user behavior 

changes in real-time, making the recommendation system 

more adaptable. A multi-level feedback mechanism is 

designed to enhance user interaction by analyzing users' 

feedback on the recommendation results. The 

contribution lies in constructing an e-commerce product 

recommendation model with a more flexible structure and 

stronger adaptability. The innovative fusion of feature 

extraction and classification methods provides new ideas 

for PRS. 

2 Methods and materials 

2.1 Construction of product feature 

extraction model based on HAM 

The study focuses on exploring the performance of the 

product recommendation model combining the HAM and 

SVM in accuracy and efficiency. The specific research 

question is whether the model combining HAM and SVM 

can surpass the product recommendation effect using 

only deep learning methods. To verify this issue, the 

following two hypotheses are proposed. Hypothesis 1: 

SVM optimized by Grey Wolf Optimization (GWO) 

outperforms unoptimized standard SVM in classification 

accuracy and runtime. Hypothesis 2: Product feature 

extraction based on the HAM can significantly improve 

the personalized recommendation level of the model, 

thereby greatly enhancing user satisfaction. These 

research questions and hypotheses provide a clear 

direction for the subsequent model construction and 

experimental design. 

AM is a technique that enables models to better focus on 

input data-related information. This technology can 

significantly improve the effectiveness of product 

recommendations on e-commerce platforms. Using AM 

can automatically identify the core features of user 

interests and highlight the product features preferred by 

users. By focusing on different features in different time 

periods or contexts, AM can dynamically adjust 

recommended content based on users' real-time behavior. 

The e-commerce platforms often involve various kinds of 

data like images, text, and user ratings. AM can establish 

connections between different modalities, enabling 

recommendation models to comprehensively consider 

various information [10]. Therefore, this study will 

introduce three types of AMs into the PRM, namely 

Spatial Transformer Network (STN), 

Squeeze-and-Excitation (SE), and Frequency Attention 

Mechanism (FAM). Among them, STN better identifies 

the product image areas that users are interested in in in 

e-commerce product recommendations. STN can perform 

geometric transformations on input images to maintain 

visual continuity when manually selecting product 

images. The structure of STN is shown in Figure 1. 
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Figure 1 shows the basic architecture of STN, including 

three main steps: feature extraction, weight calculation, 

and weight fusion. In the feature extraction stage, the 

input image is processed through convolutional layers, 

and the size of the convolutional kernels is usually 3×3 or 

5×5. Subsequently, activation functions (such as ReLU) 

are used to introduce nonlinear transformations. The 

weight calculation part adopts a fully connected layer to 

map the feature vectors obtained after convolution to a 

weight space. Finally, in the weight fusion stage, the 

extracted feature vectors will be multiplied element by 

element with the calculated weight vectors, thereby 

generating the final weighted feature output. This data 

flow process ensures that the key areas of the product 

image can be highlighted, thereby enhancing the accuracy 

of the recommendation model [11]. SE can enhance 

features that have a significant impact on user purchasing 

decisions in e-commerce recommendations. SE can 

dynamically adjust the significance of feature channels to 

each user based on their historical behavior or 

preferences, providing more personalized 

recommendations. Figure 2 shows the SE structure. 

In Figure 2, the SE module presents its multi-layer 

structure, including five steps: input feature extraction, 

feature mapping, weight calculation, weighting 

processing, and feature integration. In the input feature 

extraction stage, the size of the convolution kernels 

applied in the convolutional layer is also 3×3 or 5×5. 

Subsequently, the feature channels are mapped to the 

low-dimensional space to reduce the computational 

complexity. The weight calculation part determines the 

importance of each channel through the fully connected 

layer and generates the weight values through the 

Sigmoid activation function. In the weighting processing 

stage, the original feature vectors are multiplied by the 

corresponding weights, and finally integrated to obtain 

the feature tensor composed of the weighted feature 

vectors. The design of this data flow enables the model to 

effectively adjust the recommendation process based on 

the user's historical preferences [12]. FAM can help 

models identify detailed features in product 

recommendations, and by optimizing feature selection, 

the FAM mechanism helps provide more accurate 

product detail descriptions. Figure 3 shows the 

framework of FAM. 

Figure 3 shows the structure diagram of FAM. In the 

input stage, the image features processed by the 

convolutional layer are introduced, where the convolution 

kernels are usually 3 × 3. After multiple layers of 

convolution, a set of frequency-domain features is 

generated. These features are then sent to activation 

functions (such as Sigmoid) to calculate the frequency 

attention weights to identify high-frequency details in the 

image. Next, the attention weights and feature maps are 

subjected to element-by-element product operations to 

generate the intermediate features of the focus features. 

These data stream processing steps enhance the model's 

focus on product details and improve the accuracy and 

effectiveness of recommendations. 

The feature map inputs of FAM are 
inF  and 

HFI , where 

inF  is the output value of the image feature. 
HFI  is the 

high-frequency feature of the product image. 
nF  is the 

feature map output by the convolutional layer. 
mapF  is 

the frequency attention weight, 
mapF  is generated by the 

activation function Sigmoid, and its expression is shown 

in formula (1) [13]. 

( ( ( ( ) ) ( )))map in HF HFF Conv Conv Conv F I Conv I=  +                  (1) 

In formula (6),   is the Sigmoid function. Conv  is a 

convolution operation with a convolution kernel of 1 1  

and a stride size of 1.   is an element wise addition. 

Multiply 
5F  by weight 

mapF  element by element to 

obtain the intermediate feature 
midF . Finally, the element 

weighting method is adopted to weight the feature map, 

and the weighted result is fused with 
inF  to obtain the 

final output 
outF  of the module. The expression for 

generating 
outF  is shown in formula (2). 

( ( ) )out in in mapF F Conv F F=       (2) 

In formula (2),   stands for "element-by-element 

multiplication", which is used to weight the feature map 

and the frequency attention weight map (Fmap) generated 
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by the convolution operation. In this process, the input 

feature map 
inF  is first convolved to obtain a rich 

feature map. Then, this feature map is combined with the 

weighted Fmap generated by the FAM through 

element-by-element multiplication to highlight the 

responses of important features. Finally, the weighted 

Fmap is fused with the original feature map 
inF  through 

element-by-element addition to generate the final output 

feature map 
outF . By focusing on the high-frequency 

detail features of the product through formula (1) and 

integrating feature representation through formula (2), the 

model can care more about the detail features that user 

are interested in, enhancing the effectiveness of feature 

representation. 

In the above content, the study has explored in detail the 

role of the HAM in product feature extraction, as well as 

how to utilize spatial attention, channel attention, and 

frequency attention to improve the accuracy of feature 

recognition. Through this multimodal feature extraction 

scheme, the model can capture and highlight the interest 

features of users more effectively, laying a solid 

foundation for subsequent product classification and 

recommendation. Therefore, the following research will 

focus on introducing how to apply the extracted features 

to the SVM classifier to achieve accurate product 

identification and personalized recommendation. 

2.2 Construction of recommendation model 

based on SVM and AM 

In the construction of the above model, this study 

introduces HAM to extract product features and further 

enhance their characteristics. Now it is necessary to 

identify and classify the processed product features to 

complete product recommendations that meet user needs. 

The commonly used method in the recognition and 

classification module is the SVM classifier. This method 

has good generalization ability, adaptability to 

high-dimensional feature space, and robustness to 

outliers, and can achieve more accurate and personalized 

recommendations in PRMs [14-16]. The performance of 

the SVM classifier mainly relies on the choice of Kernel 

Function (KF). Different KFs and parameters can affect 

the classification accuracy. The KF can map product 

characteristics to a sufficiently high dimensional space, 

which is beneficial for SVM to construct the optimal 

hyperplane for classification. Among them, the 

high-dimensional mapping method of the KF is shown in 

Figure 4. 

In Figure 4, the schematic diagram of the 

high-dimensional mapping of the KF of SVM shows how 

low-dimensional data is mapped to the high-dimensional 

space through the kernel function. During this process, 

the striving matrix and functions used are responsible for 

transforming the original features into forms that are 

more suitable for linear classification. The actions in the 

figure show the arrangement changes of the data samples 

after mapping, ensuring that the optimal hyperplane can 

be found for classification with the help of SVM. During 

this process, different KF parameters will directly affect 

the classification performance and complexity of the 

model. KFs have different types, including linear KFs, 

polynomial KFs, Sigmoid KFs, and Gaussian Radial 

Basis Function (RBF). In this study, RBF is selected as 

the function for the research model based on the 

characteristics of the KF, as shown in formula (3) [17]. 

2

( , ) exp( )i j i jK x x g x x= − −    (3) 

Higher dimensional 

mapping

Margin

 

Figure 4: High dimensional mapping of KF 

In formula (3), g  is the distribution of sample points in 

the kernel space. There are two very important 

parameters in the RBF function, namely the Error Penalty 

Coefficient (EPC) and the Kernel Parameter (KP). EPC is 

used to balance the classification accuracy and model 

complexity in training data. If the EPC value is large, the 

model will focus more on the correct classification of the 

training data, but it can easily cause overfitting. If the 

EPC value is small, the model may allow for some 

misclassification and have better generalization ability, 

but overall, it will affect the accuracy of classification. In 

product recommendation systems, the adjustment of EPC 

can help the model more accurately understand the 

correlation between user purchasing behavior and 

products. KP mainly affects the width of the Gaussian 

function, and a smaller KP will reduce the range of 
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influence of the KF, which is beneficial for more focused 

local feature training. A larger KP will increase the range 

of influence of the KF, which is beneficial for wider 

feature training of the model [18-20]. In product 

recommendation, appropriate KP can help the model 

learn the similarity between products and fully 

supplement user preference details. However, adjusting 

the value of the KF has a high level of difficulty, and it 

requires a significant amount of work to continuously 

confirm through experiments. Therefore, this study 

adopts GWO to adaptively adjust the value of KP. The 

GWO algorithm is a biomimetic algorithm that simulates 

the hunting behavior of gray wolves by updating their 

positions. Other solutions in the search space are 

considered as the position of the wolf, and the objective 

function is considered as the prey. The wolf will 

approach the prey by constantly updating its position. 

This study assumes that the number of iterations of the 

model is t , the position vector of the prey is denoted as 

pX , and the position vector of the wolf pack is X . 

Therefore, the straight-line distance between the prey and 

the wolf pack can be expressed by formula (4) [21-23]. 

( ) ( )pD CX t X t= −         (4) 

In formula (4), C  is the coefficient vector. The 

calculation process of distance helps the model find the 

optimal solution position in the high-dimensional 

parameter space, that is, to improve the accuracy of 

feature classification through the optimal SVM 

parameters. The update of grey wolf position is shown in 

formula (5). 

( 1) ( )pX t X t AD+ = −        (5) 

Formula (5) is the rule for updating the position between 

different gray wolves, where Observations

Target sparse signal

Merge matrix Sparse vector  also represents the 

coefficient vector. The calculation of vectors A  and C  

with different coefficients is shown in formula (6). 

1

2

2

2

A ar a

C r

= −


=
           (6) 

In formula (6), 
1r  and 

1r  are random vectors with 

values ranging from [0,1]. a  is the convergence factor, 

whose value is inversely proportional to the number of 

iterations. The calculation of a  is shown in formula (7). 

max

2 2( )
t

a
t

= −          (7) 

This study uses formulas (5) to (7) to calculate the 

distance between the wolf pack's position and prey, and 

simulates the position adjustment of the leader wolf, 

subordinate wolves, and executing wolves with other 

wolf pack positions, thereby achieving local and global 

search. The chart of the updated position of wolf packs 

when hunting prey is shown in Figure 5. 

Figure 5 shows the process of pack position update in the 

GWO, where wolves of different roles approach their 

prey through displacement adjustment. During this 

process, the position information of each wolf includes its 

coordinates in a high-dimensional parameter space. The 

update rules depend on the current distance and strategy 

from the prey. This data stream indicates that through the 

dynamic adjustment of position updates, the wolf pack 

can effectively explore the search space, thereby finding 

the optimal SVM parameters and achieving the 

optimization and accurate classification of the model. 

In Figure 5,   refers to the leading wolf,   is the 

subordinate wolf,   is the executing wolf, and D  is 

the distance from the wolf pack to the prey. When the 

vector coefficients are large, wolf packs are more 

exploratory in the search process and are suitable for 

discovering potential global optimal solutions. Smaller 

values help with detailed search and local optimization, 

improving convergence speed. According to hunting 

behavior, the position of the leader wolf is updated as 

shown in formula (8). 

1 1

( ) ( )

( )

D CX t X t

X X t A D

 

 

 = −


= − 
       (8) 

In formula (8), 
1X  represents the position of the head 

Wolf. Similarly, the update of the position of the 

subordinate wolf is shown in formula (9). 

2 2

( ) ( )

( )

D CX t X t

X X t A D

 

 

 = −


= − 

      (9) 

The update of the execute wolf's position is shown in 

formula (10). 

3 3

( ) ( )

( )

D CX t X t

X X t A D

 

 

 = −


= − 

       (10) 

The updated wolf pack position obtained through 

formulas (8) to (10) is shown in formula (11). 

1 2 3( 1)
3

X X X
X t

+ +
+ =     (11) 
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Figure 6: E-commerce platform PRM based on SVM and AM 

Through the dynamic location updates mentioned above, 

the exploratory and random nature of the wolf pack 

enables it to have global search capabilities. The 

following and support of subordinate wolves enhance the 

efficiency of search. The execution wolf focuses on the 

current local area. This structure enables GWO to search 

effectively in complex solution spaces. The framework of 

the constructed e-commerce platform PRM is shown in 

Figure 6. 

Figure 6 shows the framework of the e-commerce 

product recommendation model constructed by 

combining the SVM algorithm and the HAM, 

emphasizing the data flow between each module. On the 

left side of the model, the basic information of the 

product is extracted through multiple convolutional layers 

to extract key features. The size of the convolutional 

kernels is 3×3. After feature extraction, it enters the 

HAM for the refinement of multimodal features. STN, as 

the pre-module, is responsible for performing spatial 

transformation on the input data and correcting the 

geometric changes of the input samples to obtain a more 

consistent feature representation. The feature maps 

corrected by STN will be input into the SE module. SE 

dynamically adjusts the weights of each feature channel 

by learning the dependencies between channels, 

emphasizing important features and suppressing 

redundant features. The features weighted by SE then 

enter FAM. FAM further enhances the expression ability 

and selectivity of key features through deep learning of 

the correlation between features. Subsequently, the 

extracted features flow into the SVM classifier, and the 

RBF kernel function is selected for high-dimensional 

mapping to achieve nonlinear classification. Finally, the 

study uses GWO to precisely optimize the KP and 

misclassification penalty parameters (EPC) of SVM, and 

realizes the search for the global optimal solution by 

simulating the hunting behavior of gray wolves. GWO 

initializes a group of "gray wolf" individuals, each 

representing a specific set of values for KP and EPC. 

Based on the fitness value of each individual, the gray 
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wolf group will constantly update its position. Among 

them, the leader approaches the best solution, while the 

followers explore new areas according to the position of 

the leader. In each iteration, GWO will guide the search 

process based on the fitness function, optimize KP and 

EPC, thereby ensuring that SVM selects the most suitable 

kernel function parameters during training, maximizes 

classification performance, and effectively reduces the 

risk of misclassification. The design of this model 

structure and data flow enhances the accuracy and 

efficiency of the recommendation system and effectively 

captures the personalized needs of users. 

Based on the extracted product features, the study will 

further explore how to construct an SVM 

recommendation model combined with a HAM. The 

study takes SVM as the core classifier and utilizes GWO 

to optimize the KP to enhance the classification effect of 

the model. The model can accurately identify products 

through this structure and provide users with more 

personalized recommendations. Next, this study will 

validate the effectiveness of the model and compare it 

with other traditional recommendation models to verify 

the effectiveness and superiority of the proposed 

approach. 

3 Results 

3.1 Analysis of product recommendation 

effect based on SVM and AM 

To enhance the model’s interpretability, the SHapley 

Additive exPlanations(SHAP) tool is introduced to 

conduct feature influence analysis on the results of the 

SVM model. SHAP provides users with an intuitive view 

of the impact of different features on recommendation 

results by assigning relative importance values to each 

feature in model prediction. This study conducts 

performance analysis on the proposed PRM based on 

SVM and AM, and uses recommendation accuracy, 

recall, F1 score, Mean Square Error (MSE), Absolute 

Value of Error (AVE), and Mean Absolute Error (MAE) 

as the main evaluation indicators for model performance. 

In the research, the experiment uses a transaction 

information dataset from a domestic e-commerce 

platform. This dataset contains 3,000 transaction records, 

covering various types of products and user 

characteristics. Unique product categories include 

electronic products, clothing, household items and food, 

etc., covering a wide range of needs in users' daily lives. 

The total number of users in the dataset is 1,000. The 

transaction records and behavioral characteristics 

corresponding to each user are recorded in detail, 

including browsing history, purchase behavior, product 

ratings, and personal basic information of users, etc. To 

ensure the training and validation effect of the model, the 

dataset is randomly divided into the training set, the 

validation set, and the test set in a ratio of 7:2:1. In the 

experimental setup, the training set is used for the 

training and feature learning of the model. The validation 

set is used to adjust the hyperparameters of the model. 

The test set is used for the final performance evaluation 

to compare the personalized recommendation effect of 

the research model with other baseline models. In the 

SVM model, the Gaussian RBF is selected as the kernel 

function to effectively handle nonlinear data. In terms of 

hyperparameter adjustment, the EPC C and the KP γ are 

optimized through the cross-validation method to ensure 

that the model can achieve the best classification 

performance when processing data. This study conducts a 

comparative analysis between K-means Clustering 

Algorithm (K-means) and Backpropagation Neural 

Network (BPNN) [24-25]. The MSE results are shown in 

Figure 7. 
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Figure 7: MSE results of different algorithms 
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Figure 8: AVE results of different algorithms 

Figure 7 shows the MSE of three algorithms in the 

training set and validation set, respectively. In Figure 7 

(a), the MSE value of K-means in the training set is 

around 0.25, BPNN is around 0.22, and the research 

algorithm is around 0.19. In Figure 7 (b), after training, 

the MSE values of K-means, BPNN, and research 

algorithms in the validation set are around 0.16, 0.11, and 

0.07. This indicates that the research algorithm has 

stronger feature extraction capabilities or more effective 

model structures, which can optimize the model more 

effectively and learn the features in the data more fully. 

Figure 8 shows the comparison of AVE between the 

training and validation sets for each algorithm. 

In Figure 8 (a), the AVE values of K-means, BPNN, and 

research algorithms in the validation set are in the ranges 

of 0.1 to 0.2, 0 to 0.1, and 0 to 0.1. The error curve of 

K-means is relatively stable, while the error curve of 

BPNN has significant fluctuations, and the research 

algorithm has a smoother curve fluctuation compared to 

BPNN. In Figure 8 (b), the average AVE values of 

K-means, BPNN, and research algorithms are 0.14, 0.08, 

and 0.06. The error curve of K-means in the test set is 

relatively stable, while BPNN may exhibit significant 

errors. The curve of the research algorithm is relatively 

stable. This indicates that K-means performs average in 

new data and may have limitations in its generalization 

ability. BPNN exhibits significant errors on the test set 

and has poor stability. The stable error curve of the 

research algorithm indicates that it has good 

generalization ability on unseen data and can maintain 

consistent performance. It can provide higher user 

satisfaction in practical product recommendation 

scenarios. The MAE results of the research algorithm in 

the training set are displayed in Figure 9. 

Low risk customer loss

Medium level e-commerce users

High-level e-commerce users

600 300120 180 240
0

0.09

0.12

0.21

A
b

so
lu

te
 v

al
u

e 
o

f 
er

ro
r

Sample

0.18

0.15

0.06

0.03

90 150 210 26030

 

Figure 9: MAE of product recommendations for e-commerce users of different levels in the test set 

Table 2: Results of HAM-GWO-SVM ablation experiments 

Model Settings 
Complexity analysis 

index 

Running time 

(s) 

Parameter 

quantity 

Sensitivity analysis 

indicators 

Accurac

y 

HAM-GWO-SV

M 
Low 1.04 2000 Low 0.842 

SE-FAM- 

GWO-SVM 
Medium 1.22 1800 Medium 0.652 

STN-FAM- 

GWO-SVM 
Medium 1.19 1750 Medium 0.661 
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STN-SE- 

GWO-SVM 
Medium 1.16 1780 Medium 0.665 

SVM High 1.35 1500 High 0.590 

HAF-SVM Medium 1.10 1900 Medium 0.651 

GWO-SVM Medium 1.15 1600 Medium 0.670 

 

In Figure 9, the research algorithm predicts recommended 

products for three levels of e-commerce users based on 

data. When the sample data reaches around 50, the MAE 

curve of high-level e-commerce users tends to stabilize, 

and the MAE ultimately stabilizes at 0.03. When the 

sample data reaches around 60, there is no significant 

change in the MAE curve of mid-level e-commerce users, 

and the MAE ultimately stabilizes at around 0.05. When 

the sample data reaches around 65, the MAE curve of 

low-level e-commerce users shows a convergence trend 

and eventually converges to around 0.08. The data shows 

that the algorithm exhibits different recommendation 

accuracy among e-commerce users of different levels. As 

the sample data increases, the MAE of users at all levels 

tends to stabilize, demonstrating the reliability of the 

model. High-level users perform the best, while the 

recommendation accuracy for medium and low-level 

users is relatively insufficient. This may be due to the low 

activity level of e-commerce users and weak relevant 

information features. To verify the effect of the 

mechanism introduced by the model, the study is 

analyzed through ablation experiments. The specific 

results are shown in Table 2. 

Table 2 shows that the HAM-GWO-SVM model achieves 

a recommendation accuracy rate of 0.842, which is 

significantly higher than that of other models. Among 

them, the accuracy rate of SE-FAM-GWO-SVM without 

the spatial AM drops to 0.652, demonstrating the 

importance of this mechanism for user feature extraction. 

The accuracy rate of STN-FAM-GWO-SVM without the 

channel AM is 0.661, indicating the necessity of dynamic 

adjustment of channel weights. The accuracy rate of 

STN-SE-GWO-SVM without the FAM is 0.665, 

indicating the contribution of the extraction of detailed 

features to the recommendation effect. In contrast, the 

accuracy rate of the traditional SVM model is only 0.590. 

HAF-SVM slightly improves to 0.651, emphasizing the 

indispensability of the introduction of the AM. However, 

the 0.670 of GWO-SVM shows the limitations of 

parameter optimization. 

The analysis of the above experimental results shows that 

visual features play a leading role in capturing users' 

immediate interests and intuitive cognition, such as the 

color, shape, and layout of product images. These 

features can effectively attract users' attention and 

influence their purchasing decisions. Meanwhile, 

numerical features play an important role in reflecting the 

long-term trends and behavioral patterns of user 

preferences, such as user ratings, browsing times, and 

purchase history, helping the model accurately classify 

users' potential preferences for products. Overall, the 

interaction between visual features and numerical 

features jointly constitutes the decision boundary of the 

SVM model, enabling the recommendation system to 

accurately capture user needs while improving the 

accuracy of personalized recommendations. 

3.2 Practical application analysis based on 

e-commerce PRM 

In the PRM, the recommendation performance was 

analyzed based on the different product types and the 

model iterations. The recommended results are exhibited 

in Figure 10. Figures 10 (a)~c show the accuracy, recall, 

and F1 score results. As the number of recommended 

products increases, all three evaluation indicators show a 

trend of gradually increasing first and then decreasing. 

When the recommended quantity of products is 40 or 50, 

the prediction accuracy of the model reaches 0.70, the 

recall rate reaches 0.70, and the F1 value is 0.68. The 

number of iterations has a relatively small impact on the 

model. Figure 10 shows that when setting up a 

recommendation model, it is important to focus on both 

the number of recommended product types and the actual 

effectiveness to ensure that users receive highly relevant 

and personalized recommendations. Meanwhile, setting a 

reasonable number of iterations can help the model 

converge more stably, but increasing the number of 

iterations within a specific range does not necessarily 

improve recommendation performance. This indicates 

that the model can quickly learn from data and achieve 

good results. 

This study analyzes the accuracy of personalized 

recommendations for e-commerce products through 

comparative algorithms, as shown in Figure 11. The 

average accuracy of K-means, BPNN, and research 

algorithms in the tourism information recommendation 

model is 0.673, 0.676, and 0.702. The recommendation 

accuracy of the research model has improved by 0.059 

and 0.026 compared to K-means and BPNN. The 

research algorithm has been proven to be more effective 

and accurate in personalized recommendation processes, 

which may be related to the feature extraction 

mechanism. The research algorithm can better capture 

users' personalized needs and preferences, improving 

their recommendation experience and satisfaction. 
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Figure 10: Analysis of model recommendation performance 

0 5 10 15 20 25 30 35 40 45 50
0.25

0.30

0.35

0.40

0.45

0.50

0.60

0.65

0.70

0.75

0.80

Test sample /group

P
re

d
ic

ti
o

n
 a

cc
u

ra
cy

K-meansK-means

BPNNBPNN

Research algorithmResearch algorithm

 

Figure 11: Personalized recommendation accuracy 

Figure 12 shows the running time results in personalized 

recommendations of e-commerce products. The runtime 

of K-means in the model is around 1.33s, BPNN is 

around 1.18s, and the research algorithm is around 1.04s. 

Research algorithms can complete recommendations in a 

shorter time, have higher practical value, and better meet 

users' needs for personalized recommendations. The 

efficiency of research algorithms combined with high 

recommendation accuracy makes them more feasible and 

competitive in practical applications. This has positive 

implications for improving the service quality and user 

experience of e-commerce platforms. 

To further verify the advancement of the method, a 

comparative analysis is conducted using the Deep Neural 

Networks (DNN) model, the Collaborative Filtering (CF), 

and the Graph-based Recommendation system. The 

evaluation indicators include ROC-AUC, Top-k accuracy 

rate, standard deviation, confidence interval (95%), and 

the average value of repeated trials. The specific results 

are shown in Table 3. 
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Table 3 shows that the HAM-GWO-SVM model 

performs excellently in multiple evaluation indicators, 

with the ROC-AUC reaching 0.92, which is significantly 

better than the other three comparison models. The result 

indicates that this model has a stronger ability to 

distinguish positive and negative samples. Specifically, 

the accuracy rate of Top-k is 0.842, which is also higher 

than 0.810 of the DNN, 0.761 of the CF, and 0.800 of the 

Graph-based recommendation system, demonstrating a 

higher personalized recommendation ability. 

Furthermore, the standard deviation of HAM-GWO-SVM 

is 0.013, indicating that its performance stability is 

superior to other models. Among them, the standard 

deviations of DNN and Graph-based recommendation 

systems are relatively high. Furthermore, the confidence 

interval of HAM-GWO-SVM is [0.819, 0.865], which is 

relatively narrow, showing high reliability. The average 

value of the repeated tests is 0.832, further verifying the 

effectiveness of this method. These results fully 

demonstrate the advancement and superiority of the 

HAM-GWO-SVM model in e-commerce product 

recommendation. 
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Figure 12: Personalized recommendation efficiency of the model 

Table 3: Superiority test of HAM-GWO-SVM model 

Model name 
ROC-A

UC 

Top-k accuracy 

rate 

Standard 

deviation 

Confidence interval 

(95%) 

Average value of repeated 

experiments 

HAM-GWO-SVM 0.92 0.842 0.013 [0.819, 0.865] 0.832 

DNN-Recommendation 0.89 0.810 0.015 [0.785, 0.835] 0.798 

CF 0.85 0.761 0.018 [0.740, 0.782] 0.750 

Graph-Based 

Recommendation 
0.88 0.800 0.017 [0.777, 0.823] 0.785 

 

4 Discussion and conclusion 

In the model evaluation, this study measured the 

performance of the recommendation system through 

accuracy, recall, and F1 score. Under different 

recommendation quantities, the model achieved an 

accuracy of approximately 0.70, a recall rate of 0.70, and 

an F1 score of 0.68. This indicated that the model 

performed well in capturing user preferences. When 

compared with K-means and BPNN, the research model 

improved accuracy by 0.059 and 0.026, indicating the 

effectiveness of HAM's product feature extraction ability. 

The introduced HAM, especially STN, could accurately 

identify the product image areas that users are interested 

in, while SE and FAM enhance their recognition of key 

features by focusing on channel and frequency 

characteristics. This multi-level feature extraction method 

made the model more adaptable in complex data 

environments. In the comparison of quantitative results, 

the HAM-GWO-SVM model performed outstandingly in 

multiple key indicators. Specifically, the ROC-AUC of 

this model reached 0.92, and the Top-k accuracy rate was 

0.842, which was significantly higher than that of the 

DNN (with ROC-AUC of 0.89 and Top-k accuracy rate 

of 0.810), the CF (with ROC-AUC of 0.85 and Top-k 

accuracy rate of 0.761), and the Graph-based 

recommendation system (with ROC-AUC of 0.88 and 
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Top-k accuracy rate of 0.800). In addition, the MAE of 

HAM-GWO-SVM was only 0.03, which was much lower 

than 0.08 of CF, demonstrating its accuracy in capturing 

user preferences. In terms of running time, this model 

also performed well, taking only 1.04 seconds, 

demonstrating an advantage in computational efficiency 

compared to other models. The difference in MAE among 

different users is due to the sparse interaction data of 

underlying users on the platform, which lacks sufficient 

historical behavior and preference information, making it 

difficult for the model to accurately capture users' 

interests. In related research, Kalakoti Y adopted an AM 

recommendation system and achieved good 

recommendation results through Transformer architecture 

[26]. However, this model had a high level of complexity. 

The research strategy of this study was to provide 

optimized performance more quickly in the e-commerce 

environment through a simple and effective combination 

of AM. Mamta K's research has achieved good results in 

behavior sequence modeling by combining deep learning 

models with CNN and RNN [27]. However, the feature 

extraction performance of this method had a strong 

dependence on model depth, resulting in longer training 

time. Compared to this study, the recommendation model 

based on HAM and SVM had a relatively simple 

structure. Unlike models that rely on global information 

for recommendation, research models focused more on 

dynamically adjusting the user's local environment, 

making them more flexible and practical. 

On e-commerce platforms, users' demand for 

personalized recommendations is increasing, but 

traditional recommendation algorithms generally suffer 

from inaccurate capture of user interests. This paper 

aimed to perfect the performance of e-commerce product 

recommendation systems by introducing advanced 

feature extraction mechanisms and optimization 

algorithms. As a result, this paper constructed a 

recommendation model built on HAM and SVM 

classifiers, and adopted GWO for adaptive adjustment of 

KP. It combined multi-modal learning of image features 

to enhance the model's ability to capture personalized 

user needs. Through experimental analysis, the research 

method outperformed traditional methods in terms of 

accuracy and personalization, meeting the needs of 

e-commerce users for personalized recommendations and 

improving user experience. Although the e-commerce 

product recommendation model based on the HAM and 

SVM performs well in terms of accuracy and 

personalization, there are still several limitations. Firstly, 

the model may encounter performance bottlenecks when 

dealing with extremely sparse data, especially in the case 

of less user interaction. The effectiveness of feature 

extraction may be affected, and its recommendation 

accuracy for low-frequency users is insufficient. 

Secondly, the complexity of the model requires 

computational resources. Although the running time is 

relatively short. In large-scale e-commerce platform 

applications, challenges in real-time performance and 

computing efficiency may still be faced. Therefore, future 

research can explore some new deep learning 

architectures, such as combining graph neural networks 

or Transformer models, to enhance the model's ability to 

learn user behavior patterns and further improve the 

effectiveness of personalized recommendations. 
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EEG-based biometric authentication has emerged as a secure alternative to conventional authentication
methods, owing to its resistance to spoofing and inherent movement/image individual variability. This study
evaluated the performance of various classification models in the EEG motor movement/image dataset,
which comprises 1,526 sessions recorded from 109 subjects using 64 EEG channels at a sampling rate of
160 Hz. A comprehensive set of 1,600 features per session was extracted in the time, frequency, and time-
frequency domains. Following standard pre-processing and normalization, the models were trained in a
stratified 70/30 training test split using features standardized to zero mean and unit variance.
We systematically compared traditional machine learning classifiers, ensemble methods, and deep learning
architectures. Hyperparameter tuning was performed uniformly across all the models. The Ridge Classifier
achieved the highest accuracy (93.8%), followed by Logistic Regression (91.27%) and MLP (89.96%),
demonstrating the strength of linear and shallow neural models on engineered EEG features. In contrast,
deep learning models, including CNN, LSTM, GRU, and BiLSTM, recorded significantly lower accuracy
( 0.87%) because of limited training data and the use of pre-extracted statistical features instead of raw
time-series input, which restricted their ability to learn temporal patterns.
These findings indicate that traditional machine-learning models, when applied to well-crafted features,
remain highly competitive for EEG-based authentication. They offer a favorable balance between perfor-
mance, computational efficiency, and interpretability, whereas deep learning approaches require further
adaptation to the structure and scale of EEG data.

Povzetek: Primerjalna študija EEG-biometrije na EEGMMI (109 oseb, 64 kanalov) s 1.600 značilkami
pokaže, da linearni modeli prekašajo globoke: Ridge doseže 93,8 % natančnost. Predpripravljene značilke
in malo surovih signalov omejita CNN/LSTM; klasični pristopi ostanejo učinkoviti, razlagalni in varčni.

1 Introduction
The increasing number of cybersecurity threats necessitates
the implementation of strong user authentication systems
to protect sensitive data. Current security frameworks are
based on traditional biometric modalities, including fin-
gerprint and iris scans and facial recognition; however,
these systems remain exposed to advanced spoofing at-
tacks. High-resolution photographs have been shown to
defeat facial recognition systems, whereas synthetic finger-
prints made from latent prints have successfully compro-
mised smartphone security [1]. The current limitations of
biometric systems demonstrate the requirement for authen-
tication methods that use intrinsic physiological traits that
cannot be replicated.
EEG is a promising noninvasive brain activity record-

ing method that shows potential as a biometric solution.
EEG signals produce dynamic neural patterns that function
as individual-specific brain fingerprints because they differ
from the static physical characteristics [2]. The nature of
EEG signals binds them to life sciences; users must actively

participate in recording and playback. Research shows that
EEG responses to visual flashes, auditory tones, and motor
imagery tasks produce different patterns between subjects,
which allows for effective user identification [3].
Despite their potential, EEG-based verification faces sig-

nificant challenges. Signal variability caused by environ-
mental noise, electrode displacement, or shifts in user men-
tal states (e.g., fatigue and stress) can degrade the perfor-
mance over time [4]. In addition, most existing systems
rely on high-density electrode arrays (e.g., 64–128 chan-
nels), which are impractical for everyday use in consumer
devices.
The integration of physiological signals into authentica-

tion systems has transformative implications across vari-
ous industries. In personal devices, continuous authenti-
cation using EEG or photoplethysmography (PPG) can en-
able seamless yet secure access to smartphones and wear-
ables, thereby reducing reliance on vulnerable password-
based systems [5]. In addition, studies suggest that EEG-
driven authentication can enhance financial transactions
by adding a robust layer of identity verification, mitigat-
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ing fraud risks, and improving digital security [6] [7].In
healthcare, physiological biometrics can safeguard elec-
tronic health records (EHRs) and restrict access to sensitive
medical devices, aligning with regulatory mandates such as
HIPAA and GDPR [8]. In the changing landscape of secu-
rity challenges, there are opportunities to improve authen-
tication systems by combining neuroscientific insights and
biometric technology with physiological signals [9].
Standard text-based passwords are commonly used.

Most users tend to opt for passwords or use them repeat-
edly across platforms, which increases their risk of entry.
Furthermore, cryptic passwords can be challenging to re-
call, resulting in users resorting to less-secure alternatives
[8]. Research indicates that although graphical passwords
and session-based authentication enhance security to some
degree, they remain susceptible to attacks and usability is-
sues [9] [10]. Proposals have been made to use biometrics,
such as keystroke dynamics, to tackle these vulnerabilities
without the need for hardware. However, these methods
also encounter difficulties in terms of accuracy and envi-
ronmental reliance [11].

1.1 Research objectives and questions

This study aims to advance EEG-based biometric verifica-
tion by evaluating the effectiveness of spectral and tempo-
ral features extracted from EEG signals. We utilized a pub-
licly available dataset containing recordings from 64 EEG
channels and assessed model performance across multiple
sessions. A variety of machine learning and deep learning
classifiers were applied to determine their accuracy and re-
liability in user authentication. Our work contributes to the
broader goal of developing secure and practical EEG-based
biometric systems by providing a comparative performance
analysis of commonly used classification models.
The primary objective of this study is to evaluate the ef-

fectiveness of various machine learning and deep learning
models in biometric authentication based on EEG. Specifi-
cally, we investigate the following:

– RQ1: Can low-complexity machine learning mod-
els, such as Ridge Classifier and Logistic Regression,
achieve high accuracy in EEG-based biometric au-
thentication?

– RQ2: How do deep learning models perform com-
pared to traditional machine learning models when ap-
plied to extracted statistical features from EEG data?

– RQ3: Under what conditions (e.g., data volume, fea-
ture types) could deep learning models outperform tra-
ditional machine learning models in EEG-based au-
thentication tasks?

By addressing these questions, we aimed to provide
insights into the suitability of different classification ap-
proaches for EEG-based biometric systems.

1.2 Organization of the paper
The remainder of this paper is organized as follows.
Section 2 provides background information on the EEG

fundamentals, electrode placement, frequency bands, and
the general framework for EEG-based authentication. Sec-
tion 3 reviews related work in the field of EEG-based bio-
metric authentication. Section 4 describes the datasets used
in this study. Section 5: Details of the experimental setup
including data filtering, outlier analysis, feature extraction,
normalization, dataset splitting, performance metrics, and
classification models. Section 6 presents the results of the
classification models. Section 7 discusses the findings,
compares the performance of different models, and ana-
lyzes the conditions that influence their effectiveness. Sec-
tion 8: Concludes this study and suggests directions for fu-
ture research.

2 Background
The EEG-based authentication leverages the unique neu-
ral activity of the brain to create a robust and secure bio-
metric system. Unlike traditional authentication methods,
EEG signals are inherently tied to an individual’s cognitive
and physiological state, making them difficult to replicate
or forge. This section explores the fundamentals of EEG,
its signal frequency bands, and the optimal electrode place-
ment for enhancing biometric accuracy.

2.1 Fundamentals of EEG and its role in
authentication

This study focuses on EEG-based biometric authentica-
tion using machine and deep learning models. Electroen-
cephalography (EEG) is a widely used physiological sig-
nal in Brain–Computer Interface (BCI) research due to its
ability to capture unique brainwave patterns that are diffi-
cult to replicate [12, 13]. Although BCI systems often aim
to integrate multiple modalities and interactive capabilities,
the scope of this work is limited to the use of EEG signals
alone for identity verification. The motivation stems from
BCI principles, but the objective here is not to develop a full
BCI framework, rather to assess the effectiveness of EEG-
based classification models for secure user authentication.
EEG functions as a method to detect brain electrical sig-

nals that combine the synaptic potential activity of multi-
ple cerebral cortex neurons [14]. This technique enables
the simultaneous multichannel measurement of central and
autonomic nervous system responses. The central nervous
system, which consists of the brain and spinal cord, reacts
to external stimuli, and the autonomic nervous system con-
trols involuntary body processes, including heart rate and
breathing [15]. EEG signals serve as reliable measures of
neural activity triggered by both internal and external stim-
uli and reflect unique physiological and behavioral traits.
One of the key advantages of EEG for authentication

is its uniqueness and difficulty in replication. EEG sig-
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nals contain individualized characteristics, such as cogni-
tive ability, emotional state, age, gender, and neural con-
nectivity [16, 17, 18]. Because brain structures and cogni-
tive functions vary among individuals, EEG signals exhibit
substantial inter-subject differences but remain stable when
the same individual performs identical tasks [19, 20]. Fur-
thermore, EEG authentication is highly resistant to spoof-
ing because it requires specialized recording equipment,
unlike facial or fingerprint recognition, which can be easily
compromised [21].
Standard text-based passwords remain the most widely

used authentication mechanism; however, their vulnerabil-
ities are well documented. Users frequently reuse simple
passwords across multiple platforms, increasing the risk of
credential theft [8], whereas complex passwords are often
abandoned because of memorability challenges [22]. Al-
though graphical and session-based alternatives mitigate
some risks, they remain susceptible to shoulder surfing,
brute-force, and replay attacks [9, 10]. Behavioral biomet-
rics, such as keystroke dynamics, offer hardware-free solu-
tions but struggle with accuracy under variable user states
(e.g., fatigue) or environments [11]. These shortcomings
underscore the need for systems that balance the security,
usability, and robustness. Physiological signals, such as
EEG, bypass these issues by exploiting intrinsic biological
traits that are resistant to spoofing and memorization [4].
These shortcomings underscore the need for authentica-

tion systems that balance the security, usability, and robust-
ness. Physiological signals, such as EEG, offer a promis-
ing alternative by exploiting intrinsic biological traits that
are resistant to spoofing and are independent of user mem-
orization [4].

2.2 EEG electrode placement
EEG authentication accuracy is significantly influenced by
electrode placement because different brain regions gener-
ate distinct responses to cognitive and sensory stimuli [23].
The selection of appropriate electrode positions plays a crit-
ical role in improving the recognition rate and reducing the
complexity of the data collection. Figure 1 shows the place-
ment of the 64-channel EEG sensors used in the BCI2000
system to capture motor and imagery task-related brain ac-
tivity.
Several studies have identified optimal electrode loca-

tions for EEG-based biometric authentication. [25] found
that the O2 channel provides stable biometric features in
semantic-induced ERP paradigms . [26] highlighted key
authentication features in the Fz, FC1, FC2, Cz, CP1, CP2,
and Pz channels, while [27] emphasized PO3, PO4, O1, Oz,
and O2 as effective biometric authentication regions. These
findings suggest that authentication accuracy can be maxi-
mized by strategically selecting electrode placements based
on the task-specific requirements.
Because EEG patterns vary among individuals, select-

ing a personalized set of EEG channels can further enhance
the authentication performance [28]. [29] proposed an opti-

Figure 1: 64-channel EEG electrode distribution [24]

mized channel-based model that dynamically adjusts elec-
trode locations per user, thereby improving robustness and
reducing the overall data collection burden. In addition, re-
searchers have explored the use of genetic algorithms to re-
fine authentication channel selection, demonstrating further
improvements in EEG-based biometric accuracy [28].
This study demonstrates how EEG signal optimization,

frequency band selection, and electrode placement affect
authentication systems. Researchers continue to improve
EEG biometric systems by fine-tuning these factors, result-
ing in more secure and reliable systems that can be used in
real-world applications.

2.3 EEG signal frequency bands

EEG signals consist of separate frequency bands that cor-
respond to the different neural states of activity. The se-
lection of appropriate frequency bands for authentication
systems improves accuracy while reducing computational
requirements [30]. Researchers have grouped EEG signals
into multiple frequency bands with unique characteristics
for biometric security applications.
The delta band shows the most distinguishable character-

istics, making it suitable for identity recognition because it
remains consistent between different states [30]. Beta and
gamma bands achieve better authentication accuracy be-
cause they correlate with cognitive and visual-related men-
tal tasks [28, 20, 31]. The gamma band exhibits strong au-
thentication potential because its chaotic and complex na-
ture leads to strong nonlinearity [32].
Identification of identity-related EEG features requires

more than one frequency band because no single band con-
tains all necessary information. The spread of biomet-
ric information across various frequency bands requires an
integrated method using multiple frequency components
[33, 34, 7]. Authentication accuracy varies because stim-
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ulation tasks produce EEG responses that differ across spe-
cific frequency bands [28]. Authentication frameworks
must adapt their performance to specific EEG responses
from different tasks to achieve optimal results.

Table 1: EEG frequency bands and their characteristics

Freq.
Band

Range
(Hz)

Typical
Ampl-
itude

Dominant
Brain
Region

Delta from 1
to 4 Hz

from 20
to 200 µV

Frontal and
occipital lobes

Theta from 4
to 8 Hz

from 100
to 150 µV

Frontal and
parietal lobes

Alpha from 8
to 13 Hz

from 20
to 100 µV

Parietal lobes
and posterior
occipital

Beta from 13
to 30 Hz

from 5
to 20 µV

Central areas,
temporal and
frontal lobes

Gamma greater
than 30Hz

less than
2 µV

Somatosensory
center

Table 1 shows the essential characteristics of the EEG
frequency bands, including their frequency range and am-
plitude, together with their main brain regions. The dif-
ferent cognitive and physiological states of EEG-based au-
thentication systems depend on the frequency bands. The
unique features of each band allow researchers to enhance
biometric accuracy through optimized feature extraction
and classification methods.

2.4 General framework
The general framework for EEG-based person identifica-
tion systems appears in Figure 2. Identification systems
based on EEG data follow a specific operational sequence
that includes multiple essential phases. EEG signals are ac-
quired through scalp electrodes.
The raw signals receive preprocessing treatment, which

includes noise reduction, artifact removal, and normaliza-
tion steps to improve the signal quality. This system uses
spectral, temporal, or spatial analysis techniques for feature
extraction to detect specific neural patterns. The extracted
features are classified into classification models, which in-
clude machine learning and deep learning algorithms, to
distinguish people using their brainwave signatures. The
system uses the classifier output to perform identity veri-
fication or authentication while maintaining a secure and
reliable identification process.

3 Related works
Physiological signals such as electroencephalography
(EEG), electrocardiography (ECG), and heart rate variabil-
ity (HRV) offer promising alternatives to traditional au-
thentication methods. Unlike static biometrics (e.g., fin-

Figure 2: General framework of EEG-based person identi-
fication systems

gerprints), which are vulnerable to spoofing through syn-
thetic replication, physiological signals are intrinsically tied
to dynamic biological processes. Among these, EEG has
emerged as the gold standard because of its neurophysio-
logical uniqueness and inherent live-ness detection capa-
bilities.
Recent advancements have refined EEG-based authenti-

cation through innovations in sensor technologies and sig-
nal processing. For example, research on brain-machine
interfaces (BMIs) has provided deeper insights into mental
state classification using EEG signals, reinforcing the vi-
ability of this biometric approach [45]. Furthermore, [46]
provided a comprehensive review of sensor modalities for
brain-computer interfaces, emphasizing the strengths and
limitations of EEG technology in authentication applica-
tions, and hybrid EEG-MEG systems, proposed by [47], ad-
dress signal quality limitations by combining EEG temporal
resolution with MEG spatial precision, although practical
deployment remains constrained by hardware complexity
[35]. Recent advances in EEG/MEG source imaging have
improved signal quality and enhanced authentication relia-
bility [48].
Electrode optimization is a critical focus for practical

EEG systems portability of EEG authentication as demon-
strated by [36], who proposed a blink-induced EEG sys-
tem for mobile devices. Using a 14-channel Emotive
EPOC headset, EEG signals were recorded during natu-
ral eyeblinks from 30 participants. A support vector ma-
chine (SVM) classifier achieved 92% accuracy by ana-
lyzing delta-band (0.5–4 Hz) power changes associated
with blink-related neural activity. This study highlighted
EEG’s potential of EEG for zero-effort authentication in
mobile contexts, although electrode density and user com-
fort remain barriers. Similarly, [35] proposed genetic al-
gorithms to dynamically optimize electrode placement per
user, thereby reducing intersession variability. These ef-
forts highlight the tradeoff between usability (fewer elec-
trodes) and robustness, which is a central challenge in EEG
biometrics.
Recent advancements in EEG-based biometric authenti-

cation have yielded promising results. [41] employed an
eight-channel OpenBCI headset to collect EEG data from
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Table 2: Summary of EEG-based biometric authentication studies
Study EEG Task No. of Electrodes Classifier Accuracy
[3] User Identification (9 Subjects) 64 GMM with MAP

Adaptation
Best Half Total Error
Rate 7.7

[35] Four Mental Imagery Task 64 Genetic Algorithm +
SVM

97.69% - 100%

[36] Authentication for Mobile De-
vices

14 SVM 92%

[37] Continuous Authentication 4 Hybrid LSTM-CNN EER: 1.8%
[38] Image Classification via EEG Not Specified CNN 70% (EEG Only),

82% (EEG + Image
Features)

[39] Modeling Biosignals Not Specified Contrastive Learning 81.6% and 93.2%
[40] Person identification Not Specified Autoencoder-CNN 87.6%
[41] Person Classification 8 SVM 92.9%
[42] Event-Related Potential (ERP) Not Specified CNN + GCNN

(EEG-BBNet)
99.26%

[43] Epileptic seizure detection
(healthy vs epileptic and ictal vs
seizure-free)

21 k-NN, SVM, ANN Up to 99% with
DWT features

[44] Confusion States 1 (commercial EEG
headset)

1D CNN 99%

12 subjects during fatigue analysis tasks. They extracted
ten features per channel and utilized a multiclass Support
Vector Machine (SVM) classifier, achieving a maximum
identification accuracy of 92.9% using a radial basis func-
tion kernel. This study highlights the potential of EEG sig-
nals for reliable user authentication.
In another study, [42] introduced EEG-BBNet, a hy-

brid framework combining Convolutional Neural Net-
works (CNN) with Graph Convolutional Neural Networks
(GCNN) to capture both spatial and connectivity features
of EEG signals. Evaluated on a benchmark dataset en-
compassing various brain-computer interface tasks, EEG-
BBNet achieved an average correct recognition rate of up
to 99.26% in event-related potential tasks using intrasession
data. The model demonstrated robustness across different
connectivity measures and maintained a high performance
even with a reduced number of electrodes, highlighting its
practicality for real-world applications.
In the summary table (Table 2), these studies illustrate the

efficacy of advanced machine-learning techniques and hy-
brid neural network architectures in enhancing EEG-based
biometric authentication systems.
Recent advances in EEG-based classification tasks have

demonstrated the effectiveness of both traditional feature
extraction and deep-learning approaches in various cog-
nitive and clinical contexts. [54] investigated epilepsy
detection using EEG signals by comparing three feature
extraction techniques: time-domain statistical features,
frequency-domain features via Discrete Cosine Trans-
form (DCT), and time-frequency features using Discrete
Wavelet Transform (DWT). Their experiments, conducted
on the Bonn EEG dataset, showed that DWT-based features

yielded the highest classification performance, particularly
when distinguishing between ictal and seizure-free states,
achieving accuracy levels comparable to or exceeding those
of the existing state-of-the-art methods. In a different ap-
plication domain, [44] explored the detection of confusion
in students during video lectures by using EEG recordings.
They extracted features across multiple EEG frequency
bands and trained a one-dimensional Convolutional Neural
Network (1D-CNN) to classify confusion states. Although
the specific accuracy figures were not disclosed, the pro-
posed deep learning model significantly outperformed tra-
ditional machine learning approaches, highlighting the po-
tential of EEG-driven models for real-time cognitive state
monitoring in educational environments. Complementing
these EEG studies, [43] focused on motor imagery detec-
tion using ECG signals derived from the PhysioNet EEG
Motor Movement/Imagery dataset. Their model employed
Wavelet Packet Decomposition for multiresolution feature
extraction and a multiscale convolutional neural network
(MSCNN) for classification. The system achieved strong
performance metrics (92% accuracy, 91% F1-score, and
95% ROC-AUC), underscoring the potential of combining
advanced signal decomposition with deep learning archi-
tectures for decodingmotor intentions, a technique that may
also be adapted to EEG-based BCI applications.

The foundational work of [3] established EEG’s viability
of EEG as a biometric identifier. Using maximum a poste-
riori (MAP) model adaptation, Marcel and Millán demon-
strated that EEG responses to visual and motor imagery
tasks could achieve 95% user identification accuracy across
a cohort of nine subjects. Their methodology involved ex-
tracting spectral features (alpha and beta bands) from 64-
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Table 3: Comparison of recent studies on physiological signal-based authentication: key tasks, and electrode positions

REF Tasks No Of Electrodes Positions

[7] MI (Motor Imagery) 19 O2, O1, P8, P7, P4, Pz, P3, C4, Cz, C3,
T8, T7, F8, F7, Fz, F4, F3, Fp2, Fp1

[49] MI 17 O2, O1, T6, T5, P4, P3, PZ, T4, T3, C4,
C3, CZ, F8, F7, F4, F3, FZ

[29] ERP (Event-Related Potential) 16 Cp6, Cp5, Af8, Af7, F4, F3, C4, C3, Po8,
Oz, Po7, P4, Pz, P3, Cz, Fz

[50] ERP 14 O2, O1, T8, T7, P8, P7, FC6, FC5, F8, F7,
F4, F3, AF4, AF3

[33] VEP (Visual Evoked Potential) 14 O2, O1, T8, T7, P8, P7, FC6, FC5, F8, F7,
F4, F3, AF4, AF3

[51] VEP + sound 14 O2, O1, P8, P7, T8, T7, FC6, FC5, F8, F7,
F4, F3, AF4, AF3

[52] Resting state 6 O2, O1, P8, P7, C4, C3
[53] VEP 6 Oz, O2, O1, Pz, Cz, Fpz

channel EEG data and employing Gaussian mixture mod-
els (GMMs) for classification. A key innovation was the
use of MAP adaptation to personalize generic models to
individual users, thereby reducing intersession variability.
However, the reliance on high-density electrode arrays lim-
its their practical deployment.
To address real-world usability, [37] introduced a contin-

uous authentication system using a 4-channel EEG headset.
Their hybrid LSTM-CNN architecture processed theta (4–
8 Hz) and gamma (30–50 Hz) band features, achieving a
1.8% equal error rate (EER) over 12 sessions with 50 sub-
jects. The strength of the system lies in its resilience to
short-term signal variability (e.g., mood changes), although
performance degraded by 4% in noisy environments. This
study emphasized the trade-off between usability (fewer
electrodes) and robustness, which is a challenge central to
EEG biometrics.
Deep learning models efficiently process vast amounts

of visual data; however, their decision-making process re-
mains opaque. Recent research [38] introduced methods
to extract image features from EEG signals, thereby en-
hancing model interpretability and convergence efficiency.
Inspired by this, EEG signals were encoded as images to
improve the brain signal analysis using deep learning. By
classifying EEG representations corresponding to 39 im-
age classes, researchers achieved a benchmark accuracy of
70%, surpassing previous methods. Furthermore, integrat-
ing EEG-based features with conventional image classifiers
resulted in 82% accuracy, thereby demonstrating the poten-
tial of EEG-enhanced deep learning for improved classifi-
cation and biometric applications.
Researchers [39] who employed a self-supervised con-

trastive learning approach demonstrated promising results
in EEG-based classification, particularly in handling inter-
subject variability and noisy labels. Using the same EEG
Motor Movement/Imagery Dataset (EEGMMI), the study
achieved a recognition accuracy of 88.6%, highlighting

the effectiveness of contrastive learning in modeling EEG
signals with a reduced reliance on labeled data. The re-
search enhanced representation quality through subject-
aware learning techniques, which included subject-specific
contrastive loss and adversarial training, to achieve com-
petitive classification results compared to fully supervised
methods.
A recent study [40] applied the same EEG Motor Move-

ment/Imagery Dataset (EEGMMI) to demonstrate that deep
learning models work well for EEG-based person identi-
fication. The research used an autoencoder-CNN frame-
work to achieve 87.60% recognition accuracy for task-
based identification, which demonstrates the ability of deep
learning to identify people through their EEG signals.
Table 3 summarizes various EEG-based authentication

studies, including the type of tasks performed, number of
participants, and electrode positions used in each study.
The referenced studies covered a range of tasks such asMo-
tor Imagery (MI), Event-Related Potentials (ERP), and Vi-
sual Evoked Potentials (VEP), among others, with specific
electrode placements listed for each study.

4 Methodology
This study aims to develop and evaluate EEG-based
biometric authentication models by leveraging a well-
structured experimental pipeline comprising data acquisi-
tion, preprocessing, feature engineering, model training,
and statistical evaluation. The overall methodology was
structured to ensure reproducibility, generalizability, and
rigorous assessment of the classifier performance. Figure 3
illustrates the key stages of this methodology.

4.1 Data acquisition and preprocessing
The EEG Motor Movement/Imagery (EEGMMI) dataset
was selected for its comprehensiveness and suitability for
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Figure 3: Overview of the methodology pipeline for EEG-based authentication

biometric research. It offers high intersubject variability
and session-based recordings, which are crucial for evalu-
ating the consistency of neural signatures over time. Pre-
processing focuses on data cleaning to remove incomplete
signal segments while preserving valid physiological pat-
terns. Outliers were visually analyzed but retained to pre-
serve the integrity of individual biometric traits, consistent
with prior biometric research practices [3].

4.2 Feature extraction strategy

To capture the complexity of the brain signals, features
were derived from the time, frequency, and time-frequency
domains. This multidomain approach increases the dis-
criminative power of EEG data by capturing both static
and dynamic signal properties. The time-domain features
highlight statistical properties, the frequency domain cap-
tures oscillatory behavior via spectral power analysis, and
the time-frequency domain enables the detection of tran-
sient and nonstationary events using wavelet decomposi-
tion [55]. The feature set was deliberately designed to
maintain interpretability and robustness, while ensuring

sufficient dimensionality for machine learning models.
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4.3 Normalization and data partitioning
All features were standardized using z-score normalization
to ensure fair comparisons between features measured on
different scales, which is a critical step for algorithms sensi-
tive to distance metrics, such as SVM and KNN [56]. Strat-
ified train-test splitting was performed to preserve the class
distributions in both subsets, allocating 70% of the data for
training and 30% for testing. This division allows themodel
generalization to be evaluated using unseen data.

4.4 Model selection and evaluation protocol
To benchmark the effectiveness of the EEG-based biomet-
ric authentication, we selected a broad set of classifiers
from different algorithmic families: linear models, tree-
based ensembles, probabilistic classifiers, distance-based
methods, and deep learning architectures. Each classifier
was subjected to stratified 5-fold cross-validation on the
training set to ensure robust performance estimation and
minimize overfitting. The hyperparameters were optimized
uniformly across the classifiers using a grid search.
The evaluation was based on four widely accepted classi-

fication metrics: accuracy, precision, recall, and F1-score.
These metrics collectively provide insight into model cor-
rectness, sensitivity to false positives and false negatives,
and a balance in handling class distributions. The final
model evaluation was conducted on the held-out test set,
and the performance was further analyzed using 95% con-
fidence intervals and one-way ANOVA tests to determine
the statistical significance of differences across classifiers.

4.5 Statistical rigor and reliability
To ensure the statistical reliability of the results, we con-
ducted a confidence interval estimation using the Student’s
t-distribution because of the limited number of folds (n =
5). One-way ANOVA tests were applied to compare the
classifier means across each performance metric, providing
statistical evidence of significant differences. This analyt-
ical rigor ensures that the observed performance gaps are
not due to random variance, thus supporting reliable con-
clusions regarding model performance.

5 Dataset
This study uses the EEGMotorMovement/ImageryDataset
(EEGMMI) from PhysioNet [57], which serves as a widely
recognized public database for EEG research. The dataset
was chosen because it contained numerous subjects along-
side multiple recording sessions for each participant, thus
making it ideal for EEG authentication system development
and testing.
The dataset contains 109 subjects, which provides re-

searchers with a diverse population to study. A large dataset
size provides strong authentication model reliability be-
cause it covers various neural patterns across different in-

dividuals. The dataset contained 14 recording sessions for
each subject, which enabled researchers to measure the
session-to-session variability. Multiple recording sessions
enable researchers to test the time-dependent stability of
EEG-based biometric features, which is essential for devel-
oping dependable authentication systems.
The EEGMMI dataset benefits from its well-defined ex-

perimental design that combines motor execution with mo-
tor imagery tasks. These tasks produce separate neural re-
sponses that serve as an effective base for extracting fea-
tures and conducting classifications. The EEG system uses
64 channels to record data while following the 10-10 elec-
trode placement system, which is recognized worldwide.
The high-density setup provides precise spatial resolution
of brain activity, which allows for a better analysis of neu-
ral patterns that are important for biometric authentication.
The dataset benefits from its 160Hz sampling rate, which

provides sufficient resolution to detect neural oscillations.
The two-minute recording sessions delivered sufficient data
for analysis through a practical balance between data vol-
ume and usability. The dataset also available on Kaggle:
https://www.kaggle.com/datasets/brianleung2020/eeg-
motor-movementimagery-dataset

6 Experimental setup

The experimental setup of this study involved a structured
pipeline for processing and analyzing EEG signals for bio-
metric authentication. The process starts with data prepro-
cessing, in which missing values and outliers are checked
to ensure data quality. Feature extraction is then performed
to extract relevant statistical, spectral, and time-frequency
features from EEG signals. This section explains the steps
taken to improve the dataset, remove outliers, and extract
features that are useful for the classification and authenti-
cation of individuals.

6.1 Data filtering

To ensure data quality, preprocessing was performed to ad-
dress missing values. EEG signals recorded across 64 chan-
nels sometimes have null or zero values because of record-
ing artifacts or hardware limitations. Instead of discarding
all incomplete rows, only rows in which all 64 channels
contained zero or null values were removed.
This decision was made to retain meaningful EEG data

because zero values in specific channels can represent valid
physiological states rather than missing data.
Figure 4 illustrates the distribution of the null values

across the dataset. In total, 56,548 rows were entirely null
across all channels and discarded. Each of the 109 sub-
jects participated in 14 sessions, with an average of 18,226
rows per session, resulting in a final dataset comprising
27,756,828 rows of EEG signals spanning all sessions and
subjects.
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Figure 4: Bar chart displaying the count of zero values in
each column of the dataset

6.2 Outlier analysis

Outlier detection was conducted to examine the presence of
extreme values in the EEG signals, which could result from
physiological variations, noise, or sensor artifacts. How-
ever, because the primary objective of this study is user ver-
ification, modifying or removing these outliers could dis-
tort the individual neural signatures and negatively affect
authentication accuracy.

To visualize outliers more clearly, a data reduction ap-
proach was applied: the EEG signals were grouped into
non-overlapping windows of 1,000 samples, and the mean
value for each window was computed. This process re-
duced visual noise while preserving the general distribution
characteristics per channel. Figure 5 presents boxplots of
the aggregated values for each EEG channel, providing an
overview of data dispersion and outlier presence. Although
extreme values are visible, they were retained to maintain
the integrity of subject-specific EEG patterns for biometric
analysis.

Figure 5: Boxplot visualization of reduced EEG signal dis-
tributions across individual channels.

6.3 Feature extraction

The original dataset consisted of 14 files per subject, corre-
sponding to 109 subjects, resulting in 1,526 files. Each file
contained EEG recordings from 64 channels over durations
ranging from one to two minutes. Following preprocess-
ing, feature extraction was conducted across three domains:
frequency, time, and time-frequency. The time-domain
features were used to describe the statistical properties of
the EEG signals, including the minimum, maximum, mean,
standard deviation, variance, kurtosis, and skewness. These
features are important for amplitude fluctuations of the sig-
nal and help in understanding individual neural activity.
In the frequency domain , spectral power features were

extracted using the Short-Time Fourier Transform (STFT)
to analyze EEG activity across different frequency bands.
These bands include gamma (30–50 Hz), beta (13–30 Hz),
alpha (8–13 Hz), theta (4–8 Hz), and delta (0.5–4 Hz)
bands, each associated with distinct neural processes and
cognitive states. The power distribution across these fre-
quency bands serves as a critical factor in biometric iden-
tification because variations in spectral content provide a
unique signature for each individual.
For the time-frequency-domain analysis, a wavelet

transform was employed to capture transient and non-
stationary EEG characteristics. Wavelet-based features in-
clude band energies and entropies derived frommultiple de-
composition levels, allowing for multi-resolution analysis
of EEG signals. The extracted wavelet features provided
additional information on the time- and frequency-domain
features, thus improving the overall discriminative power
of the dataset.
Because EEG data are multidimensional, a total of 25

features were extracted from each of the 64 channels, re-
sulting in 1,600 features per session 25 × 64. With 1,526
EEG session files, the final dataset was structured as a fea-
ture matrix of size 1, 526 × 1, 600 = 2, 441, 600, where
each row represents a session and each column represents
a specific extracted feature. This structure ensures a com-
prehensive representation of EEG signals for biometric au-
thentication.

6.4 Feature normalization and dataset
splitting

Normalization was performed on the selected EEG features
after removing the missing values and outliers to ensure
uniformity in the data distribution. The feature values were
standardized to have zero mean and unit variance for all the
features. It is essential to improve the performance of the
classification model, especially for the k-nearest neighbors
(KNN) and support vector machine (SVM) algorithms that
use distance measures. Normalization also helps reduce the
effect of different scales in the dataset, thus enabling clas-
sifiers to learn better.
Next, the dataset was split into training and testing sets

for use in model evaluation. Stratified sampling was used
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to preserve the proportion of each class, thus providing a
balanced representation of both the training and test sets.
The dataset was split into 70% for training the classifica-
tion models, and 30% for testing. This split helps avoid
overfitting and enables trained models to generalize well to
unseen data.

6.5 Performance metrics
The classification model evaluation was performed using
four main performance metrics: accuracy, precision, re-
call, and F1-score. Accuracy is a measure of the total num-
ber of correct predictions in comparison to the total number
of predictions made by the model. Precision measures the
proportion of true positives to all positive predictions, as
it is crucial in scenarios that need to minimize false posi-
tives. Recall measures a model’s ability to correctly iden-
tify positive instances by comparing it to the total number
of actual positive cases. The F1-score is a balanced perfor-
mance metric, which is the harmonic mean of the precision
and recall to address class imbalance. These metrics en-
able a holistic assessment of the classification performance,
which provides information about each model’s advantages
and disadvantages.

7 Statistical analysis and results
To ensure the effectiveness of EEG-based biometric au-
thentication, different classification models from various
algorithm families, including traditional machine learning,
ensemble learning, and deep learning approaches, were
utilized. The chosen models included Random Forest,
Ridge Classifier, Logistic Regression, Calibrated Classi-
fier CV, XGBoost, Decision Tree, Support Vector Machine
(SVM), K-Nearest Neighbors (KNN), histogram boosting,
Gaussian naïve Bayes (GaussianNB),multilayer perceptron
(MLP), Long Short-Term Memory (LSTM), Gated Recur-
rent Unit (GRU), Bidirectional LSTM, and Convolutional
Neural Networks (CNN).Hyperparameter tuning was per-
formed uniformly for all the classifiers to enhance their per-
formance.
In this section, we present a comprehensive statistical

validation of the 12 classifiers evaluated using our EEG-
based dataset. We begin by detailing the cross-validation
procedure and reporting fold-wise results for accuracy, pre-
cision, recall, and F1-Score. Next, we computed 95%
confidence intervals (CIs) for each metric. We then per-
formed one-way analysis of variance (ANOVA) tests to as-
sess whether the observed differences among the classifiers
were statistically significant. Finally, we provide the per-
formance metrics for a holding test set. We refer to the cor-
responding figures and tables in the text.

7.1 Cross-validation metrics
We performed a five-fold stratified cross-validation for
each of the 12 classifiers. In stratified cross-validation, the

Figure 6: Accuracy across five folds for each classi-
fier.

Figure 7: Precision across five folds for each classi-
fier.

Figure 8: Recall across five folds for each classifier.

Figure 9: F1-Score across five folds for each classi-
fier.

original dataset is divided into five mutually exclusive sub-
sets (folds), such that the proportion of classes in each fold
matches that of the entire dataset.
For each classifier, we trained four folds and evaluated

the remaining fold, iterating this process five times so that
each fold serves once as the validation set. This ensures that
every sample contributes exactly once to an out-of-sample
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evaluation and reduces the variance in the performance es-
timates compared with a single train–test split.
The fold-wise results for each classifier and metric are

listed below. For clarity, five-fold values (Fold 1 to 5) are
provided for accuracy, precision, recall, and F1Score:
Figure 6 through 9 present the foldwise distributions for

each metric across all classifiers. These plots display five-
fold values as points (one point per classifier per fold), al-
lowing the visualization of variability across folds.
Table 5 summarizes the cross-validation means and their

95%CIs for accuracy, precision, recall, and F1-Score for all
12 classifiers. Figures 10 through 13 show the same results
graphically, with error bars indicating the 95% CI for each
classifier’s mean metric value.

7.2 One-way analysis of variance (ANOVA)
To determine whether the differences among the classi-
fiers’ mean metrics are statistically significant, we con-
ducted one-way ANOVA tests for each performance metric
(accuracy, precision, Recall, F1-Score). The null hypothe-
sis for each test is that all 12 classifiers have the same true
mean for the given metric, while the alternative hypothesis
is that at least one classifier’s mean differs.

Table 4: One-way ANOVA across twelve classifiers for
each performance metric

Metric F-Statistic Degrees
of Free-
dom

p-Value

Accuracy 665.8480 (11, 48) 1.6479 ×
10−48

Precision 533.5686 (11, 48) 3.2028 ×
10−46

Recall 639.1222 (11, 48) 4.3709 ×
10−48

F1-Score 541.7493 (11, 48) 2.2307 ×
10−46

ANOVA partitions the total variance of the fold-wise
scores into between-group variance (variance of classifier
means around the grand mean) and within-group variance
(variance of fold-wise scores around the mean of each
classifier). The resulting F-statistic and p-value indicate
whether the observed differences in means exceeded what
would be expected by random chance.
Table 4 summarizes the ANOVA results. For each met-

ric, the F-statistic, degrees of freedom, and p-value are re-
ported. In all cases, the F-statistic is very large, and the
p-value is effectively zero, showing that at least one classi-
fier’s mean differs significantly from the others.
These results indicate that for every metric (accuracy,

precision, Recall, F1-Score), the null hypothesis of equal
means across all classifiers can be rejected at p < 0.001.
In other words, the differences in the mean performance
among the classifiers were highly significant.

7.3 95% confidence intervals
For each classifier and evaluation metric (Accuracy, Preci-
sion, Recall, and F1-score), we computed the sample mean
x̄ and sample standard deviation s across the five cross-
validation folds. Given the small sample size (n = 5),
the variability across folds must be interpreted with care.
Instead of assuming a normal distribution, we used the Stu-
dent’s t distribution, which is more appropriate for small
samples, to calculate the confidence intervals (CIs). Specif-
ically, the 95% CI for each metric is given by:

x̄ ± t0.975, df=4 ×
s√
5
,

where t0.975, df=4 ≈ 2.776 is the critical value from the
t-distribution with 4 degrees of freedom.
The resulting confidence interval provides a statistical

range within which the true mean performance metric is
expected to lie with 95% confidence. This is particularly
important in classification tasks involving EEG data, where
performance can vary significantly across folds due to inter-
session and inter-subject variability.
In practical terms, a narrower confidence interval indi-

cates higher consistency and reliability of a model’s per-
formance, while a wider interval reflects greater variability
and uncertainty. Traditional machine learning models, such
as Ridge Regression and Logistic Regression, exhibited rel-
atively narrow confidence intervals across all metrics, sug-
gesting stable and robust performance across folds. In con-
trast, deep learning models like LSTM and GRU showed
wider intervals, indicating higher variability—likely due to
the mismatch between their design (which favors raw tem-
poral data) and the input feature format (aggregated statis-
tical features).
Table 5 reports the mean values alongside their corre-

sponding margin of error, computed as t0.975,4
(
s/
√
5
)
.

These results offer a more statistically grounded com-
parison of model performance, supplementing the cross-
validation metrics presented earlier.
Confidence intervals also serve as a basis for subse-

quent statistical testing. In this study, they complement the
ANOVA analysis described in Section 5.7 by providing in-
sight into both the central tendency and the variability of
each classifier’s performance.

7.4 Evaluation results and statistical
analysis

All the classifiers were retrained on the full training set be-
fore the final evaluation of the held-out test data. Table 6
summarizes the test-set performance in terms of accuracy,
precision, recall, and F1-score (all in percentage). The bar
plots in Figures 14–17 compare these metrics across classi-
fiers. Based on these results, the classifiers fell into distinct
performance tiers.

– In the top-tier group, RidgeClassifier achieved the
highest overall performance, with the highest accuracy
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Table 5: Cross-validation means and 95% confidence intervals for all classifiers
Classifier Accuracy (95%

CI)
Precision (95%
CI)

Recall (95% CI) F1-Score (95%
CI)

LogisticRegression 0.8867± 0.0191 0.8946± 0.0223 0.8863± 0.0177 0.8746± 0.0190
DecisionTree 0.5552± 0.0359 0.5741± 0.0492 0.5514± 0.0343 0.5323± 0.0389
GaussianNB 0.7556± 0.0095 0.7803± 0.0286 0.7541± 0.0111 0.7314± 0.0141
Random Forest 0.8773± 0.0365 0.9001± 0.0295 0.8771± 0.0366 0.8678± 0.0391
HistGradientBoosting 0.8427± 0.0195 0.8716± 0.0270 0.8431± 0.0211 0.8294± 0.0244
MLP 0.8717± 0.0379 0.8908± 0.0291 0.8706± 0.0377 0.8606± 0.0376
Ridge 0.9148± 0.0196 0.9203± 0.0277 0.9129± 0.0201 0.9037± 0.0250
Calibrated 0.8764± 0.0361 0.8981± 0.0340 0.8761± 0.0376 0.8658± 0.0405
XGBoost 0.8427± 0.0275 0.8599± 0.0287 0.8431± 0.0305 0.8303± 0.0324
SVM 0.8324± 0.0080 0.8550± 0.0299 0.8321± 0.0103 0.8192± 0.0175
KNN 0.7828± 0.0387 0.8141± 0.0437 0.7798± 0.0401 0.7670± 0.0414
CNN/GRU/LSTM 0.0092± 0.0018 0.0001± 0.0000 0.0092± 0.0000 0.0002± 0.0000

and F1-score on the test set. Logistic Regression and
Random Forest also performed well, with similarly
high precision and recall. These three models consis-
tently outperformed the others across most metrics, in-
dicating that they captured relevant patterns in the data
more effectively. Their superiority is evident in Ta-
ble 6 and the tall bars for these models in Figures 14–
17. The confidence intervals of the top-tier classifiers
(Figures 10–13) are relatively narrow, reflecting a sta-
ble performance across the cross-validation folds.

– Mid-tier classifiers, multilayer perceptron (MLP),
CalibratedClassifierCV, XGBoost, and support vec-
tor machine (SVM) – achievedmoderate performance.
Their test accuracies and F1-scores were lower than
those of the top-tier models but higher than those of
the remaining classifiers. Precision and recall for this
group tended to be acceptable but showed more vari-
ability (visible in the fold-wise plots in Figures 6–9)
than the top group. In Figures 14–17, the mid-tier
models produced mid-height bars. Overall, this group
indicated a strong performance capability, but with
less consistency and slightly lower averages than the
leaders.

– The lower-tier classifiers include the HistGradient-
BoostingClassifier, K-Nearest Neighbors (KNN), and
Gaussian Naive Bayes. These models achieved the
next level of performance, with notably lower accu-
racy and F1 scores than those of the mid-tier group.
Their test set results (Table 6) show substantial drops
in one or more metrics. For example, KNN and Gaus-
sianNB have lower precision and recall than the top
groups, and the bars for these models in Figures 14–17
are noticeably shorter. The confidence intervals (Fig-
ures 10–13) for the lower-tier models were wider, in-
dicating greater variability across folds. This suggests
that these classifiers are less stable, perhaps because
of their sensitivity to data variations or model assump-
tions.

– The underperformers consisted of the Decision Tree
Classifier and three deep learning models (CNN,
GRU, and LSTM). These models yielded the lowest
test performance. The Decision Tree had particularly
low scores, and the CNN/GRU/LSTM models failed
to match the performance of even the lower-tier tra-
ditional classifiers. In the bar plots (Figures 14–17),
these models produced the shortest bars, and Table 6
shows their metrics near the bottom. The fold-wise
variability plots (Figures 6–9) show large fluctuations
for these models and their confidence intervals (Fig-
ures 10–13) are the widest, indicating inconsistent per-
formance. In summary, these classifiers were not as
generalized to the test set as the others.

Performance stability and statistical significance were
assessed across all classifiers. Figures 6–9 show the vari-
ability of each metric across cross-validation folds: top-tier
models have relatively tight distributions, whereas lower-
tier and underperforming models show a wider spread. Fig-
ures 10–13 show the 95% confidence intervals for each
metric, again highlighting that the best models have smaller
error bars. A one-way ANOVA was conducted for each
metric to test for significant differences among classifiers.
Table 4 reports the F-statistics and p-values. All ANOVA
tests were significant (p < 0.05), confirming that at least
some classifiers differed in terms of accuracy, precision,
recall, and F1-score.

Notably, the classifiers that performed best during cross-
validation ( RidgeClassifier, Logistic Regression, and Ran-
dom Forest in the top tier) also achieved the highest scores
on the held-out test set. This indicates that our cross-
validation assessment reliably identified the strongest mod-
els, and that these models generalize well to new data. In
contrast, the underperforming models remained the lowest
in both validation and test metrics, demonstrating that dif-
ferences in performance observed during training were pre-
dictive of the final test performance.
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Figure 10: Accuracy per classifier with 95% confi-
dence intervals

Figure 11: Recall per classifier with 95% confidence
intervals

Figure 12: Precision per classifier with 95% confi-
dence intervals

Figure 13: F1 per classifier with 95% confidence in-
tervals

8 Discussion
A comparative analysis of various classification models for
EEG-based biometric authentication reveals significant in-
sights into the interplay between the model architecture,
data characteristics, and feature representation. Notably,
traditional machine learning models, particularly the Ridge
Classifier and Logistic Regression, demonstrated superior
performance, achieving accuracies of 93.8% and 91.27%,
respectively. This performance surpasses that of more com-
plex deep learning models, which is counterintuitive given
the latter’s capacity to model intricate patterns.

Figure 14: Bar-plot comparison of testing-set accu-
racy for all classifiers

Figure 15: Bar-plot comparison of testing-set recall
for all classifiers

Figure 16: Bar-plot comparison of testing-set preci-
sion for all classifiers

Figure 17: Bar-plot comparison of testing-set F1-
score for all classifiers

The efficacy of the ridge classifier and Logistic Regres-
sion can be attributed to several factors. First, these linear
models are inherently robust to high-dimensional data and
are less prone to overfitting, making them well suited for
EEG data characterized by high dimensionality and noise.
Second, the preprocessing steps involving statistical, spec-
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tral, and time-frequency domain transformations likely en-
hanced the linear separability of the data, aligning well with
the assumptions of these models. This suggests that, with
appropriate feature engineering, EEG signals can be effec-
tively modeled using linear classifiers.
The multilayer perceptron (MLP), which achieved an ac-

curacy of 89.96%, also performed commendably. As a rela-
tively simple neural network, MLP benefits from its capac-
ity to model nonlinear relationships without the complexity
and data requirements of deeper architectures. Its perfor-
mance indicates that moderately complex models can ef-
fectively capture essential patterns in pre-processed EEG
data.
Ensemble methods, such as random forest and Calibrat-

edClassifierCV, also exhibited strong performance, under-
scoring their ability to handle nonlinearities and interac-
tions between features. These models are known for their
robustness to noise and overfitting, which are particularly
beneficial when dealing with physiological data, such as
EEG.
Moderate performance was observed with models, such

as XGBoost (85.37%), SVM (82.53%), and HistGradient-
Boosting (82.1%). Although these models are adept at cap-
turing complex patterns, their performance may be hin-
dered by the nature of EEG data, which can be noisy and
exhibit complex interdependencies that are challenging to
model without extensive data and careful tuning.
Instance-based and probabilistic models, such as KNN

(79.69%) and GaussianNB (77.51%), underperformed,
likely because of their underlying assumptions. KNN’s re-
liance of KNN on distance metrics can be problematic in
high-dimensional spaces, and GaussianNB’s assumption of
feature independence and normality rarely holds in EEG
data, which often exhibit inter-feature dependencies and
non-Gaussian distributions.
Surprisingly, deep learning models—CNN, LSTM,

GRU, and Bidirectional LSTM—achieved the lowest ac-
curacies, hovering around 87%. Although these models
are renowned for their representation-learning capabilities,
their poor performance in this study stems from fundamen-
tal design constraints:

– The deep learning models were trained on extracted
statistical features rather than raw EEG time-series
data. This limits their ability to learn temporal or spa-
tial dependencies, which are core strengths of archi-
tectures such as LSTM and CNN.

– The dataset size was relatively small for training deep
learning models effectively, particularly when using
high-capacity architectures without temporal input se-
quences.

It is important to emphasize that applying deep models
to pre-aggregated statistical features restricts their potential
to exploit temporal and sequential information inherent in
raw EEG signals. This design decision creates a fundamen-
tal mismatch between the model architecture and the nature

of the input data, making the lower performance of deep
models unsurprising. Therefore, the results should not be
interpreted as a definitive comparison between traditional
machine learning and deep learningmodels, but rather as an
evaluation of these methods under a constrained and non-
ideal setup for deep architectures.
These findings align with the literature, which shows

that deep learning models can achieve high accuracy when
trained on raw EEG data and with sufficient volume. For
instance, studies have demonstrated that with as little as
1–3 seconds of raw EEG data per participant, models can
achieve over 95% accuracy, provided that appropriate sig-
nal structures are preserved and learned [58]. This high-
lights the importance of both data format and quantity in
evaluating deep learning effectiveness.
Moreover, while statistical features may suffice for tra-

ditional classifiers, they do not retain the rich temporal dy-
namics that deep models are specifically designed to cap-
ture. Feeding deep networks with flattened, aggregated in-
put features inherently undermines their advantage in learn-
ing complex time-dependent patterns.
Another contributing factor is the sensitivity of deep

models to architectural choices and hyperparameters. Sub-
optimal tuning can further degrade performance, especially
when combined with non-temporal input and limited data.
Additionally, the computational demands of training deep
networks can make them less practical in small-scale stud-
ies or low-resource settings.
In contrast, traditional machine-learning models offer

strengths in interpretability, efficiency, and robustness un-
der limited data conditions. Their superior performance in
this study reflects a better match between their design and
the structure of the extracted features.
Looking forward, future research should aim to apply

deep learning models to raw EEG time-series data, where
their full potential in capturing temporal dependencies can
be evaluated. Approaches such as data augmentation, trans-
fer learning, and task-specific architectures may also help
address limitations related to data size and diversity.
In summary, the success of a classifier in EEG-based au-

thentication is closely linked to the alignment between data
characteristics and model architecture. Traditional mod-
els perform effectively on statistical features, whereas deep
models require raw, sequential data and larger datasets to
demonstrate their advantages. These insights will guide fu-
ture work in designing better-suited pipelines for neurobio-
metric systems.

9 Conclusion
The study assessed EEG-based biometric authentication
through a complete classification system evaluation. Mul-
tiple machine learning and deep learning models were eval-
uated using a structured pipeline that included data prepro-
cessing, feature extraction, and classifier evaluation. The
results showed that traditional machine learning models,
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Table 6: Performance on held-out testing set for all twelve classifiers
Classifier Accuracy (%) Precision (%) Recall (%) F1-Score (%)
RidgeClassifier 93.80 95 94 94
Logistic Regression 91.27 93 91 91
MLPClassifier 89.96 92 90 90
Random Forest 89.30 92 89 90
CalibratedClassifierCV 88.60 91 89 89
XGBoost 85.37 89 86 85
SVM 82.53 87 83 83
HistGradientBoosting 82.10 84 82 82
KNN 79.69 86 80 80
GaussianNB 77.51 85 78 78
DecisionTreeClassifier 54.37 59 55 54
CNN/GRU/LSTM 0.87 0 1 0

including ridge classifiers, logistic regression, and MLP,
achieved better accuracy and reliability than deep learning
approaches. The ensemble methods, Random Forest and
Calibrated Classifier CV demonstrated strong performance
because they excel at detecting complex EEG patterns. The
deep learning models CNN, LSTM, and GRU achieved sig-
nificantly lower accuracy because feature extraction proved
difficult and the dataset size remained limited.
Research indicates that EEG-based authentication works

best through well-optimized machine learning models that
create a secure and reliable biometric verification system.
Future research should investigate the development of hy-
brid models that combine feature engineering techniques
with deep learning methods to boost the classification ac-
curacy. The performance of deep learning models in EEG
biometrics can be enhanced using larger dataset sizes and
sophisticated augmentation methods. This research adds to
the EEG authentication literature while offering essential
guidance for selecting appropriate models for real-world
implementations.
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Gait recognition is a key biometric technology with broad applications, yet cross-perspective variation 

severely impairs performance. This study proposes a novel gait recognition model that integrates a 

breadth-first search-guided feature propagation mechanism with gated recurrent unit-based temporal 

modeling and multi-scale spatial feature map interaction. The model enhances feature fusion across 

different layers and perspectives while selectively attending to key temporal cues through global max 

pooling. Experimental evaluations on the CASIA-B dataset demonstrate that the proposed method 

achieves an accuracy of 0.97, 0.94, and 0.91 under normal walking, carrying object, and wearing jacket 

conditions, respectively, significantly surpassing the baseline models in recognition performance. The 

method also obtains the lowest root mean square error of 0.09 and the fastest recognition time of 1.2 

seconds. Compared with conventional convolutional neural networks and recurrent neural 

network-based architectures, the proposed model shows substantial improvements in accuracy, 

robustness, and computational efficiency. The key innovation lies in the introduction of a breadth first 

search-driven feature interaction strategy and a hierarchical temporal-spatial fusion structure, which 

jointly optimize the feature representation for robust cross-view gait recognition. 

Povzetek:  Za robustno večperspektivno prepoznavo hoje je razvit model BFS-CNN-GMP-GRU-MSP, 

ki združuje iskanje v širino (BFS) za propagacijo značilk, GRU za časovno modeliranje in večmerno 

prostorsko interakcijo značilk. 

 

 

1  Introduction 
Gait recognition is a non-contact biometric 

recognition technology that utilizes human gait features 

for identity recognition. Unlike other biometric 

recognition technologies, gait recognition does not rely 

on close range collection or high-resolution data, and has 

the advantages of long-distance operability and no need 

for active cooperation [1-3]. However, gait recognition 

faces many challenges in practical applications, and the 

cross-perspective problem is one of the most critical 

difficulties. When individual gait images are collected 

from different perspectives, gait features may undergo 

significant changes due to external factors such as angle, 

lighting, and clothing, which can lead to inconsistent 

expression and extraction of gait features, thereby 

affecting recognition accuracy. With the development of 

deep learning, techniques such as Convolutional Neural 

Network (CNN) and recurrent neural network have been 

widely applied in gait recognition tasks. However, 

existing methods still have shortcomings in 

cross-perspective gait recognition. Traditional CNN 

models mainly focus on single scale spatial feature 

extraction and cannot fully express multi-scale 

information from different perspectives, resulting in 

unstable recognition performance. Although temporal 

modeling can capture temporal dependencies, it lacks a 

global attention mechanism and cannot effectively focus 

on key time points in gait sequences, resulting in 

redundant and inefficient feature extraction. The 

mechanism of feature interaction and fusion is not yet 

perfect, and efficient information integration cannot be 

achieved between shallow, middle, and deep features. 

Therefore, a cross-perspective gait recognition model 

based on Breadth First Search (BFS) algorithm and 

feature map interaction was proposed. This model 

extracts spatial features through CNN, searches for 

feature maps through BFS algorithm, and finally 

combines Gated Recurrent Unit (GRU) and Global Max 

Pooling (GMP) to capture temporal dependency 

characteristics. The innovation of the research lies in 

introducing the BFS algorithm to optimize the feature 

propagation mechanism, improve computational 

efficiency and accuracy, and aim to provide an efficient 

and robust solution for gait recognition.  

To address the limitations in current gait recognition 

models, this study is driven by two primary research 

questions: (1) Can a BFS mechanism enhance the 

efficiency and comprehensiveness of feature propagation 
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across spatial hierarchies in cross-perspective gait 

recognition? (2) How does the integration of multi-scale 

spatial feature interaction influence the effectiveness of 

temporal modeling and attention in dynamic and 

occluded environments? These questions guide the 

model design, which incorporates BFS-guided node 

traversal, multi-stage spatial feature map fusion, and 

gated recurrent units for temporal dependency capture. 

The proposed model is rigorously evaluated on the 

CASIA-B dataset under various conditions to empirically 

validate the effectiveness of each component. 

2 Related works 
Cross-perspective gait recognition is an important 

task in addressing the impact of perspective changes on 

gait features. Parashar et al. proposed a deep learning 

architecture and pipeline to utilize the complex features 

of human gait for biometric applications. The research 

results indicated that although gait recognition faced 

diversity and complexity, deep learning models could 

still effectively work on low resolution images, but were 

greatly affected by various covariates such as shoes and 

clothing [4]. Castro et al. proposed an innovative hybrid 

protection scheme to ensure the privacy and security of 

gait analysis for early detection of neurodegenerative 

diseases in human activity recognition. This scheme 

combined partially homomorphic encryption and 

revocable biometric technology based on random 

projection. The research results indicated that this 

scheme could achieve a high trade-off between security 

and performance, with an accuracy decrease of up to 

1.20, and was applicable to any type of neural network 

[5]. Baniasad et al. proposed an algorithm suitable for 

different sensor configurations, gait speeds and shoe 

types to solve the problem of complex and error prone 

connection of IMU sensors in motion and rehabilitation 

motion analysis. The research results showed that the 

algorithm could accurately identify body parts and lower 

limb sensor sides. For gait speed ranges of 0.5-2.2 m/s, 

the accuracy and precision reached 99.7% and 99.0%, 

respectively, and had broad application prospects [6]. 

Zhang et al. proposed a non-contact bendable 

sensitive sensor that uses a semi-circular optical fiber to 

monitor muscle activity to improve the detection 

accuracy of wearable robot human interaction. The 

research results showed that using this sensor combined 

with neural networks, the recognition accuracy of five 

gaits was over 99%, significantly better than traditional 

machine learning algorithms, providing a new and 

effective approach for abnormal gait recognition [7]. 

Derlatka et al. proposed a solution using heterogeneous 

base classifier ensemble to improve the accuracy and 

running speed of human gait recognition. The research 

results showed that the proposed scheme has been tested 

on a sample of 322 people, with a recognition accuracy 

of up to 99.65%. The model construction time was less 

than 12.5 minutes, and the time required to identify a 

person was less than 0.1 seconds. The performance was 

significantly better than other methods in the literature 

[8]. Yan et al. proposed a new gait recognition 

framework to address performance issues caused by 

occlusion and viewpoint changes in gait recognition, as 

well as the problem of traditional time pools ignoring 

unique time information. The research results indicated 

that the framework could effectively extract adaptive 

structured spatial representations, aggregate multi-scale 

temporal information, and improve recognition accuracy, 

especially in complex scenes, with an average accuracy 

of 93.5% on the CASIA-B dataset [9]. 

In summary, significant progress has been made in 

the field of gait recognition, from gait feature extraction, 

temporal modeling to cross-perspective adaptation. Many 

scholars have applied deep learning techniques to gait 

recognition tasks and achieved certain results. Despite 

notable advances in gait recognition, several critical 

limitations persist in existing state-of-the-art models. 

Many approaches, such as those by Parashar et al. and 

Baniasad et al., either focus on static spatial features or 

rely heavily on wearable sensors, limiting their 

adaptability in vision-only, cross-view scenarios. Models 

like that of Yan et al. employ multi-scale temporal 

aggregation but still lack explicit mechanisms to capture 

global feature interactions across different spatial levels, 

which are essential for robustness under perspective 

changes. Moreover, methods using deep learning 

pipelines often ignore temporal attention granularity, 

leading to suboptimal performance when distinguishing 

subtle gait variations across sequences. Few works have 

integrated a structured propagation mechanism to ensure 

efficient multi-level feature fusion and comprehensive 

node traversal. These gaps highlight the necessity for a 

model that explicitly addresses both spatial hierarchy and 

temporal dynamics, motivating the design of BFS-guided, 

GRU-enhanced gait recognition framework. To provide a 

clear comparison between the proposed method and 

other state-of-the-art approaches, Table 1 summarizes 

key aspects of recent representative studies, including 

their methods, research content, datasets used, and 

performance indicators. 

 

Table 1: Performance comparison between the SOTA method and the model in this paper

Research Method Research content 
Dataset 

used 

Key performance 

indicators 
Reference 

Parashar et 

al. (2023) 

Deep learning 

pipeline for gait 

biometrics 

Addressing covariates 

like clothing and shoes 

in gait recognition 

Custom gait 

dataset 

Effective under low 

resolution, but 

performance drops under 

covariates 

[4] 

Castro et 

al. (2024) 

Hybrid protection 

with homomorphic 

Gait analysis for early 

dementia recognition 

Gait dataset 

(private) 

Accuracy loss up to 1.20, 

emphasizes 
[5] 
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encryption with 

privacy-preserving 

techniques 

security-performance 

tradeoff 

Baniasad 

et al. 

(2023) 

IMU-based 

segment 

recognition 

algorithm 

Recognition of body 

segment and limb side 

in gait using inertial 

sensors 

IMU sensor 

dataset 

Accuracy 99.7%, 

Precision 99.0% in 

0.5–2.2 m/s gait range 

[6] 

Zhang et 

al. (2023) 

Optical fiber sensor 

+ neural networks 

Abnormal gait 

recognition through 

muscle activation 

detection 

5-class gait 

dataset 

Recognition accuracy 

over 99%, better than 

conventional ML 

methods 

[7] 

Derlatka et 

al. (2023) 

Heterogeneous 

classifier ensemble 

Human gait 

recognition using 

classifier fusion 

Sample size 

322 

Accuracy 99.65%, 

identification time < 0.1s 
[8] 

Yan et al. 

(2024) 

Adaptive 

spatial-temporal 

aggregation 

network 

Occlusion- and 

viewpoint-robust gait 

recognition 

CASIA-B Average accuracy 93.5% [9] 

3 Methods 
The first section proposes a cross-perspective gait 

recognition model based on feature map interaction for 

cross-perspective gait recognition. At the same time, BFS 

algorithm is introduced to improve the problem of large 

parameter quantity. 

 

2.1 Cross-perspective gait recognition model 

based on feature map interaction 
In practical applications, people's gait characteristics 

may undergo significant changes due to factors such as  

 

 

shooting angle, perspective changes, lighting conditions, 

etc. Therefore, a cross-perspective gait recognition model 

based on feature map interaction is proposed in this study. 

To enhance the stability and convergence of the training 

process, min-max normalization is applied to all gait 

silhouette pixel values, scaling them to the range [0, 1]. 

This choice is motivated by its simplicity and 

effectiveness in preserving the structural consistency of 

grayscale images used in silhouette-based gait 

recognition. The structure of the model is shown in 

Figure 1. 

Input CNN CNN CNN
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Segment
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Figure 1: Cross-perspective gait recognition model based on feature map interaction 

 

As shown in Figure 1, multiple experimental 

devices collect different gait sequences, which are 

processed by the Temporal Spatial Multi-Feature 

Extraction (TASMF) module to generate cross device 

gait features. Gait sequences are captured using multiple 

fixed-angle video cameras positioned at different 

horizontal viewpoints (ranging from 0° to 180° with 18° 

intervals), simulating cross-view observation conditions.  

Each camera corresponds to a specific viewpoint and 

records RGB gait videos of each subject under three 

walking conditions: normal, carrying a bag, and wearing 

a coat. These RGB sequences are later converted into 

binary silhouette images through background subtraction 

preprocessing, which serve as the actual input to the 

proposed model. These features are then extracted using 

the Multi-Scale Spatial (MSP) module. The MSP module 

utilizes multiple CNNs to process gait images of 

different scales, enhancing the ability to express 

cross-perspective features by fusing multi-scale 

information [10]. These features then enter the temporal 

attention module, which combines GRU with GMP 

operations to capture temporal dependencies in gait 

sequences and focus on important time points, generating 

weighted temporal feature representations. Finally, the 
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features are used for classification through a Fully 

Connected layer (FC). After aggregation, these features 

enter the classifier to complete the recognition task and 

output the final gait classification result. By using a 

TASMF fusion structure that does not share parameters, 

shallow, middle, and deep information is extracted 

separately. The output features of each stage are 

segmented, and the gait sequence is cut into multiple 

segments. The maximum pooling operation is performed 

to obtain the feature map, which is expressed as equation 

(1). 

( )=out s slicex Maxpooling f (1) 

In equation (1), 
slicef  represents the sequence and 

( )sMaxpooling  represents the max pooling operation. 

The TASMF module is responsible for the initial 

preprocessing and structuring of gait sequence data 

before it is passed to the CNN-based multi-scale spatial 

feature extractors. Specifically, TASMF receives binary 

silhouette sequences and performs three operations: (1) 

Temporal segmentation – each gait sequence is divided 

into multiple fixed-length temporal slices to preserve 

motion continuity and reduce noise from long sequences. 

(2) Frame normalization – silhouette frames are aligned 

and resized to a uniform spatial resolution, ensuring 

consistent scale across viewpoints and walking styles. (3) 

Feature stacking-segmented frame sets are converted into 

structured tensors, where temporal and spatial 

information is jointly encoded, allowing downstream 

CNN modules to extract joint spatial-temporal patterns. 

This preprocessing enables the model to retain localized 

motion details while also providing a consistent input 

format for subsequent convolutional processing in the 

MSP modules. The temporal attention module is 

constructed using GRU as the basic algorithm, and its 

structure is shown in Figure 2. 

In Figure 2, this module models the temporal 

dependencies in a gait sequence and emphasizes key time 

steps. "Conv8" denotes an 8-channel convolutional layer 

applied to extract preliminary spatial features. 

"Segmentation" divides the temporal dimension of the 

input into fixed-length slices. "GMP" stands for Global 

Max Pooling, used to compress spatial dimensions and 

highlight dominant features. "Max Pooling" reduces 

temporal resolution and noise by selecting maximum 

values across segmented frames. "GRU" refers to a 

bidirectional Gated Recurrent Unit layer that captures 

long-range temporal dependencies. "Norm" indicates 

batch normalization, which stabilizes training and 

improves convergence. The final output is a 

temporally-weighted feature vector passed to the 

classification stage. The symbol 's' represents the number 

of temporal segments after slicing the input gait sequence. 

The original input is a sequence of binary silhouette 

frames with spatial dimensions height (h), width (w), and 

channel (c). After applying the Conv8 convolutional 

layer, the sequence is temporally segmented into 's' slices, 

each containing a fixed number of consecutive frames. 

These segments form a 4D tensor of shape (s, c, h, w), 

where each slice retains the original spatial resolution but 

is treated as an independent temporal unit for attention 

modeling. Firstly, the input feature map undergoes 

Conv8 convolution operation to extract preliminary 

spatial features and form a feature map with a size of s × 

c × h × w. Subsequently, through GMP operation, the 

input feature map is globally pooled in spatial dimension 

to obtain a feature matrix with a size of s × c. Next, the 

features are segmented and the sequence is divided into T 

time steps, outputting a feature representation in the s/T 

× c dimension. Further max pooling is performed to 

compress the time dimension and obtain a more 

concentrated temporal feature representation. Next, these 

features are input into the GRU, which captures the 

temporal dependencies of gait features through a 

bidirectional GRU structure, while enhancing attention 

weight allocation for critical time steps [11-12]. The 

output temporal features are batch normalized to improve 

the stability and training efficiency of the model. Finally, 

the temporal features are mapped to classification scores. 

The MSP module is designed to enhance the spatial 

feature representation by capturing gait features at 

different resolutions. Specifically, each input silhouette 

sequence is resized into three spatial scales: a shallow 

resolution (e.g., 64×64), a middle resolution (e.g., 

96×96), and a deep/full resolution (e.g., 128×128). These 

versions preserve different levels of detail: shallow 

inputs capture global body posture, while deeper inputs 

retain fine-grained motion and contour information. Each 

scaled input is independently processed through a 

dedicated CNN branch, forming a parallel architecture. 

These branches are composed of convolutional layers 

with identical configurations but operate on different 

input resolutions. After processing, each CNN outputs a 

spatial feature map that is temporally aligned. The 

outputs are then passed to the feature fusion pipeline, 

where pooling, reshaping, and concatenation are applied 

to integrate the three scales into a unified global 

representation. This parallel multi-resolution strategy 

ensures the model can extract both coarse and fine spatial 

details, improving robustness under viewpoint variation 

and body occlusion. The expression for maximum value 

pooling for each time period is shown in equation (2). 

( )=T s slicex Maxpooling x ( )=T s slicex Maxpooling x (2) 

In equation (2), 
Tx  represents the feature after max 

pooling, and the expression for temporal attention score 

is shown in equation (3). 

( )=score slicex GRU x (3) 

In equation (3), 
scorex  represents the temporal 

attention score. The MSP structure is shown in Figure 3. 
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Figure 3: Multi-scale pyramid feature fusion structure 

 

As illustrated in Figure 3, the proposed MSP fusion 

module receives three independent inputs corresponding 

to shallow, middle, and deep spatial features extracted 

from different CNN branches. Each input branch 

undergoes the following processing steps: Frame Max: 

applies temporal max pooling across each frame 

sequence to extract the most salient feature from each 

frame. Multi-scale feature fusion: applies dilated 

convolutions with varying receptive fields to capture 

local and global context at different scales. Reshape: 

reshapes the output into a flattened form suitable for 

fully connected layers. Pooling: performs dimensionality 

reduction to retain only key information. FC: applies a 

fully connected layer to generate a compact feature 

vector for each scale. These three vectors-representing 

shallows, middle, and deep scale features-are then passed 

to the Montage node. The Montage operation refers to 

the concatenation of the three feature vectors into a 

single comprehensive feature vector. This operation 

enables the integration of low-level (texture/edge), 

mid-level (shape/pose), and high-level (semantic/global) 

spatial features. The resulting unified representation is 

then fed to the final classification stage. The structure of 

the multi-scale pyramid feature fusion module mainly 

processes spatiotemporal features of shallow, middle, and 

deep layers, achieving effective fusion of multi-level 

features [13-14]. The FrameMax operation is designed to 

extract the most salient spatial representation across 

temporal frames within a given feature stream. For each 

of the three scale branches (shallow, middle, deep), the 

input to FrameMax is a 4D tensor of shape (T, C, H, W), 

where T is the number of frames in the sequence, and C, 

H, W denote channel, height, and width respectively. 

FrameMax applies a temporal max pooling operation 

along the T dimension at each spatial location, resulting 

in a 3D tensor of shape (C, H, W). This operation 

captures the strongest activation at each spatial position 

across the entire sequence, effectively summarizing 

motion dynamics over time. Firstly, the three sets of 

features are maximally pooled in the temporal dimension 

through FrameMax operation, extracting important 

information from each frame to obtain a temporal feature 

map, which is expressed as equation (4). 

FrameMax( )= out scorex x x (4) 

In equation (4), FrameMax( )  represents max 

pooling multiple feature maps. Through the multi-scale 

spatial feature fusion module, different scales of feature 

information are processed separately. Subsequently, 

through the Reshape operation, the feature map is 

reshaped into a shape suitable for subsequent network 

inputs, forming feature representations in k1, k2, and k3 

dimensions. The next pooling operation performs spatial 

dimensionality reduction on the reshaped feature map, 

further compressing redundant information and 

extracting key features. After dimensionality reduction, 

the features are input into FCs, and the shallow, middle, 

and deep features are further mapped into new feature 

vectors [15]. Finally, the three sets of feature vectors are 

fused at multiple scales through concatenation, resulting 

in a global feature representation with dimensions c × 

(k1+k2+k3). For the basic features extracted through 

multi-stage feature extraction modules, different dilated 

convolutions are used to obtain receptive fields. The 

structure of the multi-scale spatial feature fusion module 

is shown in Figure 4. 



280   Informatica 49 (2025) 275–288 J. Liu et al. 

w

h

c

Conv_a

Conv_b

Conv_c

Conv

w

h

c

 

Figure 4: Multi-scale spatial feature fusion module structure 

 

In Figure 4, this structure extracts and fuses spatial 

features through convolution operations at different 

scales, enhancing the overall feature representation 

ability. The channels, heights, and widths of the input 

feature map are convolved using three different 

convolution kernels. Each convolution kernel is 

responsible for capturing spatial information at different 

scales, focusing on detail features, local features, and 

global features [16]. Next, the three convolution results 

are used for feature fusion, which is achieved by adding 

or concatenating elements one by one to 

comprehensively express spatial features of different 

scales. The fused feature map is further processed 

through an additional unified convolution operation, and 

the final output feature map maintains the same 

dimension as the input feature map. 

 

2.2 Cross-perspective gait recognition model 

combining BFS algorithm and feature map 

interaction 
Although the proposed cross-perspective gait 

recognition model based on feature map interaction can 

solve some cross-perspective gait recognition problems, 

it has a large number of parameters and a long training 

time. Therefore, the study introduces BFS to improve it. 

The BFS algorithm traverses the nodes in the feature 

map in a layer-by-layer fashion, where each layer 

corresponds to the set of nodes that are reachable from 

the starting node in the same number of steps. This 

traversal mechanism ensures that nodes are visited in 

increasing topological distance, meaning that the 

shortest unweighted path to each reachable node is 

discovered naturally as a property of the traversal 

order. This structure supports comprehensive spatial 

propagation and enables effective feature interaction 

across receptive fields [17]. Compared with other 

feature propagation strategies such as Depth-First Search 

(DFS) or random traversal, the proposed use of BFS 

ensures a layer-wise, hierarchical traversal of feature 

map nodes, which aligns with the convolutional layer 

depth structure in CNNs. BFS allows the model to 

gradually aggregate spatial information from local to 

global across all receptive fields, thus supporting 

structured and scalable multi-scale feature fusion. DFS, 

in contrast, is more suited for exhaustive, 

non-hierarchical exploration and lacks the regularity 

needed for structured node updating in convolutional 

feature maps. BFS provides a balance between 

computational efficiency and structural completeness. It 

updates each feature node based on its neighborhood in a 

breadth-prioritized manner, ensuring that spatial 

dependencies are fully captured with controlled 

computational overhead. This makes BFS especially 

suitable for tasks requiring global feature consistency, 

such as gait recognition under varying viewpoints. The 

principle is shown in Figure 5. 

To conceptually illustrate the behavior of the BFS 

algorithm, Figure 5 demonstrates a simplified traversal 

process on a feature node map. The traversal begins at 

node A, which first visits its immediate neighbors B and 

C. In the next iteration, nodes B and C each visit their 

respective neighbors E and F. The corresponding binary 

matrix reflects which nodes have been marked as 

"visited" at each stage. This visualization highlights the 

layer-wise node expansion property of BFS, where nodes 

are explored in increasing order of their minimal 

topological distance from the root node. It is worth 

noting that some nodes such as D are included in the 

structure but not traversed in this simplified 

demonstration, and thus are intentionally excluded from 

the visitation matrix. Starting with node A, it is gradually 

extended to neighbouring nodes at different levels by 

three traversals. In the first image, node A is visited and 

located at the starting layer of the search. At this time, 

the leading edge set only contains A, and the 

corresponding encoding for f is 1, indicating that A has 

been visited, while other nodes are 0. In the second 

figure, B and C are visited as neighboring nodes of A, 

entering the next layer's frontier set. f is updated to 

011000, indicating that nodes B and C are marked as 

visited. In the third figure, nodes E and F are extended as 

neighboring nodes of nodes B and C into a new layer of 

frontier set, with f updated to 010111, indicating that E 

and F are also accessed, and the frontier set is extended 

to more nodes. In the process of multi-scale feature map 

interaction, node expansion is carried out in a breadth 

first manner, gradually fusing feature information from 

different perspectives from shallow to deep layers, 

ensuring that feature extraction has global and 

hierarchical characteristics [18]. BFS searches layer by 
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layer on the feature map and updates the status of nodes 

in order of distance priority. In the initial state, all nodes 

are set to an unvisited state, and the starting node joins 

the queue while being marked as visited. Its expression is 

shown in equation (5). 

0

0

{ }

visited[ ] 1

=


=

Q v

v
(5) 

In equation (5), Q  represents the queue, and 

visited  represents whether the node has been accessed. 

BFS retrieves a node from the head of queue Q  each 

time, accesses all neighboring nodes of that node, and 

updates the rules accordingly. In the BFS traversal 

mechanism, the study initializes a queue Q to manage 

the order of node expansion. Q = {v} indicates that the 

traversal begins from the starting node v, which 

corresponds to the initial active feature node on the 

feature map. The queue structure ensures that nodes are 

explored in a first-in, first-out manner, consistent with 

the breadth-first expansion strategy. To prevent revisiting 

the same node, the study maintains a binary visited array 

where visited[i] = 1 signifies that node i has already been 

processed. Therefore, visited[v] = 1 sets the visitation 

flag of the starting node immediately upon enqueueing. 

This prevents redundant enqueue operations during 

subsequent neighbor expansion stages. The rule 

expression is shown in equation (6). 

ifvisited[ ] 0 .enqueue( ), visited[ ] 1=  =u Q u u (6) 

Equation (6) represents adding node u  to queue 

Q  and marking node u  as visited if it has not been 

accessed. If it is necessary to calculate the shortest path 

from the starting node to any node, the update formula is 

shown in equation (7). 

[ ] [ ] 1= +d u d v (7) 

In equation (7), [ ]d u  represents the shortest path 

distance from node u  to the starting node, and [ ]d v  

represents the distance from the current node v  to the 

starting node. When queue Q  is empty, BFS ends and 

all reachable nodes are accessed. The structure of the 

cross-perspective gait recognition model combining BFS 

algorithm and feature map interaction is shown in Figure 

6. 
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Figure 5: BFS schematic diagram 
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Figure 6: The BFS-CNN-GMP-GRU-MSP model structure 

 

In Figure 6, firstly, the gait video sequence or image 

is input into the model and preprocessed to generate 

multi-scale feature maps, including shallow, middle, and 

deep features. Next, spatial features are extracted using 

convolution kernels of different scales to form an initial 

multi-level feature representation. Subsequently, the BFS 

algorithm is used to search and interact nodes on the 

feature map, traversing the nodes layer by layer in 

breadth first order. Through the propagation and 

accumulation of information from neighboring nodes, the 

feature representation is gradually updated to ensure 

global coverage and feature integrity of spatial 
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information. The queue definition update rule is shown in 

equation (8). 
1

, , ,
( , ) ( , )

+



= +  t t t

i j i j m n
m n N i j

f f W f (8) 

In equation (8), 1

,

+t

i jf  represents the feature values 

of the updated node in the 1+t th layer search, 
,

t

i jf  

represents the initial feature values of the t th layer node, 

( , )N i j  represents the set of neighboring nodes of node 

( , )i j , and W  represents the weight matrix used to 

control the importance of feature propagation. For 

feature maps at different levels, multi-scale spatial 

feature fusion is performed separately, using pooling 

operations to reduce feature dimensions while preserving 

key information. Next, features of different scales are 

fused through concatenation operations to form a unified 

global feature representation. Its expression is shown in 

equation (9). 

fused Concat( ( ), ( ), ( ))= a b cF P F P F P F (9) 

In equation (9), ( )P  represents pooling operation, 

used to compress the dimensionality of feature maps, and 

Concat  represents feature concatenation operation, 

which combines features of different scales into global 

features. Finally, the fused global features are input into 

the FC, and the recognition results are output by the 

classifier, while the cross-entropy loss function is used to 

optimize the model.  

In summary, Figure 6 illustrates the overall 

workflow of the proposed gait recognition model that 

integrates BFS, convolutional feature extraction, 

temporal modeling, and multi-scale feature fusion. The 

process begins with input gait images or sequences, 

which are fed into three parallel CNN branches to extract 

shallow, middle, and deep spatial features. These features 

are then processed through segmentation and GMP to 

reduce spatial dimensions while preserving key 

information. Next, the BFS mechanism is applied across 

feature map nodes to propagate information layer by 

layer, ensuring global spatial interaction and continuity 

across different scales. The GRU module is used to 

model temporal dependencies across gait frames, while 

GMP highlights key frames that contribute most to 

classification. Finally, the multi-stage features are fused 

in the Multi-Scale Pyramid module and passed through a 

fully connected layer for final gait classification. This 

architecture allows the model to combine spatial, 

temporal, and hierarchical cues effectively, resulting in 

high performance under varied viewing conditions. The 

BFS pseudocode is shown in Figure 7. 

Input: Feature map nodes F = {f_ij}, Adjacency matrix A

Output: Updated feature representations F'

1: Initialize queue Q     

2: Initialize visited[ij]   False for all nodes (i, j)

3: For each starting node (i, j):

4:     Q.enqueue((i, j))

5:     visited[ij]   True

6:     while Q is not empty:

7:         (i, j)   Q.dequeue()

8:         for each neighbor (m, n) of (i, j) in A:

9:             if not visited[mn]:

10:                 F[mn]   F[mn] + W × F[ij]

11:                 Q.enqueue((m, n))

12:                 visited[mn]   True

13: Return F'

Breadth-First Search Based Feature Propagation on Feature Maps

Figure 7: BFS pseudocode 

4 Results 
The first sub-section analyzes the performance of a 

cross-perspective gait recognition model that combines 

BFS algorithm and feature map interaction. The second 

sub-section applies it to practical applications and tests 

its performance. 

 

3.1 Performance analysis of 

cross-perspective gait recognition model 

combining BFS algorithm and feature map 

interaction 
In this section, the study evaluated the performance 

of our proposed and baseline models using the following 

metrics: Accuracy (ACC): The ratio of correctly 

classified gait sequences to the total number of test 

samples. F1 score (F1): The harmonic mean of precision 

and recall, used to assess classification balance. Error 

Rate: Defined as 1 minus the classification accuracy, 

indicating the proportion of misclassified samples. Root 

Mean Square Error (RMSE): Used to measure the 

deviation between predicted gait contour positions and 

ground-truth. Mean Square Error (MSE): Represents the 

average squared error between predicted and actual 

silhouette values, primarily applied to regression-based 

silhouette reconstruction results in Table 3. These metrics 

provide both classification-level and reconstruction-level 

insights into model performance. Particularly, MSE and 

RMSE quantify spatial consistency of silhouette 

generation, while F1 and ACC reflect recognition 

precision. 
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The experimental hardware configuration used Intel 

Core i5-8750H CPU, NVIDIA Geforce GTX2080Ti 

GPU, 8GB VRAM, and 16GB RAM. All experiments in 

this study were conducted using the CASIA-B gait 

dataset, a widely used public benchmark for gait 

recognition research. The dataset was developed by the 

Institute of Automation, Chinese Academy of Sciences, 

and contains gait sequences from 124 subjects recorded 

under 11 different view angles ranging from 0° to 180° at 

18° intervals. Each subject was recorded under three 

walking conditions: normal walking, walking while 

carrying a bag, and walking while wearing a coat. The 

dataset provides both RGB video and silhouette binary 

images. In this study, the silhouette sequences were used 

after background subtraction, as they are less sensitive to 

clothing and lighting variations. To ensure optimal model 

performance, several core components underwent 

empirical tuning using validation ACC as the objective. 

For CNN layers, a kernel size of 3×3 with ReLU 

activation was selected to balance locality and 

non-linearity. All convolution blocks were followed by 

Batch Normalization and MaxPooling layers with stride 

2 to reduce spatial dimensions and control overfitting. 

For the GRU module, the number of hidden units was set 

to 128 after grid search testing over {64, 128, 256}. A 

bidirectional GRU was used to better capture temporal 

dependencies across gait sequences. In pooling 

operations, GMP was chosen over average pooling based 

on its stronger ability to highlight key discriminative 

frames in gait sequences. Dropout layers (rate = 0.5) 

were inserted after dense layers to improve 

generalization. 

The study selected CNN-GRU-MSP and 

CNN-GMP-MSP as comparative models, named Model 

1 and Model 2, and named the proposed model Model 3. 

The performance of each model was analyzed, and the 

results are shown in Figure 8. 
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Figure 8: Comparison of ACC and RMSE among three gait recognition models on CASIA-B dataset 
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Figure 9: Recognition time and error rate of three models under different viewpoint directions 

 

Figure 8 (a) shows the comparison of ACC between 

different models during the iteration process, and Figure 

8 (b) shows the comparison of root mean square error 

(RMSE) between different models. From Figure 8 (a), 

Model 3 performed the best, with ACC quickly reaching 

a stable value of 0.97 after about 20 iterations, with the 

fastest convergence speed and highest ACC. Model 2 

followed closely and stabilized at 0.87 after about 50 

iterations, with higher ACC but slower convergence 

speed than Model 3. Model 1 performed the worst, 

converging after 100 iterations, with a final ACC of only 

0.76. In Figure 8 (b), Model 3 had the lowest RMSE, 



284   Informatica 49 (2025) 275–288 J. Liu et al. 

which rapidly decreased and stabilized at 0.09 after about 

50 iterations, indicating that it had the smallest error and 

the strongest generalization ability. The RMSE of Model 

2 was 0.16, with a slightly slower stabilization time but 

still better than Model 1. The RMSE of Model 1 

converged slowly, with a final error of 0.26 and the 

maximum error. The experimental results showed that 

the proposed Model 3 had high ACC and low error in 

cross prospective gait recognition, exhibiting the best 

performance and robustness. The gait data were selected 

in different directions and the data were collected from 1 

different viewpoint with an angle range of 0° to 180° and 

an interval of 18°, and the results are shown in Figure 9. 

Figure 9 (a) shows a comparison of the recognition 

time of three models for different directions, and Figure 

9 (b) shows a comparison of the recognition errors of 

three models for different directions. According to Figure 

9 (a), Model 1 had the longest duration, with some 

directions such as Direction 1 and Direction 7 taking 

nearly 3 seconds. The recognition time of Model 2 was 

shortened, with most directions ranging from 1.5 to 2.5 

seconds. Model 3 performed the best with the shortest 

time, with most directions taking less than 1.5 seconds, 

especially in directions 4 and 10 where the time was 

close to 1 second. From Figure 9 (b), Model 1 had the 

highest error rate, especially in direction 7 where the 

error rate was close to 0.05, indicating that Model 1 had 

weak adaptability to complex direction or perspective 

changes. The error rate of Model 2 was reduced, with 

most directions remaining between 0.02 and 0.03, 

indicating that the GMP module enhanced its ability to 

screen features, but its adaptability to complex directions 

was still limited. The error rate of Model 3 was the 

lowest, with an overall error rate below 0.02, and the 

error rates of Direction 3 and Direction 9 were close to 

0.01. The experimental results showed that the proposed 

Model 3 had excellent model performance. Using 

ablation experiments, the performance of each part of the 

model was analyzed, and the results are shown in Table 

2. 

 

Table 2: Ablation test table 

Model ACC RMSE Recognition time/s Error rate 

BFS-CNN-GMP-GRU-MSP 0.97 0.09 1.2 0.012 

BFS-CNN-GMP-GRU 0.91 0.13 1.8 0.018 

BFS-CNN-GRU-MSP 0.85 0.21 1.5 0.025 

BFS-CNN-GMP-MSP 0.88 0.17 1.7 0.02 

CNN-GMP-GRU-MSP 0.83 0.24 2.0 0.032 

Model F1 Recall Precision / 

BFS-CNN-GMP-GRU-MSP 0.96 0.95 0.97 / 

BFS-CNN-GMP-GRU 0.89 0.88 0.90 / 

BFS-CNN-GRU-MSP 0.82 0.81 0.83 / 

BFS-CNN-GMP-MSP 0.86 0.84 0.87 / 

CNN-GMP-GRU-MSP 0.80 0.79 0.82 / 

 

According to Table 2, BFS-CNN-GMP-GRU-MSP 

performed the best, with ACC reaching 0.97, RMSE 

being the lowest at 0.09, recognition time only 1.2 

seconds, error rate being the lowest at 0.012, F1 score, 

recall rate, and ACC rate being 0.96, 0.95, and 0.97, 

respectively. This indicated that the BFS algorithm 

combined with multiple modules could efficiently extract 

cross-perspective gait features, and the model had high 

ACC and excellent computational efficiency. After 

removing BFS, the model BFS-CNN-GMP-GRU showed 

a decrease in ACC to 0.91, an increase in RMSE to 0.13, 

an increase in recognition time to 1.8 seconds, and an 

increase in error rate to 0.018, demonstrating the 

importance of BFS algorithm in accelerating feature 

propagation and optimizing ACC. The performance of 

the BFS-CNN-GRU-MSP model after removing GMP 

decreased significantly, with ACC at 0.85, RMSE 

increasing to 0.21, and error rate increasing to 0.025, 

indicating that the GMP module played a key role in 

feature screening and noise reduction. After removing the 

GRU from the BFS-CNN-GMP-MSP model, the ACC 

decreased to 0.88 and the RMSE was 0.17, indicating 

that GRU had a significant effect on time series feature  

 

modeling. While the ablation results in Table 2 

demonstrate noticeable drops in performance when 

individual modules are removed (e.g., GMP, GRU, or 

BFS), The study acknowledge that these tests evaluate 

components in isolation and do not capture potential 

interaction effects between modules. To more rigorously 

assess these relationships, a full-factorial ablation 

analysis would be necessary. However, given space 

constraints, we focused on evaluating the marginal 

contribution of each module. In future work, we plan to 

investigate combinatorial ablations (e.g., removing both 

GRU and GMP) to better understand interdependencies 

and possible synergy among architectural components. 

To verify the statistical significance of the observed 

performance differences, pairwise two-tailed t-tests were 

conducted between the proposed model and the baselines 

(CNN-GRU-MSP and CNN-GMP-MSP). The results 

indicated that the improvements in ACC (p < 0.01) and 

F1 score (p < 0.01) were statistically significant across 

all tested conditions. 
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3.2 Simulation result analysis 
The study selected CNN-GRU-MSP and 

CNN-GMP-MSP as comparative models, named Model 

1 and Model 2, and named the proposed model Model 3.  

To further validate the performance of the model, 

simulation analysis was used to analyze the images in 

actual situations, and the results are shown in Figure 10. 
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Figure 10: F1 and ACC comparison of three models under varying training data volumes 

 

Figure 10 (a) shows the F1 scores of the three 

models under different data volumes, and Figure 10 (b) 

shows the ACC of the three models under different data 

volumes. As shown in Figure 10, both ACC and F1 

generally increased for Model 1 and Model 3 as training 

data volume grows, demonstrating improved 

generalization ability. However, Model 2 exhibited a 

decline in F1 after a certain data threshold, despite its 

ACC still increasing slightly. This behavior suggested 

that Model 2 may become overfitted to dominant class 

patterns in the expanded dataset, leading to degraded 

recall and thus lower F1. This implies that without BFS 

or GRU integration, the model lacks sufficient temporal 

representation or inter-feature interaction to maintain 

balanced classification under more diverse gait inputs. In 

contrast, Model 3 maintained consistent or even slightly 

improved F1 performance across scales, validating the 

contribution of BFS-driven feature propagation and 

GRU-based temporal modeling in resisting overfitting 

and improving classification robustness. The 

experimental results showed that the proposed model 

performed the best in both F1 score and ACC, with better 

generalization and data utilization ability. The 

recognition performance of each model was analyzed, 

and the results are shown in Figure 11. 

Figure 11 (a) shows the original image, while 

Figures 11 (b), 11 (c), and 11 (d) respectively 

demonstrate the recognition performance of Model 1, 

Model 2, and Model 3. From Figure 11, the original gait 

image contained the contours of pedestrians walking. 

Although Model 1 could locate the contours of 

pedestrians, there were obvious local truncation 

phenomena, such as missing information in the legs and 

head. Model 2 showed some improvement in the 

localization process, but there were still issues with false 

positives and feature truncation, such as incomplete 

extraction of the leg region and inaccurate alignment of 

some red boxes with the contour edges. The 

comprehensive performance of each model was analyzed, 

and the results are shown in Table 3. 

(a) Original image

(c) Model 2 (d) Model 3

(b) Model 1

 

Figure 11: Visualization of gait contour recognition outputs for the three models 
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Table 3: Comprehensive performance analysis of the model 

Type Model ACC F1 RMSE MSE Time/s 

Normal 

Model 1 0.84 0.82 0.22 0.048 2.0 

Model 2 0.92 0.89 0.12 0.014 1.6 

Model 3 0.97 0.96 0.09 0.008 1.2 

Carrying a 

bag 

Model 1 0.79 0.76 0.25 0.063 2.1 

Model 2 0.88 0.85 0.14 0.02 1.7 

Model 3 0.94 0.92 0.11 0.012 1.4 

Clothing 

Model 1 0.76 0.74 0.28 0.078 2.3 

Model 2 0.86 0.82 0.16 0.025 1.8 

Model 3 0.91 0.89 0.14 0.02 1.5 

 

According to Table 3, under normal gait, Model 3 had an 

ACC of 0.97, an F1 score of 0.96, the lowest RMSE of 

0.09, and the shortest recognition time of 1.2 seconds. 

Model 2 had an ACC of 0.92, while Model 1 had an ACC 

of only 0.84, an RMSE of up to 0.22, and a recognition 

time of 2.0 seconds. In the state of carrying objects, 

Model 3 had a stable ACC of 0.94 and RMSE of 0.11, 

while Model 2 and Model 1 had ACC of 0.88 and 0.79, 

respectively.  

4  Discussion 

The experimental results and comparative analysis 

in Related Works clearly demonstrated that the proposed 

BFS-CNN-GMP-GRU-MSP model outperformed 

existing gait recognition methods in multiple evaluation 

metrics. Compared to models like that of Yan et al., the 

proposed model achieved 93.5% ACC on the CASIA-B 

dataset, The study model achieves up to 97.0% accuracy 

under normal conditions and maintains robust 

performance (94.0% and 91.0%) under challenging 

conditions such as carrying objects or wearing clothing. 

This performance gain is primarily attributed to two core 

innovations: the BFS-driven global feature propagation 

and the multi-scale feature map interaction. The BFS 

algorithm ensures exhaustive traversal of feature nodes 

across all spatial scales, allowing the model to capture 

hierarchical and contextual spatial patterns that static 

CNN layers or short-range skip connections might miss. 

This contributes to the model’s superior generalization 

across viewpoints. Meanwhile, the multi-stage feature 

map interaction enables the fusion of shallow, middle, 

and deep spatial features, preserving both local detail and 

global structure. Combined with GRU-enhanced 

temporal modeling, the model can dynamically allocate 

attention to key gait frames, thereby reducing temporal 

noise and enhancing feature stability. However, these 

performance benefits come at a computational cost. The 

inclusion of multi-branch CNN modules, GRU layers, 

and BFS-based traversal increases both model 

complexity and training time. For instance, compared to 

baseline CNN-GRU-MSP models, the designed model 

takes approximately 30%–40% longer to train and 

requires more GPU memory during inference. While this 

trade-off is acceptable in offline or controlled 

environments, it may limit the model’s deployment in 

resource-constrained scenarios such as edge devices or  

 

mobile platforms. To mitigate these inefficiencies, future 

work could explore lightweight alternatives. These 

include pruning and quantization strategies for CNNs, 

replacing GRUs with more efficient attention-only 

mechanisms, or using graph convolutional 

approximations to emulate BFS behavior without full 

traversal overhead. Moreover, a dynamic 

perspective-adaptive module could be integrated to 

adjust feature processing based on input complexity, 

further improving computation-to-accuracy ratios. 

In summary, the proposed method demonstrates 

superior robustness and accuracy in cross-view gait 

recognition, driven by its spatial-temporal fusion strategy. 

While computational costs are a concern, they are 

justified by the substantial gains in recognition 

performance. Nonetheless, ongoing optimization of 

model efficiency remains an important future direction. 

5  Conclusion 

A gait recognition model combining BFS algorithm 

and multi-scale feature map interaction was proposed to 

address the issues of viewpoint changes and 

computational efficiency in cross-perspective gait 

recognition. The model extracted multi-scale spatial 

features of shallow, middle, and deep layers through 

CNN. The BFS algorithm searched for nodes in the 

feature map layer by layer to ensure the propagation and 

fusion of global information. In the ablation experiment, 

after removing the BFS algorithm, the ACC of the model 

decreased to 0.91, the RMSE increased to 0.13, and the 

recognition time increased to 1.8 seconds, indicating the 

critical role of BFS in global feature map search and 

information propagation. After removing the GMP 

module, the RMSE further increased to 0.21, indicating 

that GMP effectively strengthened the feature weights at 

key time points. When removing GRU, the 

time-dependent characteristics of the model were 

suppressed, and the RMSE reached 0.17, highlighting the 

importance of GRU in temporal modeling. The research 

results indicated that the proposed model had excellent 

model performance. Although the study has achieved 

good results, there is still room for optimization in terms 

of computational complexity and training time on 

large-scale datasets. In the future, it will further combine 

lightweight networks with adaptive feature selection 

strategies to improve the computational efficiency and 
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generalization ability of the model in practical 

application scenarios. 
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In renewable energy management, the precise prediction of wind power generation remains a major 

challenge. This study proposes an integrated approach employing an artificial neural network (ANN) and 

a support vector machine (SVM) to construct a robust short-term prediction model for wind energy output. 

Central to this research is the utilization of a power station as the subject of analysis, wherein historical 

meteorological data and concurrent power generation figures form the foundational dataset. Employing 

a backpropagation (BP) neural network and support vector regression (SVR), the model adeptly 

synthesizes the data, facilitating predictions with satisfactory accuracy. The hybrid model exhibits a root 

mean square error (RMSE) of 0.18033, slightly higher than the backpropagation neural network (BPNN) 

model's 0.1796. However, it exhibits significantly enhanced stability under extreme weather conditions, 

reducing error fluctuation by 14.3% and maximum error by 18.1%. Given that power dispatch systems 

prioritize prediction stability over absolute accuracy—as sudden fluctuations can cause outages—this 

model achieves critical reliability by sacrificing only 0.0007 RMSE, thereby aligning with practical 

engineering requirements. 

Povzetek: Raziskava preučuje interakcijo med umetno inteligenco in kognitivnim modeliranjem za 

izboljšanje odločanja. Eksperimentalni izidi potrjujejo pomembne izboljšave napovedne uspešnosti, kar 

poudarja potencial hibridnih računalniških okvirov za napredovanje inteligentnih sistemov in 

interdisciplinarnih aplikacij v dinamičnih okoljih. 

 

1 Introduction 
Owing to swift economic growth, the societal need for 

electric energy is growing on a daily basis. Electric energy 

has become an essential source of energy in everyday life 

[1]. Simultaneously, as knowledge advances and 

environmental awareness increases, renewable energy 

sources (RESs), including solar energy, wind energy, 

hydro energy, and geothermal energy, have emerged as 

the primary focus of research in the pursuit of eco-friendly 

power generation methods. Investigating renewable 

energy sources (RESs), such as solar energy, wind energy, 

hydro energy, and geothermal energy, has emerged as the 

primary focus of human endeavors in the realm of eco-

friendly power production. Electricity is a crucial 

secondary energy source for the advancement of modern 

society, and optimizing the conversion of these emerging 

energy sources into electricity is a key aspect of the future 

energy revolution. 

The wind resources on Earth are plentiful, and the 

overall quantity of wind energy is approximately three 

times the global energy consumption. Each utilization of 

wind energy has the potential to decrease global energy 

consumption, and China accounts for almost 50% of the 

world's total wind energy resources. Utilizing the entirety 

of the wind energy available for electricity generation will 

greatly propel China's energy reform. Currently, wind 

power is essential for conserving energy, alleviating  

 

power supply constraints, and promoting energy 

efficiency because of the state's endorsement and 

assistance [2]. 

Research on wind power forecasting originated 

internationally in the 1970s. During that period, a 

laboratory in the United States recognized the need to 

accurately predict short-term wind speed and wind output 

for power firms. Presently, their theoretical system has 

reached a high level of maturity. Traditional wind power 

prediction models have successfully integrated numerical 

weather prediction (NWP) data into their research. These 

models exhibit minimal prediction errors and yield 

favourable results. Consequently, they are suitable for 

practical implementation in large-scale grid-connected 

wind power dispatch. The majority of existing wind power 

prediction systems globally utilize numerical 

meteorological forecast data as the input parameter for the 

learning algorithm, which then forecasts the future wind 

power. Machine learning models are increasingly popular 

in wind energy prediction because of their powerful ability 

to learn complex nonlinear relationships between data. 

Machine learning models are categorized into three 

different types: supervised learning, unsupervised 

learning, and semisupervised learning. A wide range of 

traditional supervised machine learning models, such as 

regression analysis [3], SVM [4], tree-based models [5], 

and traditional artificial neural networks [6, 7], have been 

applied to predict the wind power (WP) of individual wind 
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turbines. Bouche et al. [8] primarily examined the short-

term prediction of wind speed and wind power. It employs 

machine learning techniques to integrate the results of 

numerical weather prediction models with local data. 

Niksa-Rynkiewicz et al. [9] employed diverse forms of 

deep neural networks (DNNs) to address the issue of 

predicting short-term wind power generation (STWPP) 

via an intelligent approach. The primary benefit of this 

system is its ability to make accurate predictions by 

utilizing only a small number of parameters. Accurate 

wind power forecasting is crucial for wind farms because 

of the significant expansion and great potential of wind 

power generation as a renewable energy source. 

To optimize the system cost, a neural network 

structure for wind power prediction that directly considers 

different energy system conditions was proposed in the 

literature [10]. This approach led to a more consistent 

prediction performance and reduced the error variance by 

70%. On the other hand, Al-qaness et al. [11] developed 

an efficient forecasting model via a nature-inspired 

optimization algorithm and proposed an optimized 

dendritic neural regression (DNR) model for wind energy 

forecasting. The model achieved excellent results in the 

evaluation of the dataset. 

The exploration of wind power prediction in China 

started late, and research was not conducted until the end 

of the 20th century; however, research and development 

were fast. Despite its late start, China has made 

remarkable progress in wind power prediction research, 

driven by the increasing demand for renewable energy and 

the development of related technologies. Owing to the 

lack of numerical weather forecast data dedicated to wind 

power prediction, researchers focused mainly on the 

theoretical exploration of ultrashort-term prediction via 

prediction methods, including time series, artificial neural 

networks, and support vector machines. 

In the study [12], historical wind power time series 

data were used to calculate financial and technical 

indicators. Then, the Monte Carlo method and rank-based 

ant colony algorithm are employed to optimize the 

parameters for the calculation of these financial technical 

indicators. Finally, the XGBoost algorithm, which 

combines financial and technical indicators with historical 

power data, is used to predict future wind power. An 

optimal ensemble method is proposed in the literature [13] 

for wind power generation forecasting. The ensemble 

forecasting method is the most commonly used method in 

weather forecasting and combines several different 

forecasting models to improve forecasting accuracy. In 

addition, Sasser et al. [14] proposed a decision tree model 

that combines the rotor-equivalent wind speed and lapse 

rate. It employs a decision tree machine learning model to 

evaluate the effectiveness of the hub-height wind speed, 

rotor-equivalent wind speed, and lapse rate in power 

prediction. Atmospheric data trains regression trees to 

correlate power outputs with wind profiles and 

meteorological characteristics, predicting power 

responses on the basis of physical patterns. The decision 

tree model was trained on four vertical wind profile 

classifications, highlighting the necessity of calculating 

the wind speed at various rotor layer levels. A deep 

learning model based on NWP data was proposed in the 

literature [15] to improve the accuracy of wind power 

prediction. Traditional NWP-based forecasting methods 

involve high computational effort for complex 

meteorological models. In contrast, the method in this 

literature uses a deep learning model to achieve accurate 

prediction of wind power by training and learning a large 

amount of computational resources NWP data. 

Habtemariam et al. [16] proposed a robust and optimized 

long short-term memory network for forecasting wind 

power generation the day ahead in the context of 

Ethiopia’s renewable energy sector. The proposed method 

uses Bayesian optimization to find the best 

hyperparameter combination in a reasonable computation 

time. Abou Houran et al. [17] proposed a wind power 

prediction method Coati Optimization Algorithm-based 

hybrid deep learning CNN-LSTM based on a 

Convolutional Neural Network (CNN) and Long Short-

Term Memory network (LSTM) and Swarm Intelligence 

(SI) optimization algorithms. The composite model 

incorporates LSTM and SI to produce a framework that 

can precisely estimate offshore wind output in the short 

term, addressing the discrepancies and limits of 

conventional estimation methods. 

In research on ANNs and SVMs for short-term wind 

speed prediction, Tagliaferri et al. [18] studied two short-

term wind direction prediction methods based on artificial 

neural networks (ANNs) and support vector machines 

(SVMs). The study evaluated the prediction effects of 

these two methods by optimizing parameters such as the 

moving average length of the input data, the length of the 

input vector, and the number of layers of the neural 

network. The results showed that although the mean 

absolute error of the ANN was relatively large, its 

prediction accuracy significantly improved with 

increasing network size. Moreover, Barhmi and El Fatni 

[19] proposed four hybrid models that combine an SVM 

and an ANN for hourly wind speed prediction. The key 

parameters affecting the wind speed were selected through 

ordinary least squares (OLS) analysis, and genetic 

algorithms (GA) and particle swarm optimization (PSO) 

were used to tune the models. The results showed that the 

ANN model outperformed the SVM model in terms of 

prediction performance. Additionally, Zheng et al. [20] 

proposed a new kernel ridge regression (RR) model and 

compared it with the SVM and ANN reference models to 

verify its efficiency in different prediction time ranges (1 

hour, 12 hours, and 24 hours). The study revealed that the 

kernel ridge regression model outperformed the SVM and 

ANN in terms of wind speed prediction, especially when 

mutual information feature selection was used, which 

could more accurately predict the wind speed. 

Hu et al. [21] proposes a bidirectional signal 

decomposition (BST) and reformed grasshopper 

optimization algorithm (RGOA) enhanced LSTM model 

for wind power forecasting (15.2% RMSE reduction), 

alongside a normal distribution optimized whale 

algorithm (NDO-WOA) for wind-integrated dynamic 

economic dispatch (5.7% cost reduction in IEEE 30-bus 

system). Pan et al. [22] achieves R2=0.9785 in PV 

prediction via modified CEEMDAN decomposition and 
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Warship-optimized BiLSTM. Both studies demonstrate 

that hybrid intelligent algorithms significantly improve 

renewable energy forecasting and dispatch efficiency. 

As shown in Table 1, although each study has 

discussed ANN and SVM in detail, there has been a lack 

of attempts to combine these two methods. For example, 

utilizing the nonlinear learning ability of ANNs and the 

generalization ability of SVMs may improve the 

prediction accuracy. We hypothesize that combining 

SVR's regularization effect with BPNN's nonlinear feature 

extraction will enhance model robustness without 

sacrificing predictive accuracy. 

 

 
This research establishes three core objectives to 

address critical gaps in wind power forecasting: First, to 

validate the stability advantages of the hybrid model under 

extreme weather conditions where conventional models 

falter. Second, to develop a comprehensive "accuracy-

stability" evaluation framework that moves beyond 

traditional single-metric assessments. Third, to solve the 

"accuracy cliff" phenomenon observed during abrupt 

meteorological transitions, where prediction reliability 

dramatically decreases despite moderate overall accuracy. 

These objectives collectively address operational 

challenges in grid integration of renewable energy sources. 

This paper is structured as follows: Section 1 

introduces the research background, challenges in wind 

power forecasting, and related works. Section 2 elaborates 

on the wind power prediction model based on the artificial 

neural network, including data preprocessing, model 

design, and hyperparameter optimization. Section 3 

presents the wind power prediction model using support 

vector regression. Section 4 details the proposed hybrid 

BPNN-SVR model, including its architecture, theoretical 

justification, and experimental validation. Section 5 

provides the conclusion and discussion of the study, along 

with future research directions. 

2 Wind power prediction model 

based on an artificial neural 

network 
Artificial neural networks (ANNs) are renowned for their 

exceptional nonlinear fitting capabilities, with adjustable 

parameters and structures, making them extensively 

utilized in wind power prediction (WPP). Traditional 

ANNs include backpropagation neural networks (BPNNs), 

radial basis function neural networks (RBFNNs), and 

generalized regression neural networks (GRNNs), among 

others. Notably, BPNN stands as the most classical form. 

Prior to the simulation, constructing a BP neural 

network is necessary. It imports historical data into the 

model for training, iterates to obtain the weight and 

threshold of each layer of the neural network, and 

ultimately predicts power on the basis of future weather 

forecast data [23]. 

 

 
 

This architecture uses a single hidden layer BP neural 

network, comprising an input layer, a hidden layer, and an 

output layer. The structure of the BP neural network is 

shown in Figure 1. The quantity of neurons in the input 

and output layers is solely determined by the number of 

dimensions of the input and output parameter vectors. 

The number of neurons in the hidden layer is usually 

determined empirically or experimentally, and the 

selection process is carried out using a specific equation 

[24], as shown in Equation (1). 

 

l m n h= + + ,                                                              (1) 

 

where, l is the number of hidden nodes; m is the number 

of input nodes; n is the number of output nodes; and h is 

the regulation constant, which is usually 1~10. 

In this design, the input vectors are the wind speed, 

temperature, humidity, and barometric pressure (due to the 

existence of the wind turbine yaw system, the problem of 

wind direction is no longer necessary), the output vector 

is the power, so m=4, n=1, and h are variable parameters, 

and the number of nodes of the hidden layer neurons is 

determined by finding the minimum value of the error of 

the experiment l=5. 

In this work, the sigmoid function is selected as the 

activation function of the neurons in the hidden layer and 

the output layer of the BP neural network. The sigmoid 

function is chosen because it can introduce nonlinearity 

into the neural network, enabling the model to learn 

complex nonlinear relationships in the data. Its range of (0, 

1) also helps normalize the output of neurons, which is 

beneficial for the training process. 

Table 1: Comparis on of wind power prediction models. 

Reference Model Dataset RMSE 
Key 

Features 

[12] XGBoost 8000 0.1850 
Financial 

indicators 

[15] LSTM 10000 0.1820 NWP data 

[17] 
CNN-

LSTM 
7500 0.1780 

Coati 

optimization 

Our 

BPNN 
BPNN 6775 0.1796 

Single 

hidden layer 

Our 

Hybrid 

BPNN-

SVR 
6775 0.1803 

Integrated 

approach 

 

 

Figure 1: BP neural network. 
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Many factors affect the prediction accuracy of the BP 

neural network model, such as the initialization of weights 

and thresholds, the number of training sessions, the 

learning rate, the number of neurons in the hidden layer, 

and the number of layers, which can influence the 

prediction effect of the model. In this design, all the 

weights and thresholds are initialized to 1, and the number 

of neurons in the hidden layer is 5. The model is tuned 

from two perspectives: the number of training sessions 

and the learning rate. 

2.1 Data collection and preprocessing 

This study utilizes a dataset comprising 10-minute 

resolution measurements from a wind farm in Northern 

China (40°-42°N), spanning the years 2019 to 2021. This 

temporal range captures full seasonal cycles, including 

winter icing events (T < -5°C), summer typhoon impacts 

(V > 12 m/s), and transitional season frontal passages. The 

dataset contains a total of 8,832 data points, recording key 

parameters such as wind speed, temperature, humidity, 

barometric pressure and the actual wind power generation 

output. 

(1) Data Cleaning 

Missing values: The dataset was initially screened for 

missing values. Records containing incomplete data were 

systematically removed to ensure the integrity of the 

dataset. 

Outlier detection: Statistical methods such as Z score 

analysis are used to identify and remove outlier data points 

that may significantly affect the results. 

After the data cleaning process, 6775 original data 

points remained. 

Extreme weather events were rigorously defined 

using operational criteria from grid management protocols:  

(a) Sustained wind speeds exceeding 12 m/s, or  

(b) Rapid wind speed changes >5 m/s within 10-

minute intervals.  

These thresholds identified 427 extreme condition 

samples (6.3% of total dataset) that represent high-risk 

scenarios for grid stability. All extreme events were 

verified against meteorological alerts from China's 

National Climate Center to ensure accurate classification 

of typhoon, gale, and storm conditions that challenge 

conventional forecasting models. 

(2) Feature Engineering 

Normalization: To ensure that all the features 

contribute equally to model training, continuous variables 

such as the wind speed and temperature are normalized to 

a range between 0 and 1. 

Feature Selection: Features related to wind power 

prediction are selected on the basis of correlation analysis. 

This step helps reduce the dimensionality of the dataset 

and improves model performance. 

(3) Dataset Splitting: 

Training and Testing Split: The cleaned dataset, 

consisting of 6,775 data points, is divided into training and 

testing sets. The first 6,000 data points are used for 

training the model, whereas the remaining 775 data points 

are used for testing. 

(4) Input Feature Specification 

(a) Wind speed (m/s): Continuous, range 0-25 m/s 

(b) Temperature (°C): Continuous, range -15 to 40°C 

(c) Humidity (%): Continuous, range 0-100% 

(d) Barometric pressure (hPa): Continuous, range 

980-1040 hP 

(5) Normalization Method 

Min-Max scaling applied to all features, as shown in 

Equation (2): 

 

min

norm

max min

x x
x

x x

−
=

−
                                                          (2) 

(6) Cross-validation 

To further enhance the robustness of the model, a k-

fold cross-validation method is employed on the training 

set. This involves dividing the training data into k subsets 

and repeatedly training and validating the model on 

different subsets to ensure that the model’s performance is 

not affected by the initial data split. 

2.2 Evaluation indicators 

To better evaluate the effectiveness of the model and 

algorithm, one evaluation indicator is employed for 

effectiveness assessment: 

The root mean square error (RMSE) is used to gauge 

the deviation between the predicted value and the actual 

value. The expression for the RMSE is depicted in 

Equation (3): 
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2

RMSE a

1

f

1

i
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N

ie y y
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(3) 

 

where, yfi represents the predicted value and yai represents 

the observed value. 

The root mean square error (RMSE) is used to gauge 

the deviation between the predicted value and the actual 

value. In wind power prediction, the RMSE can 

comprehensively reflect the overall error magnitude, 

helping to evaluate the model's ability to predict wind 

power accurately. A lower RMSE indicates a better-fitting 

model. 

2.3 Hyperparameter optimization via grid 

search 

To rigorously validate the BPNN architecture selection 

and address potential concerns about model simplicity, we 

conducted an extensive grid search over key 

hyperparameters.  

(1) The search space encompassed four critical 

dimensions: 

(a) Number of hidden layers: [1, 2] 

(b) Neurons per layer: [5, 10, 15, 20] 

(c) Activation functions: ['sigmoid', 'tanh', 'relu'] 

(d) Learning rates: [0.01, 0.05, 0.1, 0.2] 

This combinatorial search yielded 72 unique 

configurations (2 layers × 4 neuron counts × 3 activations 

× 3 learning rates). Each configuration was evaluated 

using 5-fold cross-validation on the 6,000-sample training 
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dataset, with early stopping (patience=10 iterations) to 

prevent overfitting. The root mean square error (RMSE) 

served as the primary evaluation metric, with each fold's 

performance recorded and averaged across all folds.  

(2) The comprehensive grid search analysis (72 

configurations evaluated via 5-fold cross-validation) 

yielded four principal insights: 

(a) Optimal Architecture: A single hidden layer with 

5 sigmoid neurons achieved the lowest RMSE (0.1812 ± 

0.0023), demonstrating ideal representational capacity for 

this prediction task. 

(b) Diminishing Returns on Complexity: Increasing 

neuron counts (>5) or adding a second hidden layer 

consistently degraded performance (RMSE increase of 

0.3-2.3%), revealing incompatibility between model 

complexity and dataset scale (6,000 samples). 

(c) Activation Superiority: Sigmoid significantly 

outperformed both tanh (+1.0% RMSE reduction) and 

ReLU (+2.3%), with its bounded output range (0,1) 

proving particularly suitable for normalized power 

forecasting targets. 

(d) Optimal Learning Rate: η=0.1 struck the optimal 

balance between convergence speed (average 45 iterations) 

and precision, whereas lower rates (0.01) delayed 

convergence (60+ iterations) and higher values (0.2) 

induced oscillatory behavior. 

These findings collectively validate that simpler 

architectures mitigate overfitting risks (sample/parameter 

ratio: 240:1) while alleviating gradient attenuation issues, 

thereby achieving optimal bias-variance tradeoffs for this 

regression challenge. 

2.4 Initialization strategy analysis 

The choice of weight initialization significantly impacts 

neural network convergence and performance. We 

rigorously evaluated three prominent methods using 5-

fold cross-validation with our optimal architecture (single 

hidden layer, 5 sigmoid neurons, η=0.1).  

As shown in Table 2, the comparative analysis of 

initialization strategies demonstrates the comprehensive 

advantages of the Xavier method: it achieves the lowest 

RMSE (0.4% lower than He initialization and 1.7% lower 

than random uniform initialization), exhibits faster 

convergence (10-25% reduction in training epochs), and 

enhances stability (21% lower cross-validation variance). 

The mean gradient norm (0.48) being closest to the 

theoretical optimum of 0.5 confirms its effectiveness in 

gradient propagation optimization. To ensure the 

reproducibility of experiments, we fixed the random seed 

to 42. Weights were initialized using the Xavier method 

[25], and biases were initialized to zero. 

 

 

 

2.5 Choosing the right number of training 

sessions 

The number of trainings is an important factor affecting 

the accuracy of the model, and selecting the optimal 

number of training sessions through experiments is one 

of the key steps in wind power prediction. However, in 

practice, the optimal training number can be determined 

only through trial and error. In the subsequent 

experiments, the initial training number is set to 10, the 

increment is 10, and the learning rate is 0.1. 

As shown in Table 3, when there are 5 neurons in a 

single hidden layer and 6000 training data points, the 

model's accuracy increases as the number of training 

iterations increases to a certain threshold. However, 

beyond this threshold, the model's accuracy will decline 

instead. For this particular design, as the number of 

training iterations reaches approximately 50, the error is 

significantly reduced, and the prediction accuracy is 

relatively high. 

Table 2: Initialization Methods Comparison (5-fold CV Average). 

Method RMSE Convergence Stability (σ) Gradient Norm 

Xavier [25] 0.1796 45 0.0023 0.48 

He [26] 0.1803 50 0.0029 0.52 

Random Uniform [27] 0.1827 60 0.0038 0.67 

Table 3: Performance of BP Neural Network Across Training Iteration Counts (Learning rate unified at 0.1). 

Model Single hidden layer neurons Train_data Iterations Learning rate RMSE 

BP 5 6000 10 0.1 0.2607 

BP 5 6000 20 0.1 0.2318 

BP 5 6000 30 0.1 0.2119 

BP 5 6000 40 0.1 0.1917 

BP 5 6000 50 0.1 0.1796 

BP 5 6000 60 0.1 0.1778 

BP 5 6000 70 0.1 0.1839 

BP 5 6000 80 0.1 0.1944 

BP 5 6000 90 0.1 0.2066 
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Although 60 iterations yielded the minimal RMSE 

(0.1778), the subsequent performance degradation at 70 

iterations (RMSE=0.1839) indicates early signs of 

overfitting. To ensure model generalizability while 

maintaining near-optimal accuracy, we conservatively 

select 50 iterations (RMSE=0.1796) as the operational 

baseline. 

2.6 Choosing the right learning rate 

The learning rate η has an impact on the magnitude of 

weight adjustments in each layer of the artificial neural 

network model during training. If the number is very large, 

the network may be unable to complete the training 

process, resulting in a failure to produce accurate 

predictions. Conversely, if the value is excessively small, 

it will prolong the training period and hinder the learning 

speed of the neural network. Like the process of selecting 

the training number, the learning rate is determined by the 

trial-and-error method to identify the optimal value. In the 

subsequent experiments, a fixed number of 50 training 

sessions is selected, and the impact of varying learning 

rates on the model's accuracy is examined. The 

experimental results for different learning rates are shown 

in Table 4. 

 

As shown in Table 5, with 5 neurons in a single hidden 

layer, 6000 training data points, and 50 training iterations, 

a learning rate η=0.1 yields a satisfactory prediction effect. 

3 Wind power prediction based on 

the SVR 
Support vector machines, machine learning techniques 

developed in the 1960s, are commonly employed in data 

mining tasks such as pattern recognition and function 

regression. They are highly regarded for their ability to fit 

and approximate functions accurately in regression 

algorithms. The support vector machine regression 

prediction model has an advantage over the neural 

network model in that it can effectively minimize 

prediction error, prevent dimensional catastrophe, address 

overlearning issues, and avoid becoming stuck in local 

extremes [28-30]. 

 

 
The Support Vector Regression (SVR) is essentially a 

special form of support vector machine. It allows a certain 

deviation ε between the predicted value f(x) and the actual 

value y. Loss is computed only if the absolute difference 

between f(x) and y exceeds ε. This mechanism helps SVR 

focus on minimizing the prediction error while 

maintaining a certain generalization ability. The structure 

of the SVR model is shown in Figure 2. 

3.1 Hyperparameter optimization  

To determine the optimal hyperparameters for the SVR 

model with Gaussian kernel, we conducted a 

comprehensive grid search over three key parameters: the 

regularization parameter C, the kernel coefficient γ, and 

the ε- tube width ε. The search ranges were set as follows: 

Table 4: Training effect of the BP neural network under different iteration numbers (Different learning rates). 

Model Single hidden layer neurons Train_data Iterations Learning rate MSE 

BP 5 6000 50 0.05 0.2345 

BP 5 6000 50 0.1 0.1796 

BP 5 6000 50 0.2 0.9757 

Table 5: Grid Search Results (Top 5 Configurations). 

Hidden Layers Neurons Activation Learning Rate Avg RMSE (5-fold) Training Time (s) 

1 5 sigmoid 0.1 0.1812 ± 0.0023 42.7 

1 10 tanh 0.05 0.1825 ± 0.0028 58.3 

1 5 tanh 0.1 0.1831 ± 0.0031 43.9 

2 [5,5] sigmoid 0.1 0.1847 ± 0.0035 78.2 

1 15 relu 0.01 0.1853 ± 0.0041 65.4 

 

 

Figure 2: SVR model. 
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C{0.1, 1, 10, 100}, γ{0.001, 0.01, 0.1, 1}, and 

ε{0.001, 0.005, 0.01, 0.05, 0.1}. Each combination was 

evaluated using 5-fold cross-validation on the training set 

(6,000 samples) and the RMSE was used as the evaluation 

metric. 

As shown in Table 6, The optimal hyperparameters 

were found to be C=10, γ=0.1, and ε=0.01, achieving an 

RMSE of 0.1996 on the test set. To analyze the sensitivity 

of the model to, we fixed ε and γ at their optimal values 

and varied ε. 

3.2 Analysis of hyperparameter sensitivity 

As shown in Table 7, the sensitivity analysis reveals 

critical insights into the robustness of the optimal SVR 

configuration: 

(1) C (Regularization) Stability: 

(a) Minimal RMSE change (+0.8%/-0.3%) with ±20% 

variation; 

(b) Demonstrates excellent tolerance to regularization 

strength adjustments; 

(c) Failure modes: Underfitting at low C (<8), 

overfitting at high C (>12). 

(2) γ (Kernel Coefficient) Asymmetry: 

(a) Greater sensitivity to increase (+1.2%) than 

decrease (-0.9%); 

(b) High γ (>0.12) causes kernel oversmoothing - 

misses wind ramp events; 

(c) Low γ (<0.08) induces noise amplification during 

turbulenc. 

(3) ε (Tube Width) Criticality: 

(a) Highest sensitivity among parameters 

(+1.5%/+2.1%); 

(b) Small ε (<0.008) amplifies meteorological sensor 

noise; 

(c) Large ε (>0.012) delays response to wind speed 

jumps (>3m/s). 

 

3.3 SVR Model Implementation 

The process of using the SVR model for short-term wind 

power prediction is similar to the BP neural network 

prediction described earlier. The data are saved in MySQL 

during data preprocessing at the beginning of the 

experiment, so the data can be directly removed from 

MySQL to train the SVR model at this time, again using 

the first 6,000 data points for training and then using the 

last 100 data points to simulate the data. The model is 

validated by simulating weather forecast data. 

The support vector machine's main job is to divide 

samples linearly in the feature space, so the quality of the 

feature space directly affects how well it works. The 

kernel function, which defines the feature space, affects 

the support vector machine. The kernel function is an 

important part of model training, and Table 8 shows the 

training accuracy of the model when different kernel 

functions are selected. 

As shown in Table 8, the selection of a kernel function 

significantly affects the accuracy of the prediction model 

when SVR is used to forecast wind power. Poor selection 

of the kernel function and incorrect mapping of the sample 

to a feature space can result in suboptimal prediction 

performance, potentially leading to significant deviations. 

Hence, selecting the Gaussian kernel in this design is 

essential to provide a minimal error that just satisfies the 

required level of accuracy. There are two main reasons for 

this. 

 

Table 6: Top 10 hyperparameter combinations by cross-validation RMSE. 

Rank C γ ε 5-Fold CV RMSE (Mean ± SD) Test RMSE 

1 10 0.1 0.01 0.2001 ± 0.0023 0.1996 

2 10 0.01 0.01 0.2013 ± 0.0028 0.2010 

3 1 0.1 0.01 0.2038 ± 0.0031 0.2035 

4 10 0.1 0.005 0.2042 ± 0.0035 0.2040 

5 100 0.1 0.01 0.2057 ± 0.0039 0.2053 

6 10 0.05 0.01 0.2065 ± 0.0041 0.2061 

7 5 0.1 0.01 0.2070 ± 0.0043 0.2068 

8 10 0.1 0.02 0.2072 ± 0.0042 0.2070 

9 20 0.1 0.01 0.2075 ± 0.0045 0.2072 

10 10 0.2 0.01 0.2080 ± 0.0048 0.2077 

Table 7: Hyperparameter sensitivity analysis. 

Parameter Optimal RMSE ↑±20% Failure Mode 

C 10 +0.8%/-0.3% Under/overfitting 

γ 0.1 +1.2%/-0.9% Kernel over/under-smoothing 

ε 0.01 +1.5%/+2.1% Noise sensitivity/lag 
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(1) Nonlinear Mapping Capability: The Gaussian 

kernel has a strong nonlinear mapping capability, which 

allows it to transform nonlinear problems in the input 

space into linear problems in the high-dimensional feature 

space. This capability is crucial for handling the complex 

nonlinear relationships present in wind power forecasting. 

(2) Infinite Dimensional Feature Space: The Gaussian 

kernel corresponds to an infinite dimensional feature 

space, enabling it to capture all possible patterns in the 

data without being limited by the feature dimensions. 

In contrast, linear and polynomial kernels have 

limited feature dimensions and may not adequately 

capture complex nonlinear relationships. The linear kernel 

is suitable for simple linear relationships in data. However, 

in wind power forecasting, where the relationships are 

often complex and nonlinear, it shows relatively poor 

performance. The polynomial kernel can capture some 

nonlinear relationships but is limited by its degree. Owing 

to its strong nonlinear mapping ability and infinite-

dimensional feature space, the Gaussian kernel is more 

suitable for handling complex data in wind power 

prediction. The sigmoid kernel, as shown in the 

experiment, is not suitable for this task because of its large 

prediction error. 

4 SVR versus neural network 

prediction models 
When the neural network is initialized with random 

weights and thresholds, the results of each training vary 

even under the same data, training times, and learning rate 

conditions. This indicates that the neural network's 

performance is highly sensitive to the initialization of 

weights and thresholds. 

The BP neural network model requires a long training 

time, and since each update of weights and thresholds is 

only for a single sample, the parameters may become 

useless during the update process. On the other hand, in 

SVR, as long as the input samples are the same, using the 

same kernel function and loss function can yield the same 

results. The training speed is fast, but the accuracy of the 

SVR results is slightly lower. By combining the 

advantages and disadvantages of both methods, the use of 

the BP neural network (BPNN) and support vector 

regression (SVR) methods can improve the accuracy of 

wind power prediction. 

4.1 Methodology: integration of the BP 

neural network and support vector 

regression 

4.1.1 Definition of hybrid model 

The definition of a hybrid model is as follows: 

(1) Initial training: 

BP Neural Network: The BPNN is first trained on the 

preprocessed dataset to capture the nonlinear relationships 

between the input features and the wind power output. The 

BPNN configuration has 5 neurons in a single hidden layer, 

50 training iterations, and a learning rate η=0.1. 

Support Vector Regression: Simultaneously, the SVR 

model is trained on the same dataset. The SVR uses a 

Gaussian kernel. 

(2) Feature Extraction from the BPNN: 

Once the BPNN is trained, it is used to transform the 

input data into a higher-dimensional feature space. The 

outputs from the hidden layers of the BPNN serve as new, 

informative features that encapsulate complex patterns 

and relationships present in the data. 

(3) Hybrid Model Formation: 

The new features extracted from the BPNN, along 

with the original input features, are then fed into the SVR 

model. This hybrid approach leverages the BPNN's ability 

to capture nonlinearities and the SVR's robustness in 

regression tasks. The combination enhances the model's 

overall prediction capability. 

(4) Final prediction: 

The SVR model, which is enhanced with features 

from the BPNN, performs the final prediction of the wind 

power output. This two-step process ensures that the 

model benefits from the strengths of both BPNN and SVR, 

leading to improved accuracy. 

4.1.2 Specific implementation of hybrid model 

The implementation logic of the hybrid model is as 

follows: 

The key processes of BPNN-SVR hybrid model 

include: 

(1) Feature Fusion Equation 

 

1 2 3 4 1 2 3 4 5[ || ] [ , , , , , , , , ]= =Z X H x x x x h h h h h                (4) 

 

(a) X: Original meteorological features (4D vector: 

wind_speed, temperature, humidity, pressure) 

 

Algorithm: BPNN-SVR Hybrid Prediction Model 

Input:  

  X_train: Training meteorological data matrix [N×4]  

  y_train: Training power output vector [N×1] 

  X_test: Test meteorological data matrix [M×4] 

  params: Hyperparameter set = {epochs:50, C:10, 

γ:0.1, ε:0.01} 

Output: 

  predictions: Test set predicted power [M×1] 

  E: Test set RMSE loss 

1: // Phase 1: Train BPNN 

Table 8: Training effect of SVR under different kernel 

functions. 

Model Kernel Train data   RMSE  

SVR Linear 6000 0.01 0.2375 

SVR Poly 6000 0.01 0.2215 

SVR Gaussian 6000 0.01 0.1996 

SVR Sigmoid 6000 0.01 1.4310 
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2: bpn_model = train_BPNN(X_train, y_train, 

params.epochs) 

3:  

4: // Phase 2: Feature Extraction and Fusion 

5: H_train = []  

6: for i = 1 to N do 

7:   h = bpn_model.get_hidden_features(X_train[i])  // 

h ∈ ℝ⁵ 

8:   H_train[i] = h 

9: end for 

10: Z_train = [X_train || H_train]  // Feature fusion: 

[original⊕hidden] 

11:  

12: // Phase 3: Train SVR 

13: svr_model = train_SVR(Z_train, y_train, params) 

14:  

15: // Phase 4: Test Prediction 

16: predictions = []  

17: for j = 1 to M do 

18:   h = bpn_model.get_hidden_features(X_test[j]) 

19:   Z_test = [X_test[j] || h]  // Feature fusion 

20:   pred = svr_model.predict(Z_test) 

21:   predictions[j] = pred 

22: end for 

23:  

24: // Calculate RMSE 

25: E = 0 

26: for j = 1 to M do 

27:   E = E + (predictions[j] - y_test[j])² 

28: end for 

29: E = sqrt(E/M) 

 

(b) H: BPNN hidden layer outputs (5D vector: 

nonlinear transformations) 

(c) ||: Concatenation operator combining original and 

derived features 

(2) BPNN Hidden Layer Computation 

 

( )i i i=h WX+b                                                            (5) 

 

(a) σ: Sigmoid activation function: σ(z) = 1/(1 + e^{-

z}) 

(b) Wi: 5×4 weight matrix (optimized during training) 

(c) bi: 5×1 bias vector (optimized during training) 

(d) X: Input feature vector  ℝ⁴ 

(3) SVR Prediction Function 

 
*( ) ( [ ], )k k sVpred a a K k b= − + Z Z                            (6) 

 

(a) K(u,v): Gaussian kernel: exp(-γ·||u-v||²) 

(b) ZsV[k]: k-th support vector (critical samples from 

training) 

(c) (ak-ak
*): Lagrangian multipliers from dual 

optimization 

(d) b: Bias term 

(4) RMSE Calculation 

 

2

1
( )

M

j jj
pred y

E
M

=
−

=


                                             (7) 

(a) M: Number of test samples 

(b) predj: Predicted power for sample j 

(c) yj: Actual power for sample j 

4.2 Theoretical justification and practical 

benefits 

The rationale behind this integrated approach is based on 

the complementary strengths of BPNN and SVR: 

(1) BP Neural Network 

BPNNs are powerful in capturing complex, nonlinear 

relationships in the data due to their multilayer structure 

and nonlinear activation functions. However, they can 

sometimes suffer from issues such as overfitting and local 

minima. 

(2) Support Vector Regression: 

On the other hand, SVR excels in regression tasks by 

maximizing the margin and minimizing the prediction 

error, making it less prone to overfitting than traditional 

neural networks are. SVR is particularly effective in high-

dimensional spaces, which complements the feature 

extraction capabilities of BPNNs. 

By combining these two methods, the hybrid model 

benefits from the deep feature extraction ability of the 

BPNNs and the robust regression capability of SVR. This 

synergy results in a model that is more accurate and 

reliable for wind power forecasting. 
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For the test data, the hybrid model based on BP and 

SVR achieved an RMSE of 0.18033, whereas the 

standalone BPNN had an RMSE of 0.1796, and the 

standalone SVR had an RMSE of 0.1996. For different 

wind speeds and weather conditions, the hybrid model 

also achieved more stable and accurate prediction 

performance. The hybrid model demonstrates 

transformative performance during extreme weather 

events through its dual-path architecture.  

When extreme weather conditions occur, as shown in 

Figure 3, conventional BPNN exhibited dangerous 

1.2MW overshoots while the hybrid model maintained 

stable tracking with just 0.4MW deviation. 

This stability stems from the SVR layer's ε-constraint 

mechanism, which suppresses anomalous fluctuations by 

disregarding errors within the ±0.05 tolerance band during 

feature fusion. 

As shown in Table 9, quantitative analysis of 427 

extreme-condition samples confirms systematic 

improvements: 6.86% RMSE reduction, 14.3% lower 

error volatility, and 18.1% smaller maximum errors 

compared to standalone BPNN. 

The hybrid architecture thus transforms the traditional 

accuracy-stability tradeoff into a complementary 

advantage during critical operating conditions. 

The hybrid model is comparable to the complex 

optimal BP model yet significantly superior to the optimal 

SVR model. This model effectively combines the ability 

of BP to capture nonlinear relationships in the data with 

the advantages of SVM in handling high-dimensional data 

and preventing overfitting, thereby enhancing predictive 

accuracy. 

4.3 Statistical verification 

Comprehensive statistical validation confirms the hybrid 

model's operational advantages through three paired t-test 

comparisons of 5-fold cross-validation results, as shown 

in Figure 4 and Table 10. 

 

Figure 3: Extreme weather performance comparison. 

Table 9: Model performance in extreme weather (>12m/s). 

Metric BPNN SVR Hybrid Improvement over BPNN 

RMSE 0.510 0.562 0.475 +6.86% 

MAE 0.421 0.483 0.388 +7.84% 

Error STD 0.042 0.051 0.036 +14.3% 

Max Error 1.82 2.15 1.49 +18.1% 

Accuracy 78.2% 72.5% 85.6% +7.4% 
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The BPNN-Hybrid comparison (p=0.315, Cohen's 

d=0.12) demonstrates statistical equivalence in overall 

accuracy, confirming successful feature preservation 

during integration.  

Conversely, the Hybrid-SVR comparison reveals 

massive improvement (p<0.001, Cohen's d=1.78), 

validating the architecture's ability to overcome 

standalone SVR limitations.  

Extreme-weather-specific tests on 427 high-wind 

samples show even more pronounced benefits: prediction 

stability improvements are statistically significant (error 

STD reduction p=0.008) and practically substantial (14.3% 

lower volatility).  

These results collectively prove that the hybrid model 

maintains baseline accuracy while delivering crucial 

stability enhancements during grid-critical weather 

scenarios. 

The statistical findings necessitate reframing the 

hybrid model's value proposition: Rather than raw 

accuracy gains, its core innovation lies in preserving 

BPNN-level precision (p=0.315) while fundamentally 

transforming stability characteristics.  

This represents a paradigm shift from "accuracy-

centric" to "reliability-focused" forecasting, addressing 

the industry's operational need for consistent performance 

during extreme conditions.  

We specifically establish that the feature extraction + 

robust regression fusion architecture solves the "accuracy 

cliff" problem - where conventional models fail abruptly 

during weather transitions - by maintaining prediction 

integrity at wind speed thresholds (>12 m/s) where grid 

security decisions are most critical.  

The 14.3% error volatility reduction (p=0.008) 

demonstrates this architecture's unique ability to convert 

theoretical robustness into measurable grid security 

benefits. 

5 Conclusion and discussion 

5.1  Conclusion 

This study establishes that the BPNN-SVR hybrid model 

maintains prediction accuracy statistically equivalent to 

optimized BPNN (p=0.315) while delivering 

transformative stability improvements during critical 

operating conditions.  

Quantitative evidence confirms 14.3% error volatility 

reduction (p=0.008) and 18.1% lower maximum errors 

during extreme weather, directly addressing the "accuracy 

cliff" phenomenon in conventional forecasting.  

The hybrid architecture's real-world value lies not in 

marginal accuracy gains, but in its ability to maintain 

prediction integrity during typhoons, storms, and abrupt 

wind transitions - precisely when grid operators require 

reliable forecasts for security decisions.  

This constitutes a paradigm shift from accuracy-

centric to reliability-oriented wind power forecasting, with 

direct implications for renewable integration in national 

power systems. 

5.2 Discussion 

Although the RMSE of the hybrid model is slightly higher 

than that of the BPNN (0.18033 vs. 0.1796), its stability 

under extreme weather conditions is significantly 

improved (error fluctuation reduced by 14.3%, maximum 

 

Figure 4: Comparison of RMSE Distribution (5-fold Cross Validation). 

Table 10: Three paired t-test using 5-fold cross-validation. 

Comparison t-value p-value Cohen’s d Interpretation 

BPNN vs Hybrid 1.08 0.315 0.12 No significant difference 

SVR vs Hybrid 15.32 <0.001 1.78 Massive improvement 

BPNN vs SVR 16.40 <0.001 1.90 Very large difference 
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error reduced by 18.1%). Power grid dispatch prioritizes 

prediction stability over absolute accuracy, as sudden 

fluctuations could lead to power outages. Therefore, the 

hybrid model sacrifices an RMSE of 0.0007 to achieve 

reliability in critical scenarios, aligning with practical 

engineering requirements. 

Future work will explore ensemble methods to 

stabilize ANN outputs, test the model on unseen weather 

regimes, and compare with attention-based deep models 

(e.g., Transformer) or graph neural networks for 

spatiotemporal generalization. 
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We propose a multi-label classification mining method using parallel support vector machines for 

imbalanced sample databases. The samples within the unbalanced sample database are partitioned into 

the majority sub-cluster and the minority sub-cluster by means of the hierarchical clustering algorithm, 

thereby achieving the oversampling of the unbalanced sample database. Using hierarchical clustering 

algorithm to divide into majority and minority sub clusters, complete oversampling of imbalanced 

sample database. Clustering itself does not directly generate new samples, but it divides the data into 

sub clusters, allowing oversampling to be more targeted in the sub clusters of minority classes, which 

can avoid noise or overfitting problems caused by blind oversampling. The role of clustering algorithms 

is to provide structured data partitioning basis for oversampling. Improve the accuracy of minority class 

classification in imbalanced sample databases through parallel computing, and use MapReduce to solve 

SVM dual problems in parallel to optimize hyperplanes for multi label classification. By using the Map 

function to divide the training sample set into small sample sets and train support vector machines, 

these support vector machines are then integrated in the Reduce stage to train a new support vector 

machine as the final decision function, in order to efficiently handle multi label classification problems. 

The experimental results show that the studied method consistently maintains a high accuracy of 0.95 or 

higher on the G-means index, far exceeding the comparison methods; In terms of acceleration ratio, 

when the sample size increased from 1000 to 10000, the acceleration ratio of our method steadily 

improved from 1.0 to 2.5, while the two comparison methods only reached 1.5 and 2.0 respectively, and 

there were significant fluctuations. 

Povzetek: Za hitro, porazdeljeno in uravnoteženo večoznačno klasifikacijo velikih in neuravnoteženih 

podatkov z izboljšano natančnostjo manjšinskih razredov ter učinkovito uporabo virov v rudarjenju 

podatkov je razvit PSVM-MLC, paralelni sistem podpornih vektorjev na osnovi MapReduce. Metoda 

uporablja hierarhično grozdenje za ciljno nadvzorčeno nadvzorčenje manjšinskih razredov in s tem 

prepreči šum. 

 

1 Introduction 
Machine learning algorithms rely on observational data 

samples to discover patterns, and employ these patterns 

to predict future data or data that cannot be directly 

observed [1]. This has become a crucial technology for 

resolving numerous practical issues. Support Vector 

Machine (SVM) is a data mining algorithm. Data mining 

[2] is the process of using algorithms to search for hidden 

information from large amounts of data, which may be 

unknown, interesting, and useful for specific 

applications. In the classification issue, SVM looks for a 

hyperplane to maximize the separation between distinct 

categories, thereby attaining precise classification of new 

samples [3]. This approach excels in managing high-

dimensional data, nonlinear challenges, and small sample 

datasets, and is extensively utilized in data mining. SVM 

maps the input space to a higher dimensional feature 

space by constructing a kernel function, and finds the  

 

optimal hyperplane in this feature space to achieve  

classification. Due to the fact that SVM only considers a 

small number of support vectors when constructing 

models, it has a certain robustness to data sparsity and  

noise. The multi label classification problem refers to the  

situation where a sample can belong to multiple 

categories simultaneously [4]. In image recognition, an 

image may contain multiple objects; In text 

classification, an article may belong to multiple topics 

simultaneously. This type of problem poses higher 

requirements for classification algorithms, which not 

only need to consider accurate classification of individual 

labels [5], but also need to deal with the correlation 

between labels and the imbalance of samples. Sample 

imbalance is a common problem, where the number of 

samples in certain categories far exceeds that of other 

categories, resulting in the model leaning towards 

majority class samples during training and insufficient 

learning of minority class samples, which affects the 
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overall classification performance. For the multi label 

classification problem [6], this imbalance is even more 

complex because each sample may belong to multiple 

imbalanced categories simultaneously. To address these 

challenges, researchers have proposed various solutions 

such as oversampling, undersampling, ensemble 

learning, etc. Exploring parallel support vector machine 

algorithms and utilizing parallel computing techniques to 

improve training speed and classification performance 

has become an important research direction. 

In recent years, many scholars have studied multi 

label classification mining in unbalanced sample 

databases. For example, Moral-Garcia et al. used Credal 

C4.5 to rank calibration labels in multi label 

classification [7]. Credal C4.5 uses imprecise probability 

to deal with noise in data, which is particularly important 

in multi label classification. This approach establishes a 

binary classifier for each pair of labels and employs the 

calibration function of Credal C4.5 to mitigate the issue 

of category imbalance to some extent, thereby enhancing 

the recognition accuracy of minority categories. Consider 

the correlation between each pair of tags to build tag 

ranking, which is helpful to more accurately predict 

multiple tags of an instance. However, the performance 

of Credal C4.5 is affected by its internal parameters. 

When dealing with imprecise probability, the setting of 

upper bound and lower bound functions has a significant 

impact on the final classification results. Udandarao et al. 

use the attention based multitask cyclic network to 

classify multi label physical text [8], and use the deep 

learning model to automatically extract features from the 

original text data without manually constructing features, 

reducing manual intervention and costs. The introduction 

of attention mechanism enables the model to dynamically 

focus on key information in the text, further improving 

the accuracy of feature extraction. Multi task learning 

allows the model to learn multiple related tasks at the 

same time. By sharing the presentation layer, different 

tasks can promote each other and improve the overall 

performance. In physical text classification, if there is 

association or sharing of some features between different 

tags, multi task learning can effectively use these 

commonalities to improve the classification effect. The 

attention mechanism can assign varying weights to 

different segments of the text, enabling the model to 

focus more on key information pertinent to labels during 

classification. Nonetheless, in multi-label classification, 

there exists interference among different labels. 

Especially when there are multiple keywords related to 

different tags in the text, the model will cause 

classification errors due to improper allocation of 

attention mechanism. Qaraei and Babbar studied the 

classifier negative sampling method for extreme multi 

label classification [9]. The negative sampling technique 

only selects part of the negative samples for training, 

which significantly reduces the computational 

complexity and improves the training efficiency. 

Negative sampling helps the model better learn to 

distinguish between the boundaries of positive and 

negative samples. It forces the model to pay more 

attention to those samples that are clearly marked as 

negative in the training process, which helps the model to 

more accurately judge which labels are not applicable to 

the current instance when predicting. However, negative 

sampling technology is prone to lead to sample selection 

bias. In extreme multi label classification, the distribution 

of labels is often very unbalanced. If the selection of 

negative samples is not random or representative enough, 

the model will learn biased feature representation, 

affecting its generalization ability on new data. 

Bogatinovski et al. studied the multi label classification 

method with dataset attributes [10]. When processing 

multi label datasets, they can better identify and allocate 

multiple related labels to each instance. Considering the 

diversity and complexity of dataset attributes, it can learn 

the potential patterns in the data and show good 

generalization ability on new data. However, the 

performance of multi label classification methods largely 

depends on the quality of data sets and the accuracy of 

labels. If there are noise or label errors in the dataset, the 

accuracy of the classification results will be directly 

affected. Stefanovic et al. proposed a multi label text data 

class based on self-organizing mapping and latent 

semantic analysis [11]. Text data is preprocessed using 

multiple types of filters to remove redundant and 

irrelevant information. Latent semantic analysis is used 

for dimensionality reduction processing, mapping high-

dimensional text vectors to a low dimensional latent 

semantic space by constructing a semantic space, while 

preserving core semantic features. Cosine similarity is 

applied to optimize multi label classification by 

quantifying vector directional similarity to identify the 

label categories that need to be adjusted. The self-

organizing mapping neural network discovers data 

topology structure through competitive learning 

mechanism, achieves text similarity clustering, and 

provides decision-making basis for new text category 

allocation. However, although the linear transformation 

based on singular value decomposition in latent semantic 

analysis can capture explicit semantic features, it cannot 

effectively handle complex language phenomena such as 

synonym ambiguity and context dependence, resulting in 

the loss of fine-grained semantic information. 

The summary of the existing research mentioned 

above is shown in Table 1. 

Table 1: Summary of existing research 

Methods Data set Index Defect 

Traditional 

C4.5 CLR 
[7] 

Unbalance

d sample 

database 

Classificati

on accuracy 

Neglecting 

label 

correlation, 

G-

means<0.85 

under 

imbalanced 

data 

Multi task 

recurrent 

network 

based on 

attention [8] 

CBSE 

Physics 

Textbook 

(Grades 6-

12) 

Classificati

on accuracy 

High 

computational 

complexity 

and 

fluctuating 



Parallel Support Vector Machines for Multi-Label Classification… Informatica 49 (2025) 301–314 303 

acceleration 

ratio (1.5-2.0) 

Extreme 

multi label 

classificati

on method 
[9] 

Unclear Training 

efficiency 

Sample 

selection bias 

affects 

generalization 

ability 

Dataset 

attribute 

method [10] 

40 MLC 

datasets+5

0 meta 

features 

Multi label 

classificatio

n 

Hyperparamet

er 

optimization 

consumes a 

large number 

of resources, 

and the 

improvement 

effect is not 

proportional 

to the 

resource 

consumption 

Self 

organizing 

mapping 

and latent 

semantic 

analysis [11] 

Public 

website 

Correct 

allocation 

rate 

When latent 

semantic 

analysis 

reduces the 

data 

dimension to 

40, it obtains 

82% correct 

allocation 

To address the issues with the above methods in 

label classification, this paper explores a multi label 

classification mining technique for imbalanced sample 

databases based on parallel support vector machines. The 

parallelization architecture of parallel support vector 

machines utilizes the MapReduce framework to block 

and process large-scale data, significantly improving 

computational efficiency. By dividing data into sub 

clusters through hierarchical clustering, it is possible to 

accurately identify the distribution characteristics of 

minority class samples, provide structured basis for 

oversampling, and avoid model bias caused by blind 

sampling. Not only does it overcome the classification 

bias problem of traditional SVM in handling imbalanced 

data, but it also achieves efficient processing of massive 

data through distributed computing, providing a solution 

that balances speed and accuracy for multi label 

classification tasks. Compared to state-of-the-art 

attention based multi task recurrent networks, this 

method significantly improves classification performance 

on imbalanced datasets through structured oversampling 

and parallelization, providing a better solution for 

massive data mining. 

2 Multi-label classification mining 

methods for unbalanced sample 

databases 
For imbalanced sample databases, a hierarchical 

clustering algorithm is used to divide majority and 

minority class samples into sub clusters. By calculating 

the sub cluster misclassification rate, the oversampling 

weight is determined, and sub clusters with higher 

misclassification rates are given greater weight for 

priority processing. Based on the roulette wheel 

mechanism, select seed samples and combine them with 

neighboring samples to synthesize new data, ensuring the 

randomness of the synthesized samples and the 

authenticity of the data distribution. This process 

balances inter class differences through dynamic weight 

allocation, while avoiding model bias caused by 

oversampling, ultimately improving the 

representativeness of minority class samples and 

optimizing the overall data distribution. 

Implementing parallel SVM algorithm based on 

MapReduce framework, the Map stage divides the data 

into subsets and solves local Lagrange multipliers in a 

distributed manner to extract support vectors. In the 

Reduce stage, the global support vectors are aggregated 

and retrained to generate the final classifier. Mapping 

data to high-dimensional space through kernel functions, 

constructing a maximum interval hyperplane, and 

optimizing the model's generalization ability based on the 

principle of minimizing structural risk. Parallelization 

significantly improves computational efficiency, 

effectively solves the problem of imbalanced data 

classification bias, and enhances the accuracy of minority 

class recognition. 

2.1 Oversampling treatment 

To acquire more effective sample information, sampling 

is conducted on the samples within the unbalanced 

sample database. When oversampling the imbalanced 

sample database, the imbalance of data both between and 

within classes is thoroughly considered. A hierarchical 

clustering algorithm is employed to partition the majority 

class samples in the imbalanced dataset into multiple 

majority class subclusters. Subsequently, the minority 

class samples are divided into different minority class 

subclusters based on the majority class samples. 

The notions of misclassification rate and 

oversampling weight are brought in for oversampling the 

samples within the unbalanced sample database. The 

misclassification rate is employed to signify the 

proportion of the quantity of samples misclassified by the 

support vector machine classifier for a subcluster to the 

overall number of samples in the entire subcluster [12], 

represented as n( )mi tE C , and then the following holds: 

( ) /min tt tE kC m=                           (1) 

Among them, tk denotes the number of 

misclassified samples in the minority class subcluster 

mintC , tm denotes the total number of samples in the 

minority class subcluster mintC . 

The oversampling weight is the product of the 

weight of the misclassification rate of the subcluster, the 

difference between the number of samples in the 

majority class and the number of samples in the minority 

class, denoted as ( )mintW C , then there is: 
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( )
( )

( )
( )min

1

min
min

min

t

t majn

t

t

E C
W C N N

E C



=

=  − 


    (2) 

Among them, 
majN  denotes the number of majority 

class samples in the original unbalanced samples 

database, 
minN  denotes the number of minority class 

samples in the original unbalanced sample database, 

 0,1   indicates the oversampling rate. 

The proportion of misclassification rate reflects the 

relative importance of sub cluster classification errors. 

The oversampling rate controls the replication factor of 

minority class samples, while the oversampling weight 

combines the two and the difference in the number of 

categories to dynamically determine the number of 

samples that each sub cluster needs to generate. Priority 

is given to increasing data in areas where classification is 

difficult and samples are scarce. 

After sub-clustering the minority class samples in 

the imbalanced sample database, different oversampling 

weights are assigned to the sub-clusters according to 

their misclassification rates. From Equation (2), the more 

the number of misclassified samples in the minority class 

subcluster [13], then the larger the ( )mintW C , the 

larger the oversampling weight required. The 

oversampling weights are assigned to subclusters 

according to their misclassification rates to achieve inter-

class data balance. 

The probability distribution of the subcluster of the 

minority class is reintroduced. In the subcluster mintC  

of the minority class, when mintx C  , x  is selected 

as the "seed sample" to constitute the probability 

distribution of the subcluster mintC , denoted as P , then 

there is: 

( ) 1

1

1/

1

min

/

t

t

k

xy

t

t k

xy

t l n

d

P

d

W C =

= 

 
 
 =
  
  

  



 
              (3) 

Among them, ty  represents the t  majority class 

sample nearest neighbor of x , where 1 t k  . 
txyd  

denotes the Euclidean distance between the minority 

class sample x  and the majority class sample ty , n  

signifies the number of samples in the minority class 

subcluster, and k  is the number of near-neighbor 

samples. 

The selection probability of seed samples is 

determined by the distance from the sample to the nearest 

neighbors of the majority class. The closer the distance, 

the higher the probability. This can make minority class 

samples closer to the classification boundary more likely 

to be selected for oversampling, thereby enhancing the 

model's learning ability in the boundary region. 

Based on the probability distribution of minority 

subclusters, we employ a roulette selection method to 

choose "seed samples," and subsequently, randomly 

select one of the neighboring minority samples for 

oversampling. This random selection approach ensures 

that the synthetic samples exhibit randomness [14], 

thereby better mimicking the original data distribution 

within the unbalanced sample database. 

To prevent oversampling of certain sub-clusters that 

could bias the support vector machine classifier toward 

these sub-clusters, all minority sub-clusters in the 

imbalanced sample database are assigned oversampling 

weights to achieve intra-class data balance [15]. By 

selecting "seed samples" and their nearest neighbor 

samples from the same minority sub-cluster, we can both 

avoid choosing nearest neighbors that are too distant 

from the seed samples and mitigate the over-coverage 

phenomenon caused by synthetic samples. 

The steps for dividing the minority class subclusters 

in the unbalanced sample database are as follows: 

(1) Initialize each minority class sample in the 

unbalanced sample database as a separate minority class 

subcluster; the 

(2) If there are no majority class samples present 

between the two closest minority class subclusters, the 

two-minority class subclusters are combined. 

(3) Continue reiterating steps (1) and (2) until the 

separation between the subgroups diminishes to below 

the predetermined threshold, thereby concluding the 

iteration process. 

Oversampling of data in the unbalanced sample 

database consists of 3 processes: 

(1) Divide the minority class samples to form 

different minority class subclusters; 

(2) Calculate the misclassification rate of each 

subcluster and the oversampling weight of the subcluster 

in the unbalanced sample database [16]; 

(3) The probability distribution within each 

underrepresented subcluster is ascertained using formula 

(3). Based on this distribution and the oversampling 

weights, "seed exemplars" and their proximate minority 

samples are identified for oversampling purposes, with 

synthetic minority samples subsequently being 

generated. Using the results of step (2), repeat in step (3) 

until the number of iterations reaches the oversampling 

weight, end the cycle, and output the oversampled data 

set 1 2{ , ,..., ,..., }i nX x x x x= . 

Through the aforementioned methodology, the 

process of sample oversampling within the imbalanced 

database is finalized, resulting in a more even 

distribution of samples. This, in turn, enhances the 

precision of multi-label classification mining operations 

within the said imbalanced database. 

Hierarchical clustering effectively captures the 

intrinsic structure of data through multi-level sample 

aggregation, making it particularly suitable for handling 

imbalanced data with complex inter class distributions. 

Compared to hard clustering methods such as K-means, 

it does not require a preset number of clusters and reveals 

the hierarchical relationship of samples through tree 

visualization. For example, in medical diagnostic data, 

hierarchical clustering can naturally distinguish the 

nested relationship between rare case subtypes and 
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mainstream cases, while K-means may forcibly classify 

sparse minority class samples into majority classes due to 

initial center sensitivity. The bottom-up merging strategy 

based on distance threshold can preserve local sample 

density features and avoid cluster splitting problems 

caused by global parameters in DBSCAN. 

2.2 Multi-label classification mining based 

on parallel support vector machine 

Within an imbalanced sample database, the disparity in 

sample counts between certain categories can skew the 

training of classification models towards the prevalent 

categories, hindering the recognition of underrepresented 

classes. Augmenting the number of samples belonging to 

the minority class through oversampling enables a more 

equitable distribution across classes. Consequently, 

introducing dataset 1 2{ , ,..., ,..., }i nX x x x x=  into a 

parallel support vector machine framework enables a 

more nuanced capture of the features specific to the 

minority class, ultimately boosting the classification 

accuracy for these underrepresented instances. 

While Support Vector Machine (SVM) excels at 

handling small sample sizes, its performance falters 

when confronted with imbalanced sample databases. To 

bolster its processing capabilities, this study incorporates 

the MapReduce programming paradigm into the 

nonlinear SVM algorithm, realizing a parallel SVM 

implementation grounded in MapReduce [17]. 

Map stage: Cut the input oversampled data set 

1 2{ , ,..., ,..., }i nX x x x x= into multiple equal subsets of 

data, and then allocate the data subsets to the idle Map 

work units. Finally, the work units solve the Lagrange 

multipliers on each data subset in parallel in a distributed 

manner. The sample points corresponding to non-zero 

Lagrange multipliers are support vector machines. 

Reduce stage: Upon completion of each map 

operation, the locally obtained support vectors are 

combined as Reduce input. All support vector machines 

undergo retraining, with the final training results serving 

as classifiers and the retraining results representing the 

global optimal solution. The samples corresponding to 

the support vector machines are saved to local files [18]. 

The parallel support vector machine algorithm 

harnesses the power of SVM for executing multi-label 

classification mining in imbalanced sample databases. 

This approach translates the multi-label classification 

challenge inherent in such databases into a series of 

binary classification tasks. SVM, as a learning 

mechanism, is optimized through structural risk 

minimization (SRM), which involves the simultaneous 

minimization of two opposing goals. First, empirical risk 

is minimized based on available data. However, as model 

complexity increases, observed errors on the training 

data may decrease to arbitrarily low levels, potentially 

causing increased errors on unseen data due to model 

overfitting. Second, structural risk minimization (SRM) 

includes minimizing a monotonic function term related to 

test error, known as structural risk, which depends 

directly on model complexity. For linear systems, this 

complexity grows proportionally with the norm of the 

system's parameters [19]. 

For the dichotomy classification problem, SVM's 

fundamental approach identifies an optimal hyperplane 

in the sample space to maximize the separation margin 

between two distinct sample classes. The training set is 

defined as follows: 

( ) ( , ) , , 1,2,...,i iX T x t i n= =                   (4) 

Among them, 
it  is the category tags of the Sample 

ix ,  1,1it  − . 

Introducing nonlinear mappings ( )X , mapping 

the training set into a high-dimensional space: 

( ) ( ( ), ) ( ), , 1,2,...,i iX T x t i n = =              (5) 

The chosen kernel function is: 

( , ) ( ) ( )TK x y x y =                           (6) 

Introducing slack variables 0i  , constructing 

standard support vector machine expressions: 

2 2

,
1

1
min

2

. .  ( ( ) ) 1

0, 1, 2,...,

n

i

i

T

i i i

i

C

s t t x b

i n

 
 

  



=

+

+  −

 =



                     (7) 

Among them,   denotes the normal vector of the 

classification plane, b  indicates a bias term. 

Solving the optimization problem, i.e., the dyadic 

problem of Eq. (7). 

,
1 1 1

1

1
min ( , )

2

. . 0

0 0, 1,2,...,

n n n

i j i j i

i j i

n

i i

i

i

K x x

s t t

i n

 
  





= = =

=

−

=

  =

 

              (8) 

Among them, i , 
j both denote Lagrange 

multipliers. 

In parallel support vector machines, the Map phase 

projects data into a high-dimensional space and 

constructs a dual problem through nonlinear mapping 

and kernel functions. This approach efficiently identifies 

the optimal hyperplane in parallel computing 

environments, thereby accelerating multi-label 

classification training for imbalanced sample data. 

2.3 Parallel training process for support 

vector machines 

Upon completion of the binary classification process in 

the Map stage of the support vector machine, the input 

key-value pairs undergo a transformation via the Map 

function, yielding a sequence of intermediary key-value 

pairs formatted as <key, value>. Key-value pairs sharing 

the same key are then routed to their respective Reduce 

functions for further processing. During the Reduce 

phase, these received <key, value> pairs are reformatted 

into <key, list(values)> pairs, and for each such pair, the 

reduce method is invoked, ultimately outputting the 

processed results. 
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In order to train the support vector machine [20] 

under the MapReduce model, it is considered that the 

final decision of the classification plane for the 

classification mining task is the support vector machine, 

and the samples between the two optimal hyperplanes 

play an important role in the adjustment of the support 

vector machine. First, the training sample set is divided 

into several small training sample sets, and the support 

vector machine is trained for each small sample set in the 

Map task, then select the samples near the optimal 

hyperplane corresponding to each support vector 

machine, namely the sample data ( , )j jx t  of *0 j C   

as the input of Reduce, and train a new support vector 

machine as the final decision function in the Reduce 

stage. 

Assuming that the solution to the dyadic problem is 
* , then the normal vector of the optimal hyperplane is: 

* *

1

( )
n

i i

i

t x  
=

=                             (9) 

Take the 
jx , 

jt corresponding to some *0 j C  , 

so it follows that: 

 
*

1

( , )
n

j i i i j

i

b t t K x x
=

= −                      (10) 

From this it is possible to construct the decision 

function: 

*

1

( ) ( , )
n

i i i j

i

f x t K x x b
=

= +                    (11) 

The process of MapReduce training support vector 

machine is shown in Figure 1. 

For multi label classification, the main steps of 

MapReduce training support vector machine are as 

follows: 

Step 1: Label the data containing class training 

samples and reduce it to the format of<key, value>, 

where key value is the sample category and value is the 

sample feature data. 

Step 2: 
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Figure 1: The process of MapReduce training support vector machine. 

The data in the <key,value> format is input into the 

Map function for optimization. In each Map function, the 

optimization problem of the input data is solved to obtain 

multiple support vector machines. The output format is 

the intermediate data in the <key,value> format, where 

the key is the positive sample category of the support 

vector machine and the value is the labeled support 

vector. Marking as 1 indicates that the training sample 

corresponding to the support vector in the support vector 

machine is a positive sample. Marking as -1 indicates 

that the training sample corresponding to the support 

vector is a negative sample. 

Step 3: Perform the Partitoon phase operation on the 

intermediate key value pair data, and send the data with 

the same key value to the same Reduce node for 

processing. 

Step 4: The data of intermediate key value pairs is 

transferred to the Reduce node and sorted into data in the 

format of<key, list (values)>, where key is the support 

vector machine category and list(values) is all the data 

corresponding to that category collected from the data of 

intermediate key value pairs. 

Step 5: The Reduce function processes the data in 

the <key, list(values)> format and obtains a new support 

vector machine by solving the optimization problem. 

This support vector machine is used to identify the 

category of the imbalanced sample data corresponding to 

the key. After the Reduce phase is executed, a new 

support vector machine is obtained and output in the 

<key,value> format. 

3 Test experiments 
This study focuses on the multi label classification 

problem in imbalanced sample databases, with the core 

objective of achieving collaborative optimization of 

classification accuracy and computational efficiency. By 

effectively improving data distribution through 

oversampling methods based on hierarchical clustering, 

combined with the design of a parallelized SVM 

architecture, classification performance is significantly 
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improved while maintaining the statistical characteristics 

of the original data. This study significantly improved the 

performance of the model in imbalanced multi label 

classification tasks through systematic hyperparameter 

optimization. The selection of kernel function underwent 

rigorous cross validation testing, and ultimately 

determined to use RBF kernel as the basic kernel 

function. Its key parameter γ was optimized to 0.01 

through grid search. This setting can effectively capture 

the nonlinear relationship between labels and avoid the 

risk of overfitting. The dynamic weight adjustment 

mechanism uses the reciprocal of the category frequency 

as the initial weight, and performs online optimization 

through gradient descent. The weight update step is set to 

0.001 to balance convergence speed and stability. 

3.1 Sample data 

In order to verify the multi-label classification mining 

performance of the studied method for unbalanced 

sample database, a typical unbalanced sample database in 

the network is selected as the experimental object. The 

unbalanced sample database in the network is selected as 

the research object, which contains 10 datasets, and some 

samples in the dataset have multi-labels, which enhances 

the classification difficulty. 

The unbalanced dataset used this time includes: 

Comedy, History, Musical, War, Motorway, News, 

Fantasy, Animation, Game, Talk. In the field of data 

classification, each label category represents a specific 

set of content and topics. Comedy tags are associated 

with the characteristics of humor and funny, covering 

comedy films, TV dramas, sketches, talk shows and other 

forms. Historical labels focus on past events and 

characters, including historical books, documentaries, 

historical dramas and archaeological discoveries. 

Musical labels involve music and performing arts, 

including musicals, concerts, music videos and music 

education. The war label focuses on conflict and military 

action, covering war movies, military history, war games 

and military equipment. Highway labels are related to 

traffic and travel, including road construction, traffic 

rules, car brands and travel guides. News labels closely 

follow current events, involving news articles, 

journalists, news programs and political news. Fantasy 

tags involve magic and supernatural elements, including 

fantasy novels, movies, games and animation. Animation 

tags focus on animation production and visual effects, 

covering animated films, TV series, animated short films 

and animation technology. 

The original data sources of these tag data mainly 

come from film and television work libraries, news 

media platforms, traffic management databases and 

entertainment industry reports. The tags "comedy", 

"history", "musical", "war" and "animation" mostly 

originate from the classified metadata of film rating 

websites, streaming media platforms and film and 

television production companies, reflecting the 

preferences of the general public for cultural 

consumption. Highway label data comes from the road 

condition monitoring system of the transportation 

department and statistics of the automotive industry, 

reflecting infrastructure and travel demands. News tags 

are captured in real time through news aggregation 

platforms and social media, reflecting hot social events. 

The "Fantasy" and "Game" tags are extracted from game 

development forums, anime communities, and e-sports 

event records, revealing the creative trends in the virtual 

entertainment industry. The generation of each tag is 

based on structured or unstructured data in a specific 

field, and its real-world background is directly related to 

the cross-influence of the cultural industry, public affairs 

and technological development. 

The data set setup in the unbalanced sample 

database is shown in Table 2. 

This database contains 10 datasets from different 

fields, with significant differences in the proportion of 

majority class and minority class samples. For example, 

the Talk dataset has a ratio of 383:1, while the War, 

Motorway, and other datasets have a ratio of over 40:1, 

while Animation is relatively balanced (8.2:1). The 

sample sizes of each dataset range from 1058 to 9154, 

with label numbers ranging from 16 to 31, reflecting the 

complexity of data imbalance in multi-dimensional 

classification scenarios. 

The experiment adopts the MapReduce framework 

and is configured with 32 physical processor nodes (Intel 

Xeon) E5-2680v4@2.4GHz Each node has 14 cores and 

28 threads, with a total memory of 1.5TB, and resource 

scheduling is performed through YARN. At the software 

level, a hybrid deployment of Hadoop 3.1.4 and Spark 

3.0.1 is used, with HDFS block size set to 256MB and 

data sharding strategy allocated based on sample ID hash. 

Especially for highly imbalanced datasets, dynamic 

partition optimization is enabled, and the number of 

reducers is adjusted from the default 200 to match the 

number of minority class samples (set to 9 reducers in 

this example), and Spark's cost model is enabled for 

skewed data processing. All nodes run CentOS 7.6 

system and JDK version is OpenJDK 11. 

3.2 Analysis of oversampling effects 

The oversampling method based on hierarchical 

clustering adopted has structured characteristics in 

sample selection, which avoids the introduction of noise 

or omission of important samples that may be caused by 

traditional random sampling by pre dividing the data 

hierarchy. This method implements differentiated 

sampling strategies for different layers while maintaining 

the distribution characteristics of the original data, 

ensuring the spatial integrity of minority class samples 

and avoiding the risk of overfitting caused by simple 

random replication. The hierarchical mechanism 

concentrates the synthesized samples more on the key 

areas of the decision boundary, rather than uniformly 

dispersing them in the feature space. This directional 

enhancement strategy significantly improves the 

effectiveness and controllability of the sampling process. 

The distribution of raw data samples is shown in Figure 

2. 
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The selected dataset is oversampled using the 

method of this paper, and after oversampling, the result 

of data distribution within this dataset is shown in Figure 

3. 

Comparison of the experimental results in Fig. 2 and 

Fig. 3 shows that the new samples synthesized by this 

paper's method are concentrated in the middle region of 

the dataset by utilizing the category imbalance data 

Table 2: Experimental dataset settings. 

Serial 

Number 
data set 

Sample 

quantity/piece 

Most 

classes/individual 

Minority 

class/individual 

Number of 

tags/piece 

1 Comedy 1058 816 242 18 

2 History 3151 2615 536 16 

3 Musical 2815 2164 651 21 

4 War 5648 5516 132 23 

5 Motorway 6185 5985 200 27 

6 News 7185 6941 244 28 

7 Fantasy 8164 7852 312 26 

8 Animation 9154 8164 990 27 

9 Game 7158 6841 317 26 

10 Talk 3461 3452 9 31 
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Figure 2: Distribution of raw data samples in the dataset. 
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Figure 3: Oversampling results of the dataset. 

sampling method based on hierarchical clustering. The 

method in this paper improves the category imbalance of 

the original dataset by oversampling the dataset. The 

synthesized samples after oversampling by the method of 

this paper can more effectively reflect the distribution of 

data in the samples and improve the imbalance of the 

database of category-imbalanced samples. 

3.3 Analysis of the effects of classification 

mining 

From the data samples shown in Table 2, four labeled 

data are randomly selected to test the classification 

mining effect. The multi-label classification mining 

results of data samples of this paper's method are shown 

in Figure 4. 
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(b) After clustering 

Figure 4: Multi label classification mining results. 

Figure 4 shows the effectiveness of our method in 

multi label classification mining of imbalanced sample 

databases. Before clustering, the four types of label data 

were randomly distributed. After clustering, each labeled 

data formed distinct and relatively independent clusters. 

This indicates that the method proposed in this paper can 

effectively classify and mine multi label data with 

imbalanced samples, distinguish different label 

categories clearly, tightly aggregate similar label data, 

and effectively improve the accuracy and clarity of multi 

label classification. It has significant advantages in 

dealing with complex multi label classification problems 

with imbalanced samples. 

3.4 Test programs and indicators 

In order to verify the effectiveness of this method, G-

means (geometric mean) value and acceleration ratio are 

selected as experimental indicators, and this method, 

reference [7] method and reference [8] method are used 

for comparative experiments. The calculation formula of 

its experimental indicators is as follows: 

(1) G-means (geometric mean) value: an important 

evaluation index to measure the classification 

performance of category imbalance sample database. The 

calculation formula is as follows: 

 
1

1
exp log( )

n

i

i

G x
n =

 
=  

 
                       (12) 

The geometric mean is characterized by a lower 

sensitivity to extreme values than the arithmetic mean, 

and thus provides a more robust estimate of the mean 

when dealing with data with large fluctuations or 

extreme values. 

(2) Speedup: Speedup is an important indicator to 

measure the performance improvement of parallel 

computing or optimization algorithms. It is usually 

defined as the ratio of the time required to execute a task 

on a uniprocessor system to the time required to execute 

the same task on a multiprocessor system. The speedup 

can be used to evaluate the effectiveness of 

parallelization or optimization measures, as well as the 

improvement of system performance. The mathematical 

expression for speedup r  is: 

 1

n

T
r

T
=                                    (13) 

Of which: 
1T  indicates the time required for a single 

processor to perform a task. 
nT  is the time required to 

perform the same task using n  processors. The higher 

the r  value, the better the parallelization or optimization 

effect, and the more significant the performance 

improvement. 

(3) Classification mining time refers to the total time 

taken from the start of executing classification algorithms 

to completing all sample label predictions, including the 

entire process of feature computation, model training, 

and prediction inference. This indicator directly reflects 

the computational efficiency of classification methods in 

scenarios with imbalanced samples, with a particular 

focus on the time cost of minority class sample 

recognition. 

(4) KL divergence: KL divergence is an asymmetric 

indicator that measures the difference between two 

probability distributions. It evaluates the sampling effect 

by calculating the relative entropy between the original 

distribution and the sampled distribution in the label 

space. In the scenario of multi label imbalanced data, KL 

divergence test quantifies the degree of preservation of 

the original label distribution features by the sampling 

method. The smaller the value, the higher the consistency 

between the sampled label distribution and the original 

distribution. 

(5) F1 value: F1 value is the harmonic mean of 

precision and recall, used to comprehensively evaluate 

the classification performance of the model in 

imbalanced samples. The closer its value is to 1, the 

more balanced the model's recognition ability in minority 

categories and overall prediction accuracy. 

3.5 Analysis of test results 

(1)G-means 

G-means (geometric mean) value is an important 

evaluation indicator for measuring the classification 

performance of imbalanced sample databases. It 

comprehensively considers the recall rate (sensitivity) of 

minority classes and the specificity of majority classes, 

and avoids the dominance of a single indicator in the 

evaluation results through geometric mean. Traditional 

accuracy tends to favor the majority class in imbalanced 

data, while G-means can more fairly reflect the model's 

ability to recognize each class. When the G-means value 

is high, it indicates that the model performs well in both 

recognizing minority classes (sensitivity) and correctly 

excluding majority classes (specificity), which is 

particularly important for applications that value 

minority class recognition and are cost sensitive. The 

method in this paper is used to calculate the G-means 

value of multi label classification mining for unbalanced 

sample database, and the statistical results are shown in 

Figure 5. 
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Figure 5: G-means values for multi label classification 

mining. 
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Upon scrutiny of the experimental outcomes 

depicted in Figure 5, it becomes evident that the 

methodology employed in this paper distinctly 

outperforms the two rival approaches when confronted 

with the multifaceted challenge of multi-label 

classification mining within an imbalanced sample 

database. Notably, across varying degrees of imbalance, 

the geometric mean accuracy (G-means) achieved by our 

method consistently surpasses the 0.95 threshold, 

towering over alternative methods and showcasing its 

remarkable proficiency in multi-label classification 

mining. The cornerstone of this exceptional performance 

lies in the method's innovative algorithm design and 

optimization tactics, which empower it to not only 

adeptly discern and categorize the preponderance of 

samples but also meticulously discern the nuanced traits 

of minority samples, thereby preserving a harmonious 

balance and precision in classification across both 

majority and minority samples. This balance is 

paramount in multi-label classification tasks, as it is 

intimately tied to the equity and trustworthiness of 

classifiers in practical applications. 

The significance test results are shown in Table 3. 

Table 3: Significance test results. 

Control group P value 

Data set A 

(1:10) 

Data setB 

(1:20) 

Data 

setC 

(1:50) 

Proposed 

method VS 

Reference [7] 

method 

0.001*** 0.001*** 0.002** 

Proposed 

method VS 

Reference [8] 

method 

0.003** 0.001*** 0.008** 

 

From the significance test results in Table 3, it can 

be seen that our method is significantly better than the 

comparison method on three different imbalance ratio 

datasets (1:10/1:20/1:50) (p<0.01), especially at high 

imbalance ratios (1:50), it still maintains strong 

significance (p=0.008), indicating that the algorithm has 

strong robustness to data skewing. As the imbalance ratio 

increases, the p-value of our method compared to 

reference [8] increases from 0.003 to 0.008, reflecting 

that the performance fluctuation is smaller when the 

proportion of majority class samples increases, indicating 

that the model design can effectively alleviate the 

problem of class dominance. The sensitivity analysis of 

hyperparameters is implicit in the stability across 

datasets, and the sustained excellent performance under 

different data distributions validates the adaptability of 

the algorithm parameters. 

(2) Speedup 

In order to further verify the feasibility of the 

method in this paper, the speedup is selected as an 

experimental index, and the speedup of the three methods 

are counted for multi-label classification mining of 

unbalanced sample databases, and the statistical results 

are shown in Fig. 6. 
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Figure 6: Comparison of the speedup ratio results. 

When the sample size is 1000, the proposed method 

has an acceleration ratio slightly higher than 1, while the 

acceleration ratio of the Reference [7] method is close to 

1, while the acceleration ratio of the Reference [8] 

method hovers around 1. As the sample size gradually 

increased to 2000, the acceleration ratio of our method 

steadily increased to about 1.2, while the Reference [7] 

method only showed a slight increase and remained 

around 1, while the Reference [8] method slightly 

increased to about 1.1. When the sample size reaches 

10000 pieces, the acceleration ratio of our method 

approaches 2.5, demonstrating strong growth momentum 

and efficiency. The acceleration ratio of the reference [7] 

method still fluctuates between 1 and 1.5, indicating 

weak growth. Although the acceleration ratio of the 

reference [8] method has increased, it mostly fluctuates 

between 1.5-2, indicating poor stability. Overall, during 

the process of sample size changing from 1000 to 10000, 

the acceleration ratio of our method not only increased 

numerically, but also grew steadily, maintaining a 

leading advantage. 

(3) Classification mining time 

Time testing plays a crucial role in multi label 

classification mining of imbalanced sample databases, 

mainly reflected in evaluating model efficiency and 

generalization ability. Due to uneven data distribution, 

classification algorithms are prone to bias towards the 

majority of classes, resulting in distorted prediction 

results. The response speed of the model on different 

subsets of data can be quantified through time testing to 

verify its stability in handling large-scale sparse labels. 

At the same time, it can reflect the computational costs of 

feature extraction, weight adjustment, and other 

processes, providing a quantitative basis for optimizing 

algorithms. The classification mining time results of the 

three methods are shown in Table 4. 
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Table 4: Classification mining time results. 

Dataset 

Number 

Classification mining time/s 

Proposed 

method 

Reference 

[7] method 

Reference 

[8] method 

1 1.02 5.67 8.91 

2 0.98 6.12 9.23 

3 1.05 5.89 8.76 

4 0.99 6.34 9.01 

5 1.01 5.78 8.87 

6 1.03 6.02 9.15 

7 0.97 5.95 8.68 

8 1.04 6.21 9.09 

 

This method demonstrates significant advantages in 

classification mining time and has better computational 

efficiency compared to the methods in references [7] and 

[8]. From the data in Table 4, it can be seen that the time 

stability of our method on each dataset is maintained 

within 1.02 seconds, with minimal fluctuations and a 

standard deviation of only 0.03 seconds, demonstrating 

the robustness of the algorithm. Compared with the 5.67-

6.34 seconds of the method in reference [7] and the 8.68-

9.23 seconds of the method in reference [8], our method 

accelerates by more than 5 times, especially when 

dealing with high-dimensional sparse labels, it can still 

maintain millisecond level response. This is because this 

article uses MapReduce parallelization SVM training, 

which divides the data into blocks and integrates key 

support vectors, significantly reducing the computational 

complexity of the kernel matrix. By dynamically 

optimizing weights, the number of iterations is 

significantly reduced, and the parallel architecture 

effectively distributes the computational burden caused 

by class imbalance, thus achieving high-precision 

classification in about 1 second and increasing efficiency 

by more than 5 times. 

(4) KL divergence 

KL divergence can be used to quantify the 

difference in data distribution before and after sampling, 

verifying whether the sampling method effectively 

maintains the statistical characteristics of the original 

data and avoids classifier bias towards the majority class 

due to sample imbalance. Meanwhile, KL divergence can 

evaluate the stability of parallel SVM on different 

subsets of data, ensuring the convergence and 

generalization ability of distributed computing. The test 

results can guide the optimization of sampling strategies, 

improve the accuracy and recall balance of multi label 

classification. The KL divergence results of the three 

methods are shown in Figure 7. 
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Figure 7: KL divergence results 

 

From the KL divergence results in Figure 7, it can be 

seen that for datasets 1-8, the KL divergence values of 

our method are significantly lower than those of the 

methods in references [7] and [8]. Throughout the entire 

dataset, the KL divergence values of the reference [7] 

method fluctuate between 0.2-0.6, the reference [8] 

method fluctuates between 0.3-0.5, while the proposed 

method consistently maintains a low level below 0.2. 

This indicates that the method proposed in this paper has 

significant advantages in maintaining the statistical 

properties of the original data, effectively avoiding 

classifier bias towards the majority class, and having 

stronger stability on different subsets of data, which is 

more conducive to optimizing sampling strategies and 

achieving a good balance between accuracy and recall. 

(5) Classification performance 

In the multi label classification task of imbalanced 

sample databases, the number of samples in minority 

categories is much lower than that in majority categories, 

and traditional accuracy indicators are prone to masking 

the recognition defects of the model for minority 

categories due to the dominance of majority categories. 

The F1 value can more sensitively reflect the 

performance of the model in minority categories by 

harmonizing accuracy and recall, avoiding evaluation 

distortion caused by skewed sample distribution. The F1 

values of the three methods are shown in Table 5. 
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Table 5: F1 value results. 

Dataset 

Number 

F1 value 

Proposed 

method 

Reference 

[7] method 

Reference 

[8] method 

1 0.912 0.745 0.689 

2 0.925 0.721 0.673 

3 0.908 0.738 0.695 

4 0.917 0.712 0.668 

5 0.921 0.749 0.701 

6 0.909 0.733 0.682 

7 0.915 0.727 0.676 

8 0.923 0.754 0.698 

 

Table 5 shows that the parallel support vector 

machine method proposed in this paper has significantly 

higher F1 values than the reference method on all eight 

datasets, with the highest reaching 0.925 and the lowest 

remaining at 0.908. The overall performance is stable 

and excellent. In contrast, the F1 values of the methods 

in reference [7] and reference [8] are generally lower 

than 0.75, with a maximum difference of 0.236, 

indicating that traditional methods are sensitive to sample 

imbalance issues. This method optimizes the decision 

boundary calculation of support vector machines through 

parallel architecture, effectively alleviating the problem 

of minority class samples being ignored. Although 

traditional support vector machines can handle small 

sample data, they are susceptible to the influence of class 

distribution in multi label imbalanced scenarios, and their 

single kernel function and serial training mode are 

difficult to balance the weights of each class. The method 

proposed in this article achieves higher accuracy in 

capturing rare labels through distributed kernel 

computing and dynamic weight adjustment, verifying the 

necessity of parallelization transformation to improve 

model robustness. 

In summary, this method demonstrates significant 

advantages in multi label classification tasks, and its core 

innovation lies in effectively solving the performance 

bottleneck of traditional methods on imbalanced data by 

parallelizing SVM training and dynamic weight 

optimization. Compared with the methods in references 

[7] and [8], our method performs well in terms of G-

means value, acceleration ratio, and classification time, 

especially when dealing with high imbalance ratio data, 

and still maintains strong robustness. 

From the perspective of classification performance, 

this method significantly improves the model's 

recognition ability for minority class samples through 

distributed kernel computing and dynamic weight 

adjustment, with an F1 value stable above 0.9, far 

exceeding the comparison methods. This design not only 

alleviates the bias caused by class imbalance, but also 

optimizes computational efficiency through parallel 

architecture, reducing classification time to about 1 

second. 

Another innovation of this method lies in verifying 

the effectiveness of the sampling strategy through KL 

divergence, indicating that it can better maintain the 

statistical characteristics of the original data and avoid 

the classifier bias towards the majority class. This 

characteristic makes it highly valuable in cost sensitive 

fields such as medical diagnosis and financial risk 

control. However, this method has strong assumptions 

about data distribution, and if the actual data has extreme 

sparsity or poor non-linear separability, performance may 

decrease. In the future, lightweight parallel frameworks 

such as Spark can be explored to replace MapReduce, in 

order to further enhance the flexibility and applicability 

of the algorithm. 

4 Conclusion 
By introducing the parallel support vector machine 

technology, this research proposes an innovative 

classification mining method for the multi label 

classification problem in the unbalanced sample 

database. This method oversamples samples through 

hierarchical clustering algorithm, effectively balances the 

distribution of samples with different labels, and 

implements parallel computing through MapReduce 

framework, significantly improving the accuracy of 

classification of minority labels. Through experimental 

verification, the performance of multi label classification 

is significantly improved by combining parallel 

processing, unbalanced data processing technology and 

multi label classification strategy. In the future, we will 

continue to explore and optimize this method in order to 

exert its potential in a wider range of practical 

application scenarios and contribute more innovative 

solutions to the data mining field. 
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This study introduces an intelligent diagnosis method based on an improved Transformer, which 

introduces a multi-scale attention mechanism into the fine feature extraction of the ECG signal, 

further optimizes the classification model, enhances the loss function, and improves the diagnosis 

accuracy. This project intends to use the MIT-BIH arrhythmia database as the research object. It 

divides it into training set, validation set, and test set according to 7:2:1. Experiments show that the 

accuracy of arrhythmia classification of the method proposed in this paper reaches 98.6%, the recall 

rate is 98.2%, and the F1 value is 98.4%. Compared with the traditional model, its accuracy is 

improved by 3.2%, 2.8%, and 3.0%, respectively. Compared with other mainstream deep learning 

algorithms such as ResNet and Dense Net, the performance indicators of this algorithm have been 

greatly improved. The research results of this project will provide an efficient and accurate solution 

for the intelligent diagnosis of ECG signals. It has important scientific significance and practical 

value. 

Povzetek: Izboljšani transformer z večluskostno pozornostjo za analizo EKG (MIT-BIH, delitev 7:2:1) 

prinese 3% prednosti pred klasičnimi/modeli CNN (ResNet/DenseNet). Uporabi adaptivno 

pozicioniranje, uteži, uteženo izgubo in lahkotno izvedbo v realnem času. 

 

1 Introduction 

Cardiovascular diseases (CVDs) are one of the 

diseases with the highest mortality rates in the world, 

which seriously threatens human health. The latest 

report of the World Health Organization shows that the 

number of people who die from CVDs each year is 

about 17.9 million, of which about 85% are caused by 

myocardial infarction or stroke. An electrocardiogram 

is an essential means of clinical diagnosis of 

cardiovascular diseases. It can effectively reflect the 

physiological and pathological state of the heart by 

recording ECG signals. ECG signals contain a variety 

of characteristic frequency bands, such as P wave, QRS 

complex, T wave, and slight changes in their 

morphology, amplitude, and time interval may be 

related to the occurrence of various heart diseases. 

However, traditional ECG diagnosis methods are 

mainly done through manual interpretation and simple 

rule matching. Manual diagnosis is not only time-

consuming and laborious, but subjective factors such as 

the doctor's experience and fatigue level will affect the 

accuracy of the diagnosis. The previous survey of 

primary medical institutions found that among patients 

with complex arrhythmias, the manual diagnosis rate 

was as high as 25%, and the misdiagnosis rate was as 

high as 15%, which could not meet the urgent needs of 

clinical diagnosis and treatment efficiency and 

accuracy. In addition, the automatic diagnosis system  

 

based on rule matching has limitations in diagnosing 

new and rare diseases. 

Deep learning has made significant progress in 

ECG analysis in recent years due to its robust feature 

extraction and pattern recognition [1]. Convolutional 

Neural Network (CNN) based on Local Perceptual 

Field Weight Sharing (LNN) can automatically extract 

spatial features from ECG signals, performing well in 

arrhythmia classification. For example, using a multi-

layer convolutional neural network framework, an 

accuracy of 89.2% for the MIT-BIH arrhythmia 

database has been achieved, effectively improving the 

ability to recognize common arrhythmia types. 

Recurrent Neural Networks (RNN) and their variants, 

LSTM or GRU, are better at capturing temporal 

features of ECG signals because of their unique 

memory cell structure. In reference [2], the accuracy of 

arrhythmia diagnosis will be increased to 91.5%, 

providing a new approach for ECG dynamics analysis. 

However, these methods have obvious shortcomings. 

However, deep convolutional neural networks can't 

model long-sequence correlation of long sequence data 

effectively; Recursive neural networks can easily result 

in gradient vanishing and gradient explosion while 

processing complex waveforms, resulting in difficult 

training, incomplete feature extraction, and low 

precision. 

The appearance of the Transformer frame makes a 

breakthrough in ECG diagnosis. The proposed 

algorithm performs better in natural language 
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processing and image recognition [3]. It has been 

proven that using the Transformer method to diagnose 

ECG is a good way to reflect on the relationship 

between components in ECG. However, current 

Transformer-based ECG diagnostic methods still have 

many problems. For one thing, the traditional 

transformer cannot capture the ECG signal's multiscale 

feature. The high-frequency component in the QRS 

complex is different from that in the T wave in the 

ECG signal [4]. However, the traditional Transformer 

method has difficulty in extracting multiscale features 

effectively. On the other hand, due to its large number 

of model parameters and high computational 

complexity, its extensive scale application has been 

restricted due to its difficulty in real-time diagnosis. 

This paper presents an intelligent diagnostic system for 

ECG based on a modified transformer. The core 

innovation of this project is as follows: (1) An adaptive 

weight allocation strategy is introduced, combined with a 

modified position coding method, which improves the 

ability of extracting time features from ECG signals, 

making ECG dynamic change more accurate. (2) A 

multiscale attention model is designed to adjust the 

attention weights automatically based on temporal and 

frequency-domain features of ECG signals so that the 

model can analyze complicated ECG signals. (3) A 

lightweight intelligent diagnostic system framework is 

constructed, which is combined with data enhancement 

technology to expand the variety of training data. 

 

2  Algorithm design of ECG signal 

intelligent diagnosis system based on 

deep learning 

2.1 Algorithm design ideas 

ECG signals contain P, QRS, and T waves, which are 

ever-changing under normal and pathological conditions 

[5]. They have temporal continuity and frequency 

differences, which put higher requirements on the 

algorithm. Traditional deep learning algorithms have the 

following shortcomings: convolutional neural networks 

are complex to reflect the long-range correlation of ECG 

signals; recurrent neural networks are prone to produce 

gradients under complex waveforms; standardized 

transformers cannot effectively fuse multi-scale features 

[6]. This paper combines an improved Transformer 

framework with a multi-scale attention mechanism, 

optimized position coding, adaptive weight allocation, 

etc. Achieving complex feature fusion can improve the 

ability to recognize the ECG signal. 

2.2 Application of improved Transformer 

algorithm in ECG signal feature extraction 

In the Transformer framework, the multi-attention 

mechanism is a key component in realizing feature 

interaction and extraction. This method calculates the 

similarity between query vector Q, key vector K, and 

value vector V, and calculates the formula: 

(1) 

Among them,  are query vector, key 

vector and value vector respectively, and  is 

the dimension of key vector. Although this mechanism 

can calculate the correlation between each position in 

parallel, it cannot adaptively adjust the importance of 

different features for data with specific timing rules 

such as ECG signals. 

This project improves the long-term attention mechanism 

based on the time-varying characteristics of ECG signals. 

An adaptive weight coefficient  in the range of [0,1] is 

proposed, and the contribution of each attention head is 

dynamically adjusted during training. The improved 

multi-attention mechanism is calculated in formula (2): 

   (2) 

Among them,  is the number of heads, 

  are linear transformation matrices, 

and  is used for linear transformation after 

splicing [7]. An adaptive weight coefficient is used to 

dynamically adjust the attention head's weight according 

to the importance of the ECG signal based on 

characteristic analysis in the QRS group. 

Regarding position encoding, the original 

Transformer adopts a sine-cosine position encoding 

mode. Using fixed mathematical functions to encode 

position information lacks specificity for data features. 

For time series data with special physiological laws 

such as ECG signals, This study introduces a new 

position encoding method, as shown in (3): 

(3) 

Among them, pos represents the position,  

represents the dimension index,  is the model 

dimension, and  and  are coefficients 

pre-trained according to the characteristics of the ECG 

signal. In equation (3), the coefficients  and 

 are learned via unsupervised pre-training on a 

large ECG dataset. Specifically, we employ a contrastive 

learning framework where the model is trained to 

distinguish between different cardiac cycle phases (e.g., 

 wave, QRS complex) by optimizing  to 

maximize feature separability in the latent space. During 

training, these coefficients are updated alongside other 

model parameters using AdamW optimizer with a 

learning rate of  
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This project intends to use unsupervised learning 

methods to study the importance of each part and 

frequency component in the ECG signal [8]. For 

example, in encoding the position information near the 

P wave, the model can pay more attention to the 

characteristic changes in this area by adjusting the 

coefficients, thereby improving the ability to extract 

longitudinal wave features. 

This study introduces an improved multi-attention 

mechanism for adaptive extraction of different features. 

This paper adds time series information to the feature 

expression. Then, the hierarchical naturalization 

method, forward neural network and other techniques 

are used to optimize the transformation of the features, 

and the feature expression of the following formula (4) 

is obtained: 

  

Multi  

(4) 

Among them, FFN is a feedforward neural network, and 

Layer Norm is a layer normalization operation 

 

2.3 Fusion of multi-scale attention 

mechanism 

The complexity of the electrocardiogram is mainly 

reflected in its period and frequency range. For example, 

the QRS complex has a short duration and high 

frequency, reflecting the process of ventricular 

depolarization; At the same time, the T wave is a 

ventricular repolarization process with a longer duration 

and lower frequency [9]. This study designed a multi-

scale attention mechanism to capture these different 

scales' features effectively. 

First, define the window sizes of different scales 

, which are set according to the 

physiological characteristics and standard characteristic 

cycles of the electrocardiogram signal. For each scale 

, the attention weight is calculated as shown in 

formula (5): 

(5) 

Among them,  is the key vector at scale 

. This formula calculates the similarity between 

the query vector and the key vectors of different scales 

to obtain the attention weight at the corresponding 

scale. Taking a small-scale window (such as ) 

as an example, it can focus on high-frequency local 

features such as ORS wave groups [10]. By calculating 

attention weight, the model pays more attention to area 

details while large windows capture low-frequency, 

long-distance features such as T waves and mine long-

term dependencies. 

The attention results of different scales are fused to 

obtain the final attention output , as shown 

in formula (6): 

(6) 

The adaptive attention weight αᵢ in equation (2) is 

dynamically adjusted during training using a gating 

mechanism that takes as input the frequency-domain 

energy of the QRS complex. For scale fusion weights βⱼ 

in equation (6), we introduce a learnable linear layer that 

maps concatenated multi-scale features to a set of 

normalized weights, ensuring optimal fusion of high-

frequency (QRS) and low-frequency (T wave) 

components. 

2.4 Classification model optimization and 

loss function design 

In terms of the classification model, the improved 

multi-layer perceptron (MLP) structure is used to 

improve the model's ability to recognize 

electrocardiogram features. Traditional activation 

functions such as ReLU may cause neurons to "die" 

when processing some complex data, resulting in 

information loss. The Swish activation function is 

selected to improve the nonlinear expression ability. 

Equation (7) is: 

(7) 

In equation (7),  denotes the sigmoid 

function, defined as σ(x) = 1 / (1 + exp(-x)), which 

introduces non-linearity to model complex ECG feature 

interactions. The Swish activation function, f(x) = 

x·σ(x), addresses the 'dying ReLU' problem by 

maintaining smooth gradients across all input ranges 

[11]. To solve the problem of too many model 

parameters and overfitting issues, the paper chooses the 

AdamW optimization algorithm. A weight decay 

mechanism was introduced based on an Adam 

optimizer. 

(8) 

Among them, is the parameter of the 

 iteration,  is the learning rate,   

and   are the bias-corrected first-order moment 

and second-order moment estimates,  is the 

smoothing term, and  is the weight decay 

coefficient. 

In addition, there is a class imbalance in ECG 

diagnosis. For example, in some public data sets, the 

sample size of standard ECG signals may far exceed 

that of rare arrhythmias. This imbalance causes the 

model to learn features from the majority class samples 

during training, decreasing the ability to diagnose small 

sample diseases. To solve this problem, the weighted 

cross-extraction function is designed according to 

formula (9):  

(9) 

 Where  is the number of samples,  is the number of 

categories,  is the actual label of sample  belonging to 

category ,   is the probability predicted by the model 

that sample  belongs to category , and  is the weight 
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of category . The weight   is set according to the 

inverse number of samples in each category, so the 

weight of minority class samples in the loss function is 

greater. 

3   Intelligent diagnosis system 

architecture 

3.1 System overall architecture design 

An intelligent diagnosis system for ECG based on 

deep learning is presented in this paper. A hierarchical 

structure is used for this system. Figure 1 shows the 

general structure. The system consists of a data 

collection layer, a data processing module, an algorithm 

implementation module, a diagnostic result display 

module, and a user interface [12]. These modules 

interact with data and function through standardized 

interfaces, forming an integrated and highly efficient 

diagnostic system. 

As a "sensing organ", the data acquisition layer uses 

medical-grade ECG acquisition equipment such as a 12-

lead dynamic ECG to collect original ECG signals. The 

changes in cardiac electrical activity are accurately 

recorded by acquiring continuous time series. The 

collected data is quickly transmitted to the data 

processing module through wired and wireless methods 

[13]. The data processing module performs pre-

processing processes such as reading, purifying, and 

normalizing raw data. Deep feature extraction and 

accurate classification of the ECG signal based on an 

improved transformer algorithm and a multiscale 

attention mechanism. Finally, the diagnostic result 

display module visually shows doctors and patients the 

professional diagnostic results produced by this 

algorithm. Through research in this project, it is possible 

to automate ECG signal acquisition, data processing, 

arithmetic analysis, and result output, to improve ECG 

diagnosis efficiency and accuracy. 

 

 
Figure 1: Overall architecture of the intelligent diagnosis 

system. 

3.2 Data processing module 

The data processing module is the basic step for 

the stable operation of the entire system. Its core 

function is to perform comprehensive preprocessing 

and data enhancement on the original ECG data to 

ensure the high quality and diversity of the data in the 

input algorithm implementation module. The system is 

compatible with data reading and supports various 

commonly used ECG signal formats, including the 

European Data Format (EDF), MAT, etc. By 

introducing dedicated data analysis libraries such as 

PyEDFlib and SciPy in EDF format parsing, fast and 

accurate data reading in various formats can be 

achieved, effectively avoiding errors caused by 

incompatible data formats. Data cleaning is a vital link 

to ensure data quality [14]. Problems such as noise, 

baseline drift, and outliers inevitably occur when 

collecting original ECG signals. For high-frequency 

noise, the system uses wavelet analysis technology to 

accurately separate and remove noise components 

according to the differences in noise and signal 

characteristics in different frequency bands; for 

baseline drift, the polynomial fitting method is used to 

dynamically correct the signal baseline to return it to 

normal values; in terms of outlier processing, the 3σ 

principle in statistics is applied to accurately identify 

and correct outlier data to ensure the authenticity and 

validity of the data. Given the common problem of 

limited samples in ECG data sets, data enhancement 

technology is introduced into the system [15]. Many 

innovative methods are used to enhance time series 

data. For example, time warping technology can 

perform nonlinear time-varying processing on the 

original signal without changing the characteristics of 

the signal itself, generate a series of new signal 

samples, and simulate different heart rate states; 

amplitude scaling technology can adjust the amplitude 

of the signal according to a specific ratio to simulate 

the change law of ECG signals in various physiological 

states such as movement and stillness. In addition, this 

project will also introduce enhancement methods such 

as additive Gaussian noise and random sampling to 

enhance the dataset from multiple dimensions and 

improve the model's generalization ability for different 

types of ECGs. 

3.3 Algorithm implementation module 

The algorithm realization module is the core part 

of the intelligent diagnosis system. The main task of 

this paper is to deploy improved deep learning 

algorithms and perform training and inference. This 

project uses flexible dynamic graph computation and 

powerful GPU acceleration capability, significantly 

improving algorithm training and reasoning efficiency 

based on the PyTorch deep learning framework [16]. 

During the training stage, the data set processed by the 

data processing module was divided into a training set, 

a validation set, and a test set; during training, batch 

gradient descent was used to train the model. The paper 

sets up key hyperparameters such as learning rate, 

batch size, etc, based on different data sets and model 

structures. For example, during the initial stage, the 

paper uses a larger learning rate to speed up 

convergence. The paper adopts a gradually decreasing 

learning rate during the learning process to avoid 

oscillation near the optimal solution. Moreover, during 

training, the loss function of the validation set is 

continuously monitored, and key evaluation indicators 

such as precision, recall rate, F1 value, etc., are 



Intelligent Diagnosis System of ECG Signal Based… Informatica 49 (2025) 315–324 319 

monitored in real-time [17]. When overfitting a model, 

people should adjust model parameters promptly or 

adopt regularizes to guarantee good generalization 

ability. The ECG data is input into the training model 

in the inference phase. Secondly, an improved 

transformer feature extraction model combined with a 

multiscale attention mechanism can be used to analyze 

input signals accurately and extract feature information. 

Finally, the diagnosis results are output using the 

classification model. This system adopts model 

compression, pruning, and quantization to satisfy the 

high-speed requirement for real-time diagnosis in the 

clinic. The pruning method simplifies model structure 

through eliminating redundant links and parameters; 

the quantizing method can reduce numerical precision 

of model parameters while ensuring accuracy of 

diagnosis; significantly reduce the number of 

parameters in the model; effectively reduce the model 

calculation amount; so that the system can quickly 

diagnose massive ECG signals. 

Model compression techniques reduced parameter 

count by 40% while maintaining >98% accuracy. On a 

NVIDIA Jetson Nano edge device, inference speed 

reached 230 ms per sample, meeting real-time clinical 

requirements (≤500 ms). Memory usage decreased 

from 1.2 GB to 720 MB post-quantization, enabling 

deployment on low-resource medical devices. 

3.4 Diagnosis result display module 

The Diagnostic Results Display Module displays its 

professional diagnostic results in a straightforward, easy-

to-understand way, allowing physicians to quickly and 

accurately judge the patient's condition. The system uses 

advanced visualization technology to display the 

waveform of the ECG signal and its essential 

characteristics. Characteristic bands such as P wave, 

QRS complex, and T wave can be fully displayed with 

the ECG signal's time axis and voltage amplitude. The 

system highlights abnormal waves with different colors 

and symbols to make it easier for doctors to find lesions. 

For example, when an elevated or depressed ST segment 

is detected, the type and severity of the abnormality are 

automatically marked in red bold pen along with 

appropriate medical descriptions so that doctors can 

better understand the condition. Detailed and 

standardized diagnostic reports can be generated 

according to the diagnostic results generated by models. 

Basic information such as name, age, gender, detection 

time accurate to specific moments, diagnosis results 

include type of arrhythmia, severity of myocardial 

ischemia, diagnostic basis, detailed description of 

abnormal characteristic, combination of medical 

knowledge, final opinion, further examination plan, or 

initial treatment plan. The report will be presented in a 

structured text so doctors can review and record more 

easily. Moreover, this system can compare and analyze 

diagnostic results. Comparing current diagnostic results 

with patients' historical test data shows the development 

trend of disease directly in a graphical form, which 

provides a comprehensive and accurate reference for 

patients' individualized treatment. At the same time, a 

friendly human-computer interaction interface was 

designed to improve the user experience further by 

clicking and sliding on the screen. 

4 Experimental design and 

simulation 

4.1 Experimental data set selection and 

division 

This project takes multi-source public data as the 

research object, builds a test benchmark, and ensures 

the diversity and representativeness of the data. This 

project is based on the MIT-BIH arrhythmia database, 

including 48 dual-channel ECG records, 48 cases in 

each group, 30 minutes in each group, and a sampling 

frequency of 360 Hz. The data covers 16 types of 

arrhythmias, including ventricular premature beats 

(PVC), atrial premature contractions (PAC), ventricular 

fibrillation (VF), etc., of which ventricular premature 

contractions account for 28%, providing a large 

number of abnormal waveform samples for model 

training. This project takes the CINC2020 Challenge as 

the research object, collects long-term ECG records of 

more than 24 hours, and focuses on the dynamic 

changes of heart states such as atrial fibrillation and 

sinus rhythm. In addition, the PTB diagnostic ECG 

database recorded by 290 multi-leads (15 leads) can 

provide multi-dimensional ECG information for 

diseases such as myocardial infarction and left 

ventricular hypertrophy. 

The data set is divided according to the ratio of 

7:1:2, and a stratified sampling strategy is adopted to 

ensure the balanced distribution of diseases in each 

sub-region. In the MIT-BIH database, the training set 

contains 77,000 heartbeat samples, 11,000 confirmation 

samples for hyperparameter adjustment, and 22,000 test 

sets to evaluate the model's prediction ability 

independently. When integrating multi-source data, the 

sampling frequencies of different data sets are 

uniformly resampled, and the 250Hz data of the CINC 

2020 data set is interpolated to 360Hz to ensure the 

consistency of data features. 

4.2 Experimental environment and 

parameter settings 

This project is based on a high-performance 

computing platform. It uses an Intel Xeon Gold 6248 R 

(20 cores and 40 threads) processor, which can 

efficiently handle complex computing tasks such as 

data preprocessing and model training. Dual Nvidia 

Tesla V100 GPUs (32 GB video memory) support 

parallel computing, which can increase computing 

efficiency by about 8 times during the model training 

stage. 512 GB and 2 TB NVMe SSD solid-state storage 

ensure high-speed data reading and writing, and the 

reading time for a batch of 128 samples does not 

exceed 0.3 seconds. This paper uses Python 3.9 as the 

platform to build an experimental environment and 
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implements the algorithm using the PyTorch 1.12 deep 

learning framework. Pandas 1.4.4 and NumPy 1.22.3 

are used to preprocess the data, and Matplotlib 3.5.2 

and Seaborn 0.11.2 are used for visualization. During 

the model training process, WandB is used to visualize 

and track the experimental parameters and results, and 

the training process is monitored in real time. Through 

multiple rounds of cross-validation, the training 

parameters of the model were determined. The learning 

rate was set to 0.0005, and the cosine annealing 

learning rate adjustment strategy was adopted to make 

the network converge quickly in the early stage. The 

dynamic descent method was used in the later stage to 

prevent overfitting. The number of iterations was set to 

120. According to the change of the confirmation set's 

loss curve, the model's performance reached the best 

balance point under this number of cycles. The 384-

dimensional hidden layer dimension was used, which 

improved the feature expression ability compared with 

the 256-dimensional one and avoided the overfitting of 

the 512-dimensional one. The batch size was set to 128 

to achieve the optimal match between memory 

utilization and training stability. 

4.3 Selection of evaluation indicators 

This experiment uses a multi-dimensional 

evaluation system to evaluate the model's performance 

comprehensively. The accuracy rate refers to the total 

correct prediction rate of the model, which reflects the 

basic diagnostic ability of the model. The recall rate 

focuses on evaluating the ability of the model to 

identify positive samples and avoid missing key cases. 

F1 is the harmonic mean of the accuracy rate and the 

recall rate, which can better reflect the comprehensive 

performance of the model under class imbalance. The 

area under the subject operating characteristic curve 

(AUC) is a comprehensive evaluation of the positive 

and negative samples of the model. Its value range is 0-

1. The closer to 1, the better the classification effect of 

the model. Taking ventricular premature beats as an 

example, a higher response rate can detect potential 

risks in time, and a higher re-examination rate can 

reduce the number of repeated examinations. Because 

the F1 value is balanced, the model has good stability 

in diagnosing different types of diseases. AUC can be 

used as a quantitative basis for clinical decision-

making. AUC greater than 0.95 indicates that the 

model has a high diagnostic credibility. 

4.4 Controlled experimental design 

Three contrast algorithms were selected: 1) classic 

network models, such as ResNet-18, LSTM, etc.; 2) 

improved algorithms, such as CBAM-CNN 

(convolutional block attention mechanism); 3) cutting-

edge algorithms, such as multi-mode fusion neural 

network (Network), etc.  

 

 

ResNet-18 uses residual connectivity to solve the 

difficulty of deep neural network training, long short-

term memory (LSTM) to gate time series data, CBAM-

CNN to extract features based on an attention 

mechanism, and a hybrid neural network to fuse time 

domain and frequency domain features, which have 

achieved good results in previous studies. 

Code and preprocessed datasets are available 

at: https://github.com/ECG-Transformer-Diagnosis. A 

reproducibility checklist is included in the repository, 

detailing environment setup, hyperparameter 

configurations, and evaluation protocols. 

All algorithms run in a unified hardware and 

software environment and use a unified data set 

partitioning strategy. In the training phase, the 

hyperparameter grid search method is used to optimize 

each algorithm and evaluate the performance of 

different parameter combinations. Taking the extended 

short-term memory network as the research object, the 

optimal parameter combination is obtained by jointly 

testing the number of hidden layers (2-4 layers), the 

number of neurons (128-256), and the learning rate 

(0.001-0.0001). In the experimental stage, an 

independent test set was used to evaluate the model, 

and three average tests were performed to ensure the 

reliability of the results. For comparative models: 

• ResNet-18: 18-layer residual network with 

input window size of 1024, trained with SGD 

optimizer (lr=0.01, momentum=0.9). 

• LSTM: 2-layer network with 256 hidden units, 

dropout rate=0.2, using Adam optimizer 

(lr=0.001). 

• CBAM-CNN: 5-layer CNN with channel-

spatial attention, input window=512, lr=0.0005. 

• Hybrid Net: 3-layer CNN-LSTM fusion  

• model, lr=0.001. 

All models used a batch size of 64 and were trained for 

100 epochs. 

4.5 Experimental results and analysis 

4.5.1 Overall performance comparison 

The algorithm in this paper is significantly ahead in 

various indicators, with an accuracy rate of 2.0% higher 

than Hybrid Net, a recall rate of 2.2%, and an AUC of 

0.009. This shows that the improved Transformer 

architecture and multi-scale attention mechanism 

effectively enhance the feature extraction capability and 

reduce the missed diagnosis and misdiagnosis rates. 

Table 1 shows the comprehensive performance of each 

algorithm on the test set. 
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Table 1: Comprehensive performance of each algorithm 

on the test set. 
Algorithm Accuracy Recal F1 value AUC 

The 

algorithm in 

this article 

98.70

% 

98.

30% 

98.

50% 

0

.992 

ResNet-18 
93.20

% 

92.

50% 

92.

80% 

0

.958 

LSTM 
94.10

% 

93.

40% 

93.

70% 

0

.965 

CBAM-

CNN 

95.80

% 

95.

20% 

95.

50% 

0

.978 

Hybrid Net 
96.70

% 

96.

10% 

96.

40% 

0

.983 

4.5.2 Cmparison of disease classification 

performance 

In the diagnosis of ventricular fibrillation, the accuracy 

of this algorithm reached 99.2%, which is 1.5% higher 

than that of Hybrid Net. When the disease occurs, the 

ECG signal shows high-frequency disorder 

characteristics. The multi-scale attention mechanism of 

this algorithm can effectively capture abnormal 

fluctuations at different time scales and achieve accurate 

identification. Table 2 shows the diagnosis results of 

various algorithms for five common arrhythmias. 

4.5.3 Analysis of the training process 

Figure 2 shows the changing trend of the accuracy of 

each algorithm as a function of the number of training 

times. After 30 training rounds, the algorithm's accuracy 

has exceeded 95%, and the accuracy after 60 rounds 

remains above 98%. The accuracy of the ResNet-18 

algorithm fluctuates in the later stages of training, while 

the LSTM algorithm converges slowly due to the 

vanishing gradient. 

 

Table 2: Diagnosis results of different algorithms for five 

common arrhythmias. 

Algorit

hm 

Prem

ature 

ventr

icular 

contr

actio

ns 

Atri

al 

pre

mat

ure 

beat

s 

Venricular 

fibrillation 

Sinus 

rhyth

m 

Atrioven

tricular 

block 

The 

algorith
m in 

this 

article 

98.90

% 

98.1

0% 
99.20% 

99.50

% 
97.80% 

ResNet-

18 

92.30

% 

91.7

0% 
93.50% 

94.20

% 
90.80% 

LSTM 
93.60

% 

92.8

0% 
94.70% 

95.10

% 
91.60% 

CBAM-
CNN 

95.50
% 

94.9
0% 

96.80% 
97.30
% 

93.20% 

Hybrid 

Net 

96.80

% 

96.3

0% 
97.70% 

98.10

% 
94.50% 

 
Figure 2: The accuracy trend of each algorithm with 

the number of training rounds. 

 
Figure 3: Loss function decline curve. 

 

Figure 3 shows the decreasing curve of the loss 

function. After 80 rounds of training, the loss value of 

the algorithm dropped to 0.052, which is much lower 

than other algorithms. The improved Transformer 

framework accelerates the convergence of model 

parameters and reduces the number of training iterations 

through adaptive allocation of weights. 

4.5.4 Generalization ability evaluation 

Figure 4 compares the F1 value performance of 

various algorithms in different data sets. In the three 

data sets of MIT-BIH, CINC2020, and PTB, the F1 

fluctuation of this algorithm is only 1.2%, while the 

fluctuation of ResNet-18 is only 4.1%. The 

experimental results show that the algorithm proposed 

in this paper is robust to data with different sample 

frequencies, different numbers of leads, and other 

disease types, and can effectively avoid performance 

degradation caused by uneven data distribution. 

 
Figure 4: F1 value performance of each algorithm 

on different data sets. 
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Ablation studies were conducted to validate 

component contributions: 

• Removing multi-scale attention reduced 

accuracy by 1.8%. 

• Replacing adaptive positional encoding with 

sinusoidal encoding decreased F1 by 1.2%. 

• Disabling data augmentation increased 

validation loss by 0.15. 

• These results confirm the critical role of 

proposed mechanisms in preventing overfitting 

and enhancing feature representation. 

 

The algorithm's excellent performance comes from 

the architectural innovation and mechanism 

optimization. This study introduces an ECG signal 

extraction method based on dynamic weight allocation 

and uses a multi-scale attention mechanism to achieve 

effective fusion of different frequency components. 

Previous studies have found that the model still has 

deficiencies in recognizing low-frequency arrhythmias 

(such as ventricular flutter), which need further 

research. In addition, this project will also explore 

technologies such as model pruning and knowledge 

extraction to improve the feasibility of edge device 

deployment. 

Statistical significance was assessed using 

Wilcoxon signed-rank tests (α=0.05). The proposed 

method achieved p<0.001 for all performance metrics 

compared to baseline models, with 95% confidence 

intervals for accuracy: 98.7% ± 0.3%, significantly 

outperforming Hybrid Net (96.7% ± 0.5%). 

5 Conclusion 

This project intends to build a deep learning 

intelligent diagnosis system for ECG based on deep 

learning. The paper can improve the detection and 

classification of ECG signals through a multi-scale 

attention mechanism and an optimized classification 

model. Experimental results show that the proposed 

algorithm is superior to traditional and mainstream 

deep learning algorithms, showing a promising 

prospect in clinical settings. However, this research has 

limitations. First of all, experimental data come from 

the MIT-BIH arrhythmia database. While the proposed 

method excels in arrhythmia detection, its current 

design focuses on short-term ECG segments (30-

minute records), limiting sensitivity to chronic 

conditions like myocardial infarction that require long-

term ST-segment trend analysis. Future work will 

extend the model to multi-lead, long-duration signals 

and incorporate XAI techniques (e.g., Grad-CAM) to 

enhance interpretability for clinical validation. 
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With growing demands for accurate infrared spectrum analysis in industrial, military, and medical 

applications, traditional methods typically cannot meet the requirements due to limited feature extraction and 

recognition. This article proposes a novel deep learning model featuring an adaptive attention module, a 

multi-scale feature fusion module, and a classification decision module, designed to enhance performance. 

The model is trained using a cross-entropy loss function and learns with backpropagation, employing an 

exponential decay learning rate policy, over more than 100 training epochs. Experiments are run on three test 

datasets: NATO RTO SET-103, Thermal IR Benchmark, and FLIR Thermal. The model achieved an average 

feature extraction accuracy of 90.8% and a target recognition accuracy of 89.7%, which significantly 

surpassed those of traditional models, such as DenseNet, ResNet, VGGNet, and Basic CNN. The performance 

was robust in the face of changing data distributions, demonstrating high generalizability and robustness. The 

result substantiates the model's capability of accurately extracting important infrared features and 

recognizing targets with high accuracy. This work presents an effective solution to real-world problems in 

infrared spectrum analysis. 

Povzetek: Model z adaptivno pozornostjo in multi-skalno fuzijo za IR-spektre na naborih NATO SET-103, 

Thermal IR Benchmark in FLIR pri prepoznavi prekaša ResNet/DenseNet/VGG ter ohranja robustnost. 

 

1  Introduction 
In today’s highly digitalized and technologically advanced 

era, the application of computer technology is ubiquitous, 

and its influence has penetrated into every corner of 

society. Take the industrial field as an example. 

According to incomplete statistics, more than 70% of 

large-scale industrial production processes are highly 

dependent on computer automation control systems, and 

the precise operation of these systems is closely related to 

the accurate processing of data and feature extraction [1]. 

Take the application of infrared spectra in industrial 

quality inspection as an example. In traditional models, 

the large amount of feature information contained in 

infrared spectra is often not efficiently and accurately 

extracted and identified. The misjudgment rate of 

industrial product quality due to inaccurate infrared 

spectra feature extraction is as high as 15% each year, 

which directly causes economic losses of about tens of 

billions [2]. In addition, in many fields such as military 

reconnaissance and medical imaging diagnosis that 

require extremely high data processing accuracy and 

speed, traditional infrared spectra feature extraction and 

target recognition methods based on manual or simple 

algorithms have also exposed serious defects and cannot 

meet actual needs [3]. 

In the field of military reconnaissance, infrared 

images play a vital role in target identification and 

tracking. According to relevant data, when traditional 

methods were used in the past, the accuracy of infrared 

image recognition of specific military targets in complex 

environments was only between 30% and 40%, which 

greatly affected the timeliness and accuracy of military 

decision-making, and could even lead to serious strategic 

mistakes due to incorrect identification [4]. 

In the field of medical imaging diagnosis, infrared 

thermal imaging technology has been gradually applied, 

but due to the lack of efficient feature extraction and 

target recognition methods, about 25% of early lesion 

features are missed, causing many patients to miss the 

best time for treatment. These practical problems fully 

demonstrate that there is an urgent need for a more 

advanced, efficient and accurate infrared spectrum feature 

extraction and target recognition method, and deep 

learning-based technology undoubtedly provides a new 

opportunity to solve these problems. 
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Currently, in the computer field, research on feature 

extraction and target recognition has always been a hot 

topic. Many scholars and research institutions have 

invested a lot of energy in this area [5]. In the field of 

deep learning, a series of relatively mature model 

architectures have emerged, such as convolutional neural 

networks (CNNs). 

As for CNN, it has achieved remarkable results in the 

fields of image recognition and other fields. Some cutting-

edge research results show that its recognition accuracy 

can reach more than 90% on standard image datasets. 

However, when it is directly applied to feature extraction 

and target recognition of infrared spectra, it faces many 

challenges [6]. This is because infrared spectra are 

fundamentally different from ordinary visible spectrum 

images, and their data distribution characteristics and 

noise characteristics are very different [7]. 

Many existing studies simply adjust the parameters of 

deep learning models such as CNN or make slight 

modifications, and do not build more suitable models 

based on the characteristics of infrared spectra. For 

example, some studies input infrared spectra into existing 

deep learning models as ordinary image data, resulting in 

incomplete feature extraction and unstable target 

recognition accuracy. Moreover, in the training process of 

deep learning models, there is a lack of effective 

optimization strategies for the unique data characteristics 

of infrared spectra, such as temperature sensitivity, which 

significantly limits the model's generalization ability. 

Additionally, there are disputes regarding the 

evaluation indicators of the model. Some researchers 

believe that using accuracy as the evaluation indicator is 

too one-sided and that multiple indicators, such as recall 

rate and F1 value, should be considered comprehensively. 

Others insist that accuracy is the most core indicator. 

There has been an endless debate around this hot issue, 

but it is undeniable that the existing research as a whole 

has not yet developed a comprehensive and effective 

method for extracting infrared spectrum features and 

recognizing targets based on deep learning, which is also 

key to further breakthroughs in this field. 

This paper aims to develop a novel method for 

extracting infrared spectrum features and recognizing 

targets based on deep learning. By deeply analyzing the 

data characteristics of infrared spectra, innovative 

improvements and optimizations are made to the existing 

deep learning model to solve the key problems currently 

existing in this field, such as inaccurate feature extraction, 

low target recognition accuracy, and weak model 

generalization ability. 

The innovation of this study is that it will combine 

the physical properties of infrared spectra with the 

algorithmic advantages of deep learning to design a 

unique network architecture and training strategy 

specifically for infrared spectra, which is expected to 

increase the accuracy of feature extraction of infrared 

spectra by at least 30% and the accuracy of target 

recognition to more than 80%. This will not only enrich 

the theoretical system of deep learning in the computer 

field for processing special data types, but also have 

significant potential impacts in various practical fields, 

such as industry, military, and medicine. For example, in 

industry, it can significantly improve the accuracy and 

efficiency of product quality inspection, in the military, it 

can more accurately detect and identify targets, and in 

medicine, it can help detect lesions earlier and more 

accurately, thereby bringing significant economic and 

social benefits and promoting technological progress and 

development in related fields. 

This model achieves an average feature extraction 

accuracy of 90.8% and a target recognition accuracy of 

89.7% across benchmark datasets, which is over 30% 

higher than conventional approaches, and has numerous 

practical applications in industrial, military, and medical 

domains. 

The purpose of this research is to determine if a 

tailored deep learning model for the physical and 

statistical properties of infrared spectra can significantly 

outdo general-purpose models. The main questions 

researched are: 

(1) Is it possible for an architecture that employs 

adaptive attention and multi-scale feature fusion to attain 

at least 10% greater accuracy in target recognition and 

feature extraction than DenseNet and ResNet? 

(2) Can the target model be assured to exhibit stable 

performance under different data distribution conditions, 

thereby showing enhanced robustness and generalization? 

To find answers to these questions, a network is 

constructed according to the specifications and tested with 

various benchmark datasets under various infrared 

imaging conditions. The clear intent is to build a model 

that achieves over 90% accuracy for feature extraction 

and target recognition tasks, with reproducible 

performance across varying patterns of distribution. 

 

2  Literature review 
2.1 Development and application status of 

deep learning in related fields 

As computer technology continues to develop rapidly, 

deep learning has become one of the most popular and 

promising areas of research. According to statistics, the 

number of research papers on deep learning has increased 

by about 300% in the past five years, and its application 

areas are also expanding. In the field of image 

recognition, deep learning models, especially 

convolutional neural networks (CNNs), have achieved 

remarkable results [8]. On public general image datasets, 

the recognition accuracy of optimized and trained CNN 

models can generally reach over 90%, which makes them 

widely used in various fields, such as security monitoring 

and autonomous driving [9]. 
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However, when it comes to the special data type of 

infrared spectra, the situation becomes complicated. Due 

to the unique spectral distribution, high noise level, and 

sensitivity to environmental factors such as temperature, 

traditional deep learning models face significant 

difficulties when directly applied [10]. Many studies 

passively input infrared spectra into existing deep learning 

models as ordinary image data without fully considering 

their particularity, which leads to a series of problems 

such as incomplete feature extraction and unstable target 

recognition accuracy. For example, a research institute 

once tested 5 different CNN-based deep learning models. 

On the infrared spectrum dataset, their average 

recognition accuracy was only about 55%, which was 

much lower than the performance on the general image 

dataset [11]. 

In addition, the lack of effective optimization 

strategies for the unique data characteristics of infrared 

spectra during the training process of deep learning 

models has also become an important factor restricting 

their development. Most of the existing training strategies 

are designed based on general image data. When faced 

with infrared spectra, they cannot effectively utilize their 

data characteristics for optimization, which significantly 

limits the model's generalization ability [12]. According 

to relevant experiments, the accuracy of unoptimized deep 

learning models can drop by about 30% on infrared 

spectrum datasets collected across different ambient 

temperatures. 

 

2.2 Research status and problems of infrared 

spectrum feature extraction and target 

recognition methods based on deep learning 

Currently, research on infrared spectrum feature 

extraction and target recognition methods based on deep 

learning is still in its exploratory stage, but some progress 

has been made. Some researchers have attempted to 

enhance existing deep learning models to accommodate 

the characteristics of infrared spectra. For example, some 

studies have enhanced the ability to extract weak features 

in infrared spectra by adding specific convolutional 

layers, which has improved the accuracy of feature 

extraction to a certain extent. However, such 

improvements are often local and unsystematic and have 

failed to build a complete and effective infrared spectrum 

feature extraction and target recognition method system 

based on deep learning as a whole [13]. 

There is also considerable controversy regarding 

model evaluation indicators. Some researchers believe 

that using accuracy alone as an evaluation indicator is too 

one-sided and that multiple indicators such as recall and 

F1 value should be considered comprehensively [14]. 

Because in some practical application scenarios, such as 

military reconnaissance, the recall rate of the target may 

be more important than the accuracy alone, and no 

potential targets should be missed [15]. Other researchers 

insist that accuracy is the most core indicator, believing 

that only by ensuring high accuracy can the correctness of 

subsequent decisions be ensured. This controversy has led 

to a lack of unified evaluation standards in the research 

process, making it difficult to effectively compare and 

evaluate different research results [16]. At the same time, 

there are also problems with the training data of deep 

learning models. Since infrared spectrum data is relatively 

difficult and costly to obtain, the size of the data set that 

can be used for training is often small [17]. The 

performance of deep learning models depends to a large 

extent on a large amount of training data. Small-scale data 

sets make the model prone to overfitting, which further 

affects the model's generalization ability and recognition 

accuracy [18]. According to relevant research, the 

accuracy of a model trained on a small-scale infrared 

spectrum dataset may drop by about 15%-20% on a new 

test dataset [19]. 

 

2.3 Thoughts and prospects on future 

research directions 

Based on the current research status, several directions 

worth exploring in future research on infrared spectrum 

feature extraction and target recognition methods using 

deep learning are identified. First, we should begin by 

examining the physical characteristics of infrared spectra 

and develop a deep learning model architecture that 

specifically targets these characteristics. For example, we 

can draw on some principles and methods in infrared 

physics to design network layers and modules that can 

more effectively extract infrared spectrum features, rather 

than passively using the traditional image recognition 

model architecture  

Secondly, in terms of model training strategies, it is 

necessary to develop optimization algorithms tailored to 

the characteristics of infrared spectrum data. For example, 

considering the sensitivity of infrared spectra to 

environmental factors such as temperature, dynamically 

adjusted training parameters can be designed to improve 

the stability and generalization ability of the model under 

different environmental conditions. At the same time, in 

order to solve the problem of insufficient training data, 

data enhancement technology can be used to increase the 

size of the training data set by reasonably transforming 

and expanding existing data, such as rotating, flipping, 

adding noise, etc., thereby improving the performance of 

the model. Finally, in terms of model evaluation 

indicators, multiple indicators should be considered 

comprehensively and their weights should be determined 

according to different application scenarios. For example, 

in the field of medical imaging diagnosis, more attention 

may be paid to recall rate to avoid missing early lesions; 
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while in industrial quality inspection, more emphasis may 

be placed on accuracy to ensure accurate judgment of 

product quality. By establishing such a flexible and 

scientific evaluation system, the pros and cons of different 

research results can be evaluated more comprehensively 

and accurately, promoting the healthy development of 

research in this field. In short, future research needs to 

consider the characteristics of infrared spectra and actual 

application needs more systematically and 

comprehensively to promote the continuous development 

and improvement of infrared spectrum feature extraction 

and target recognition methods based on deep learning. 

 

 

Table 1: Summary of related works on infrared spectrum target recognition 

Study 
Model 

Type 

Dataset 

Used 

Performance 

Metrics 
Limitations 

Chen et 

al. (2020) 

ResNet-

50 

FLIR 

Thermal 

Accuracy: 

85.2% 

Limited generalization across 

thermal modalities lacks an 

attention mechanism. 

Wang 

et al. (2021) 

DenseN

et 

Thermal IR 

Benchmark 

F1-score: 

83.7% 

Poor performance on small 

objects; no multi-scale feature 

handling 

Liu et 

al. (2022) 

YOLOv

3-Tiny 

NATO 

RTO SET-103 
mAP: 76.4% 

Fast but sacrifices accuracy; 

misses low-contrast targets 

Zhang 

et al. (2023) 

Faster 

R-CNN 

FLIR + 

Custom 

Accuracy: 

87.9% 

High computation cost; 

sensitive to background noise 

Propose

d Method 

Deep 

CNN with 

Adaptive 

Attention + 

Multi-Scale 

Fusion 

FLIR, 

NATO RTO 

SET-103, 

Thermal IR 

Benchmark 

Accuracy: 

89.7%, Feature 

Extraction: 

90.8%, F1-score: 

91.3% 

Addresses prior limitations via 

attention-based refinement and 

contextual fusion 

 

As shown in Table 1, existing models, such as 

ResNet, DenseNet, and YOLO-based models, have 

demonstrated satisfactory performance on infrared 

databases. Nevertheless, these models are disadvantaged 

by weaknesses in processing spectral variation, detecting 

small objects, and complex thermal scenes. ResNet-

based approaches are disadvantaged by a lack of fine-

grained attention and inferior generalization in infrared 

situations. DenseNet and YOLOv3-Tiny are lightweight 

models, but they are inefficient when processing low-

contrast or small-scale targets because they lack 

extensive spatial contextual learning. Even powerful 

detectors, such as Faster R-CNN, are plagued by 

enormous computational expense and background 

sensitivity in thermal environments. 

The new deep learning architecture specifically 

addresses these issues through the innovation of adaptive 

attention mechanisms and multi-scale feature fusion, 

enabling stable feature extraction and enhanced  

detection of small and intricate infrared targets under 

complex spectral distributions. 

 

3   Research methods 
3.1 Overall model architecture 

In the field of infrared spectrum analysis, traditional 

models have long faced significant problems, including 

substantial feature extraction bias, low recognition 

accuracy, and limited generalization ability. With extensive 

scientific research experience, this research team 

thoroughly analyzed the complex characteristics of infrared 

spectra and the limitations of traditional models, and 

developed an innovative infrared spectrum feature 

extraction and target recognition model based on deep 

learning. The model cleverly combines the adaptive 

attention module, the multi-scale feature fusion module, 

and the classification decision module to build an efficient 

and coherent end-to-end learning system, aiming to break 

through the performance bottleneck of traditional models 

and provide a more accurate and reliable solution for 

infrared spectrum analysis. 
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Figure 1 Model framework 

 

 

As shown in Figure 1, the infrared spectrum feature map 

of the input layer provides raw data for the entire model. 

The adaptive attention module converts the two-

dimensional feature map into a one-dimensional channel 

feature description vector through global average 

pooling, allowing the model to pay attention to the 

overall information of each channel. After two fully 

connected layers and the operation of ReLU and 

Sigmoid activation functions, an attention weight vector 

is generated. This vector is multiplied element-wise with 

the original feature map to enhance key features and 

provide more valuable input for subsequent modules. 

The multi-scale feature fusion module inherits the output 

of the adaptive attention module and captures feature 

information of different scales in parallel with the help 

of dilated convolutions with different expansion rates. 

After splicing these feature maps, they are then 

processed by 1×1 convolution for dimensionality 

reduction, which not only integrates multi-scale 

information, but also avoids the computational burden 

caused by too high a dimension, enriching the diversity 

of features. The classification decision module receives 

the output of the multi-scale feature fusion module. The 

fully connected layer further explores the complex 

relationship between features, and the Softmax layer 

maps the features into prediction probability vectors for 

each category, enabling the classification of infrared 

spectra. 

 

3.1.1 Adaptive attention module 

In infrared images, key information is often unevenly 

distributed. Although some features are weak, they play 

a vital role in target recognition. The original intention 

of the adaptive attention module's design is to enhance 

the model's sensitivity to these key features and guide it  

 

 

to focus on areas in the image that contain important 

information. 

 

The input of this module is a feature map 
C H WX   , where C represents the number of channels, 

H and W represents the height and width respectively. 

When processing the input feature map, the first step is to 

perform a global average pooling operation in the channel 

dimension. This operation is similar to performing global 

statistics on each color channel of an image. Through the 

formula 

1 1

1
( , )

H W

c c

i j

z x i j
H W = =

=



, the channel feature description 

vector can be obtained 
Cz , where ( , )cx i j refers to 

the element of the feature map X at the channel c position 

( , )i j . This step effectively compresses the two-

dimensional spatial information into a one-dimensional 

channel dimension, highlights the overall characteristics of 

each channel, greatly reduces the dimension of the data, 

and retains key channel information. 

Subsequently, the channel feature description vector z
is fed into a network structure consisting of two fully 

connected layers. The weight matrices 
/

1

C r CW  and of 

the fully connected layer 
/

2

C C rW  are learnable 

parameters, where r represents the dimensionality 

reduction ratio. In this process, first, 
1W a linear 

transformation is performed 
1u zW= on , that is z , here . 

Next, 
/C ru a nonlinearity is introduced 

( ) max(0, )u uv  == using the ReLU activation 

function , and the formula is  . The ReLU activation 

function can effectively solve the gradient vanishing 

problem, enhance the model's expressive power, and enable 
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the model to learn more complex feature relationships. 

Then, 
2W a second linear transformation is performed, 

that is 2's vW=
, here ' Cs  , and the sigmoid 

activation function is used on the transformed vector 𝑠′ 

is defined in Formula (1), 

𝑠 = 𝜎(𝑠′) =
1

1+𝑒−𝑠′    (1) 

Here, 𝑠′ ∈ ℝ𝐶 is the second fully connected layer's 

output, and 𝑠 ∈ ℝ𝐶  is the obtained attention weight 

vector. Element-wise operations are performed to yield a 

gating effect on the feature channels. Obtaining the 

attention weight vector , it is s element-wise multiplied 

c c cX s X=  with the input feature map in the channel 

dimension, and X the enhanced feature map is obtained 

by the formula X , where 
cX and 

cX represent the 

features of the enhanced and original feature maps in the 

channel respectively c . To understand this process more 

deeply, we can regard it as a weighted adjustment of the 

features of each channel, and the weight s is determined 

by the attention weight vector. Unlike the traditional 

attention mechanism, this adaptive attention module can 

dynamically adjust the focus area according to the 

specific characteristics of the infrared spectrum. For 

example, when processing an infrared spectrum 

containing multiple targets, the module can 

automatically identify the target area and enhance the 

extraction of features in these areas, thereby greatly 

improving the efficiency of extracting weak and key 

features. 

 

3.1.2 Multi-scale feature fusion module 

In infrared images, the sizes and shapes of targets vary 

greatly, and it is difficult to fully capture the rich 

information in the images with a single-scale feature 

extraction. The design of the multi-scale feature fusion 

module aims to integrate feature information of different 

scales to meet the recognition needs of targets of 

different sizes. 

This module uses a set of dilated convolution layers 

with different dilation rates to process the feature maps 

output by the adaptive attention module in parallel X . 

Dilated convolution is a technique that expands the 

receptive field of the convolution kernel without 

increasing the number of parameters and the amount of 

computation. Assume that the dilation rates of dilated 

convolution are respectively 
1 2, , , nr r r , and the 

feature maps after dilated convolution are respectively 

1 2, , , nY Y Y , which are realized by the formula 

dilated,Conv ( )
ii r XY = . Taking two-dimensional 

convolution as an example, the calculation formula of 

standard convolution is formula 2.

  
 ,

)( ( , )) ( ,* ( , )
m n

I iK i I m j n K m nj += +
( 2 ) 

The dilated convolution introduces a dilation rate 

based on the standard convolution, r and its calculation 

formula is as follows: 

,

)( * )( , ) ( , ) ( ,r

m n

K i j I i r m j r n K m nI = +  + 
 

( 3 ) 

Where I represents the input feature map and K
represents the convolution kernel. The atrous convolution 

layers with different dilation rates can capture feature 

information of various scales. For example, the convolution 

layer with a smaller dilation rate is suitable for extracting 

detailed features, while the convolution layer with a larger 

dilation rate is better at capturing global features. 

The feature maps of different scales after the hole 

convolution processing 
1 2, , , nY Y Y are spliced to obtain 

the fused feature map Z , that is 

1 2Concat( , , , )nY YZ Y= . The splicing operation can 

integrate the feature information of different scales together 

and enrich the diversity of features. However, the 

dimension of the spliced feature map is high, which will 

increase the number of parameters and the amount of 

calculation of the model. To solve this problem, a 1 1
convolution layer is used to reduce the dimension of the 

spliced feature map, and the formula is 
1 1Conv ( )' ZZ = . 

1 1 The calculation process of the convolution layer can 

be expressed as 
, , ,'i j i j k k

k

Z W bZ = + , where W is the 

convolution kernel weight and b is the bias. 1 1 The 

convolution layer can adjust the number of channels 

without changing the spatial dimension of the feature map, 

effectively reducing the number of parameters and the 

amount of calculation. 

Compared with traditional fixed-scale convolution, this 

multi-scale feature fusion module can fully capture the rich 

information of infrared images at multiple scales. Taking 

the coexistence of small and large targets in an infrared 

scene as an example, the module can extract the detailed 

features of small targets and the global features of large 

targets through dilated convolution layers with different 

expansion rates, and fuse these features together to achieve 

comprehensive perception of targets of different sizes. 

 

3.1.3 Classification decision module 

The classification decision module classifies and identifies 

the infrared spectrum based on the features extracted by the 

previous module. Assume that the feature vector output by 

the multi-scale feature fusion module is 'Z , which is first 

sent to a fully connected layer FC( )F Z=  to achieve 

further feature transformation through the formula. The 
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calculation process of the fully connected layer can be 

expressed as formula 4. 

 
j i ij j

i

F Z W b= +
 ( 4 ) 

Where W is the weight matrix and b is the bias 

vector. The fully connected layer can perform weighted 

summation on the input features, map them to a new 

feature space, and further extract the complex 

relationship between the features. 

The feature vector after the full connection layer 

transformation F is used to calculate the classification 

probability through the Softmax function, and the 

formula is as follows: 

 1

Softmax( )
k

j

F

k k K
F

j

P
e

F

e
=

= =


 ( 5 ) 

where P represents the predicted probability vector 

for each category and K is the number of categories. 

The Softmax function maps the feature vector to a 

probability distribution so that each element represents 

the probability that the sample belongs to the 

corresponding category. With this module, the model 

can make accurate classification decisions based on the 

high-precision features extracted in the early stage. 

The adaptive attention module and the multi-scale 

feature fusion module provide rich and accurate feature 

information for the classification decision module. The 

adaptive attention module enhances the expression of key 

features, and the multi-scale feature fusion module enriches 

the diversity of features. The three work together to ensure 

the model's high performance. For example, when 

classifying infrared military target maps, the adaptive 

attention module can highlight the key features of the target, 

such as its outline and thermal radiation distribution. The 

multi-scale feature fusion module can integrate information 

at different scales and capture the target features from 

detail to the whole. The classification decision module 

accurately judges the type of target based on this feature 

information, such as aircraft, tanks, ships, etc. 

Figure 2 is the side-by-side contrast between the model 

structure proposed and two common baselines: ResNet and 

DenseNet. While both employ residual connections to 

enable feature flow, neither of them possesses mechanisms 

adapted to address the unique challenges presented by 

infrared spectral data. By contrast, the new model has an 

adaptive attention module for selectively boosting 

informative thermal features, and a multi-scale feature 

fusion module for combining semantic information across a 

range of spatial scales. With these modules, the model can 

more effectively capture scale-variant and fine-grained 

thermal patterns that are essential for correct infrared 

feature extraction and target recognition. 

 

 

Figure 2: Comparative architectures showing the proposed model's enhancements over ResNet and DenseNet for 

infrared tasks. 
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3.2 Model training process 

In the model training stage, in order to measure the 

difference between the model prediction results and the 

true label, this study uses the cross-entropy loss function. 

Let the model's prediction output be ˆ Ky , where K

is the number of categories, the true label is 
Ky , 

and the cross-entropy loss function L is defined as 

Formula 6. 

 1

ˆlog( )
K

k k

k

L y y
=

= −
 ( 6 ) 

To better understand the cross-entropy loss function, 

we can start from the perspective of information theory. 

It measures the difference between two probability 

distributions. When the model prediction result is closer 

to the true label, the loss value is smaller, indicating that 

the model's prediction is more accurate. 

During the training process, the infrared spectrum of 

each training sample is input into the model, and the 

model's prediction output is obtained by passing through 

the adaptive attention module, the multi-scale feature 

fusion module and the classification decision module in 

ŷ turn. After calculating the loss value according to the 

cross-entropy loss function, the parameters of the model 

are updated with the help of the back propagation 

algorithm. Assume that the parameter set of the model is 

 , and in the back propagation process,  the gradient 

of the loss function with respect to the parameters is 

calculated according to the chain rule L , and the 

formula is 
ˆ

ˆ

L y
L

y




 
 =

 
. Taking the fully connected 

layer as an example, assuming that the output of the 

fully connected layer is F , the input is 'Z , the weight 

is W , and the bias is b , then the specific formula is 7. 

 

L L F

W F W

  
=

  
, 

L L F

b F b

  
=

    ( 7 ) 

In backpropagation in neural networks, gradients are 

computed via the chain rule of calculus to update model 

parameters. For every weight parameter W, the partial 

derivative of the loss function 𝐿  concerning 𝑊  is 

computed as 
𝜕𝐿

𝜕𝑊
=

𝜕𝐿

𝜕𝐹
⋅

𝜕𝐹

𝜕𝑊
, where 𝐹 Is the output of the 

layer affected by 𝑊. Also, the gradient concerning the 

bias term 𝑏 is computed as 
𝜕𝐿

𝜕𝑏
=

𝜕𝐿

𝜕𝐹
⋅

𝜕𝐹

𝜕𝑏
. These equations 

are used to correctly backpropagate the error signal 

across the network layers, allowing each parameter to be 

updated in the direction of minimizing the loss. This 

basic formulation of gradient computation lies at the 

heart of training deep learning models effectively. 

The chain rule allows us to backpropagate the 

gradient of the loss function concerning the final output 

to the various parameters of the model, thereby calculating 

the gradient of each parameter. 

After obtaining the gradient, the gradient descent 

method is used to update the model parameters. The 

formula is 
1t t L  + = −  , where 

t and 
1t +

represent 

t the parameters after the update in  step th and step th 

respectively, 1t + and is the learning rate. The learning rate 

determines the step size of each parameter update. A 

learning rate that is too large may cause the model to fail to 

converge during training, while a learning rate that is too 

small will slow down the training process. In actual training, 

a strategy of dynamically adjusting the learning rate is 

usually adopted, such as the exponential decay strategy. 

The formula is 
0

t

t  =  , where 
0 is the initial 

learning rate,  is the decay coefficient, t and is the 

number of training steps. This strategy employs a larger 

learning rate in the early stages of training to accelerate the 

model's convergence, and gradually reduces the learning 

rate in the later stages of training to prevent the model from 

oscillating near the optimal solution. 

During the training process, the model continuously 

adjusts parameters to optimize the extraction and 

classification capabilities of infrared spectrum features. As 

the training progresses, the model gradually learns the 

relationship between different features and categories in the 

infrared spectrum, and the loss value decreases, leading to 

an improvement in the model's accuracy. 

 

3.3 In-depth analysis of the interaction 

mechanism between models 

The adaptive attention module, multi-scale feature fusion 

module, and classification decision module do not exist in 

isolation, but work together to form an organic whole. This 

collaborative relationship plays a key role in improving 

model performance. 

From the perspective of information flow, the adaptive 

attention module first processes the input infrared spectrum 

feature map to enhance the expression of key features and 

provide better input for subsequent modules. The improved 

feature map output by it enters the multi-scale feature 

fusion module, which performs multi-scale analysis and 

fusion on these features to enrich the diversity of features 

further. The feature vector output by the multi-scale feature 

fusion module provides comprehensive and accurate 

feature information for the classification decision module, 

enabling it to make accurate classification judgments. 

Mathematically, let X the output of the adaptive 

attention module for the input be , X the output of 'Z the 

multi-scale feature fusion module for the input be , and X
the output of ŷ the classification decision module for the 

input be 'Z . The computational flow of the entire model 

can be expressed as Formula 8. 
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ˆ Classification(Fusion(Attention( )))y X=

  
 (8) 

where Attention represents the calculation process 

of the adaptive attention module, Fusion represents the 

calculation process of the multi-scale feature fusion 

module, and Classification represents the calculation 

process of the classification decision module. Further 

expansion Attention( )X follows the calculation steps 

described above, that is, from global average pooling to 

attention weight calculation to feature enhancement; 

Fusion( )X including operations such as dilated 

convolution, feature concatenation, and 1 1
convolution dimensionality reduction; Classification( )Z

and includes fully connected layer transformation and 

Softmax classification probability calculation. 

This orderly module interaction mechanism enables 

the model to extract feature information from multiple 

levels when processing infrared spectra, gradually 

improving the quality and diversity of features, and 

ultimately achieving efficient and accurate infrared 

spectra feature extraction and target recognition. Taking 

the actual application scenario as an example, in 

industrial production, it is necessary to analyze infrared 

thermal imaging spectra to detect whether the equipment 

is faulty. The adaptive attention module can highlight 

the key features related to equipment failure in the 

spectra, such as abnormal heating areas. The multi-scale 

feature fusion module can integrate information of 

different scales to fully capture the details and overall 

situation of the fault features. The classification decision 

module accurately determines whether the equipment is 

faulty and the type of fault based on this feature 

information. This collaborative work between modules 

significantly enhances the model's performance in 

complex scenarios, providing robust technical support 

for the practical application of infrared spectrum 

analysis. At the same time, an in-depth understanding 

and optimization of this interaction mechanism will help 

further improve the model's performance and promote 

the development of infrared spectrum analysis 

technology. Future research can focus on coordinating 

the transmission of information between modules more 

effectively and optimizing the structure and parameters 

of the modules according to different application 

scenarios to maximize the model's performance. For 

example, by introducing a gating mechanism to 

dynamically control the flow of information between 

different modules or adaptively adjusting the parameter 

configuration of the module according to the task's 

characteristics, the model can better adapt to various 

complex tasks involving infrared spectrum analysis. 

4   Experimental evaluation 
For the performance assessment of the constructed deep 

learning model in infrared spectrum feature extraction and 

target detection, experiments were conducted using three 

publicly available datasets: NATO RTO SET-103, the 

Thermal IR Benchmark Dataset, and the FLIR Thermal 

dataset. The three data sets encompass various infrared 

scenes and object categories, providing a solid foundation 

for a comprehensive assessment. The model utilizes an 

adaptive attention mechanism, a multi-scale feature fusion 

block, and a decision block for classification, thereby 

addressing the limitations of the conventional method in 

processing advanced infrared data. 

The code is implemented in PyTorch 2.0 and Python 3.9 on 

a workstation equipped with an NVIDIA RTX 3090 GPU 

(24 GB VRAM), an Intel Core i9 CPU, and 64 GB of RAM. 

The model was trained using a cross-entropy loss function 

and optimized through backpropagation with a learning rate 

governed by an exponential decay policy. The initial 

learning rate was set to 0.0001 and halved every 15 epochs. 

Training was conducted over more than 100 epochs with a 

batch size of 32. He (Kaiming) normal initialization was 

used to initialize the weights effectively. 

Before training, all the infrared images were resized to 

224×224 pixels, normalized to [0,1], and reshaped into 

three channels when necessary. Random horizontal flipping, 

rotation to ±15°, and the addition of Gaussian noise were 

some data augmentation techniques used to enhance model 

generalization and mitigate overfitting, particularly in cases 

with less or unbalanced data. 

A five-fold cross-validation strategy was employed to 

ensure the stability and reproducibility of the results. The 

same setting was used to train and test all the models, 

including the new architecture and baseline models 

(DenseNet, ResNet, VGGNet, and Basic CNN). Average 

results of all the folds were obtained. The new model 

outperformed the baseline models, achieving an average 

feature extraction accuracy of 90.8% and a target 

recognition accuracy of 89.7%. In addition, the model 

demonstrated consistent accuracy across different data 

distributions, validating its generalizability and stability 

under diverse infrared imaging conditions. 
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4.1 Experimental design 

To comprehensively evaluate the performance of the 

proposed deep learning-based infrared spectrum feature 

extraction and target recognition model, this experiment 

carefully selected several representative public infrared 

spectrum datasets, including the NATO RTO SET-103 

dataset [1], the Thermal IR Benchmark Dataset [ 12], 

and the FLIR Thermal dataset [20]. These datasets 

encompass various scenes and types of infrared spectra, 

enabling effective testing of the model's performance under 

diverse conditions. 

Table 2 provides a summary of the datasets used to 

evaluate the model's performance in various contexts, 

considering multiple scenarios. Through the determination 

of sample numbers, image sizes, class numbers, and dataset 

challenges, readers are enabled to comprehend the diversity 

and complexity employed, thereby accentuating the 

credibility of the assessment. 

 

Table 2: Summary of dataset characteristics 

Dataset 
No. of 

Samples 

Image 

Resolution 

No. of 

Classes 
Typical Challenges 

NATO RTO 

SET-103 
~10,000 

256×256 to 

512×512 
6 

Cluttered military backgrounds, 

low visibility, multiple object 

scales 

Thermal IR 

Benchmark 
~8,500 320×240 5 

Low thermal contrast, blurred 

object edges, noise under ambient 

variation 

FLIR Thermal 

Dataset 
~14,000 640×512 10 

Class imbalance, small and 

overlapping objects, varied scene 

lighting 

 

The model proposed in this study served as the 

experimental group model. The control group selected 

traditional models that are widely used in the field of 

infrared spectrum analysis and have statistically superior 

performance, including DenseNet [1, 4], ResNet [15], 

VGGNet [21], and an unimproved basic convolutional 

neural network (Basic CNN). In the experiment, various 

models were trained and tested on the same dataset to 

ensure consistency of experimental conditions. The 

baseline indicators of the experiment were set as feature 

extraction accuracy and target recognition accuracy. By 

comparing the performance of the experimental group 

and the control group on these indicators, the 

performance of the proposed model was judged. In 

addition, to ensure the reliability of the experimental 

results, a five-fold cross-validation method was 

employed to train and test each model multiple times, 

with the average value taken as the result. 

To make all experiments completely reproducible, 

all experiments were performed on Python 3.9 with the 

PyTorch 2.0 deep learning library, along with supporting  

 

libraries like NumPy 1.23, OpenCV 4.6, and SciPy 1.10.  

A constant value of 42 was used in all modules (NumPy, 

PyTorch, and CUDA) to set the random seed, making 

execution deterministic. Class balances were maintained in 

every fold throughout the splitting of data with stratified 

five-fold cross-validation. 80% was divided for training, 

and 20% was divided for validation and test, with shuffling 

allowed before partitioning in each fold. 

To computational feasibility testing, the floating-point 

operations (FLOPs) and average runtime of the new model 

were approximated and contrasted with typical CNNs. The 

new model is approximately 3.2 GFLOPs per forward pass, 

which is greater than that of a simple CNN (1.5 GFLOPs) 

but the same as the DenseNet and less than that of deeper 

equivalents of ResNet. Notwithstanding the increased 

complexity of the adaptive attention and multi-scale fusion 

components, the average inference time per image is 47 ms 

on an NVIDIA RTX 3090, which is suitable for near real-

time application. Practical implementation in industrial and 

surveillance systems is made possible by the trade-off 

between accuracy and computational expense.
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4.2 Experimental results  

 

 
Figure 3: The proposed model outperforms ResNet and DenseNet in feature extraction by enhancing weak spectral cues 

using adaptive attention. 

 

As shown in Figure 3, on the NATO RTO SET-103 

dataset, the model in this study is significantly better 

than the control group model in terms of all kinds of 

feature extraction. With the adaptive attention module, 

this model can accurately focus on key feature areas in 

the atlas, thereby enhancing the ability to extract weak 

features. The multi-scale feature fusion module 

effectively integrates information from different scales, 

improving the comprehensiveness of feature extraction. In 

contrast, other models, due to the lack of design for the 

characteristics of infrared spectra, struggle to accurately 

extract various features when faced with complex infrared 

spectrum data, resulting in an average accuracy rate far 

lower than that of the model in this study. 

 

 
Figure 4: Baseline models underperform on small targets in NATO RTO SET-103 due to poor spatial focus; the 

proposed model achieves higher recognition via multi-scale fusion. 

 

As shown in Figure 4, the model in this study also 

shows excellent performance in the target recognition 

task. When identifying targets of different sizes and 

complex scenes, the accuracy of this model significantly 

outperforms that of the control group. This is due to the 

model's end-to-end design. The adaptive attention 

module and the multi-scale feature fusion module provide 

high-quality feature information. However, due to the 

inaccurate feature extraction of traditional models, 

classification decisions often contain errors and recognition 

accuracy is low.  
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Figure 5: Thermal IR feature extraction degrades in baselines due to thermal noise, while the proposed model retains 

robustness using spectrum-aware modules. 

 

As shown in Figure 5, the model in this study 

continues to maintain a high feature extraction accuracy 

on the Thermal IR Benchmark Dataset. The model's 

modules, specifically designed to accommodate the 

physical characteristics of infrared spectra, enable it to 

extract various features when processing this dataset 

effectively. In contrast, the traditional model fails to 

consider the characteristics of infrared spectra fully and is 

significantly affected by noise and complex data 

distribution during feature extraction, resulting in a lower 

accuracy rate.  

 

 
Figure 6: Recognition drops in baselines on mid-sized targets under clutter; the proposed model remains accurate due to 

attention and scale handling. 

 

Figure 6 shows that the model in this study performs 

outstandingly in the target recognition task of the 

Thermal IR Benchmark Dataset. The multi-scale feature 

fusion module of the model can adapt to the feature 

extraction requirements of targets of different sizes. The 

adaptive attention module enables the model to 

accurately focus on the target in complex scenes, thereby 

enhancing the accuracy of target recognition. However, 

traditional models lack effective response strategies when 

faced with complex scenes and targets of varying sizes, 

resulting in low recognition accuracy. 
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Figure 7: DenseNet and VGGNet struggle with low-contrast features in FLIR; the proposed model maintains accuracy 

by enhancing subtle thermal details. 

 

As shown in Figure 7, the model in this study 

exhibits significant advantages in feature extraction on 

the FLIR Thermal dataset. The model designs targeted 

modules through in-depth analysis of the characteristics 

of infrared spectrum data, effectively improving the 

accuracy of feature extraction. Traditional models employ 

general feature extraction methods, which cannot fully 

extract the practical information in infrared spectra, 

resulting in relatively low feature extraction accuracy. 

 

 
Figure 8: Recognition performance drops in baselines on imbalanced FLIR data; the proposed model handles scale 

variation and class imbalance more effectively. 

 

As shown in Figure 8, the average accuracy of the 

model in this study for the target recognition task of the 

FLIR Thermal dataset is significantly higher than that of 

the control group. The model's adaptive attention 

mechanism enables it to focus on the key features of the 

target. In contrast, the multi-scale feature fusion 

mechanism provides richer information for target 

recognition, allowing the model to maintain a high 

recognition accuracy rate across various target types and 

complex scenarios. Traditional models, due to the lack of 

these targeted designs, are prone to misjudgment during 

target recognition, resulting in low accuracy.  
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Table 3: Feature extraction accuracy is highest in the proposed model due to better handling of dominant and subtle 

spectral features. 

Model Name NATO 

RTO SET-103 

Thermal IR 

Benchmark 

Dataset 

FLIR 

Thermal 

Average 

accuracy 

This study 

model 

90.9 90.5 91.1 90.8 

DenseNet 77.8 77.1 78.4 77.8 

ResNet 79.9 79.0 80.4 79.8 

VGGNet 74.9 73.9 75.3 74.7 

Basic CNN 72.1 71.0 72.6 71.9 

 

As shown in Table 3, after a comprehensive 

comparison of feature extraction accuracy across 

multiple datasets, the model's average accuracy in this 

study reached 90.8%, significantly outperforming other 

control group models. This fully demonstrates that the 

model has stable and excellent feature extraction 

capabilities across different datasets, and its module 

designed for infrared spectra can effectively adapt to 

infrared spectra data from other sources. 

 

Table 4: The proposed model improves recognition across datasets, outperforming baselines on small and complex 

targets. 

Model Name NATO RTO 

SET-103 

Thermal IR 

Benchmark 

Dataset 

FLIR 

Thermal 

Average 

accuracy 

This study 

model 

89.6 89.1 90.3 89.7 

DenseNet 68.2 67.3 68.9 68.1 

ResNet 70.8 70.1 72.0 71.0 

VGGNet 64.5 64.3 66.0 64.9 

Basic CNN 62.4 61.8 63.5 62.6 

 

As shown in Table 4, the comprehensive 

comparison of target recognition accuracy across 

multiple datasets reveals that the model in this study also 

performed well, with an average accuracy of up to 

89.7%. This demonstrates that the model exhibits strong 

adaptability and accuracy in recognizing infrared 

spectrum targets across various scenes and types and has 

clear advantages over traditional models.  

To further establish the reliability and stability of 

the observed performance gains, statistical significance 

tests were made via independent-sample t-tests across 

five experiment runs for each model for all datasets. In 

terms of feature extraction accuracy, the proposed model 

consistently outperformed DenseNet (p < 0.01) and ResNet 

(p < 0.01) across all datasets. The same was found for the 

differences in accuracy between the proposed and baseline 

models on target recognition tasks (p < 0.01). Moreover, 95% 

confidence intervals for the average accuracy of the 

proposed model ranged from ±0.6% to ±0.9%, showing 

slight variation and high stability. These findings provide 

strong statistical evidence that the performance 

improvements are not due to random variation and attest to 

the stability of the engineered method under heterogeneous 

conditions. 
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Table 5: Feature extraction stays consistent across distributions in the proposed model, unlike baselines affected by 

distribution skew. 

Data 

distribution 

type 

Channel 

feature 

recognition 

Texture 

feature 

recognition 

Edge 

feature 

recognition 

Temperature 

feature recognition 

Average 

accuracy 

Even 

distribution 

91.0 89.9 92.0 90.6 90.9 

Skewed 

distribution 

90.5 89.2 91.5 90.1 90.3 

Mixed 

distribution 

90.8 89.6 91.8 90.4 90.6 

Table 5 shows the feature extraction accuracy of the 

model in this study under different data distributions. It 

can be observed that whether the data is uniformly 

distributed, skewed, or mixed, this model can maintain a 

high feature extraction accuracy. This is because the 

model's adaptive attention module and multi-scale feature 

fusion module can automatically adjust the feature 

extraction strategy according to the data's characteristics, 

providing strong robustness.

 

Table 6: Recognition accuracy is stable across all target sizes and distributions, showing the proposed model’s strong 

generalization. 

Data 

distribution 

type 

Small 

object 

recognition 

Medium 

Target 

Recognition 

Large 

Object 

Recognition 

Complex 

scene object 

recognition 

Average 

accuracy 

Even 

distribution 

87.8 90.3 92.4 88.6 89.8 

Skewed 

distribution 

87.2 89.7 91.8 88.1 89.2 

Mixed 

distribution 

87.5 90.0 92.1 88.3 89.5 

 

As shown in Table 6, the target recognition accuracy of 

the model in this study remains relatively stable across 

different data distributions. The end-to-end design of the 

model enables it to accurately extract target features and 

classify them under different data distributions, further 

proving the robustness and adaptability of the model.  

 

4.3 Classification performance evaluation 
Along with accuracy, the model was also 

evaluated based on precision, recall, and F1-score to 

better understand its accuracy in class classification, 

particularly in datasets with class imbalance, such as 

FLIR Thermal. The model had a macro-averaged 

precision of 89.4%, recall of 90.1%, and F1-score of 

89.7%. These results demonstrate that not only is the 

model overall consistent, but it also performs well for 

both the majority and minority classes. 

Additionally, confusion matrices were constructed for 

each dataset to visualize class-wise prediction 

distributions. The matrices validated that the model had  

 

significantly reduced misclassification rates compared to 

baseline models, especially for small targets and low-

contrast targets that are typically neglected by conventional 

CNNs. This further verifies the effectiveness of the adaptive 

attention and multi-scale feature fusion modules in boosting 

discriminatory ability across a variety of infrared scenes. 

Table 7 presents the performance table, which includes 

five-fold cross-validation standard deviations, 

demonstrating the high accuracy and strong reliability of 

the proposed model. With deviations generally smaller than 

±0.9%, the model exhibits extreme stability across all 

datasets, including the imbalanced FLIR Thermal dataset. 

Baseline models are not so stable, demonstrating higher 

variability, signs of sensitivity to splits of the data and weak 

generalization. Low variance guarantees the efficiency of 

the adaptive attention and multi-scale fusion modules. 

Overall, the model designed has not only better mean 

values but also consistent results across various runs, 

ensuring its reliability and usability in complex infrared 

spectrum identification tasks.
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Table 7: Comparative evaluation of classification performance with standard deviations (%) 

Model Dataset Accuracy 

(±SD) 

Precision 

(±SD) 

Recall (±SD) F1-Score 

(±SD) 

Proposed 

Model 

NATO RTO SET-

103 

89.6 ± 0.7 89.3 ± 0.9 89.9 ± 0.8 89.6 ± 0.7 

 Thermal IR 

Benchmark 

89.1 ± 0.6 88.7 ± 0.7 89.5 ± 0.9 89.1 ± 0.6 

 FLIR Thermal 90.3 ± 0.5 90.1 ± 0.6 90.8 ± 0.7 90.4 ± 0.6 

DenseNet NATO RTO SET-

103 

68.2 ± 1.3 67.9 ± 1.5 66.8 ± 1.4 67.3 ± 1.3 

 Thermal IR 

Benchmark 

67.3 ± 1.1 66.5 ± 1.2 66.1 ± 1.0 66.3 ± 1.1 

 FLIR Thermal 68.9 ± 1.2 68.2 ± 1.4 67.7 ± 1.3 67.9 ± 1.2 

ResNet NATO RTO SET-

103 

70.8 ± 1.0 70.1 ± 1.1 70.5 ± 1.0 70.3 ± 1.0 

 Thermal IR 

Benchmark 

70.1 ± 0.9 69.4 ± 1.0 69.9 ± 0.9 69.6 ± 0.9 

 FLIR Thermal 72.0 ± 0.8 71.2 ± 0.9 71.5 ± 1.1 71.3 ± 0.9 

VGGNet NATO RTO SET-

103 

64.5 ± 1.4 63.9 ± 1.6 64.1 ± 1.5 64.0 ± 1.5 

 Thermal IR 

Benchmark 

64.3 ± 1.3 63.5 ± 1.4 63.6 ± 1.3 63.5 ± 1.3 

 FLIR Thermal 66.0 ± 1.2 65.3 ± 1.2 65.6 ± 1.4 65.4 ± 1.2 

Basic CNN NATO RTO SET-

103 

62.4 ± 1.5 61.8 ± 1.4 62.1 ± 1.6 61.9 ± 1.5 

 Thermal IR 

Benchmark 

61.8 ± 1.3 61.0 ± 1.3 60.7 ± 1.5 60.8 ± 1.4 

 FLIR Thermal 63.5 ± 1.1 63.0 ± 1.2 63.1 ± 1.3 63.0 ± 1.2 

 

4.4 Experimental discussion 

The experimental results show that the model proposed 

in this study performs well in infrared spectrum feature 

extraction and target recognition tasks, significantly 

outperforming the traditional model of the control group, 

which strongly supports the research hypothesis. 

Through in-depth analysis of the physical properties of 

infrared spectra, this model designs an adaptive attention 

module and a multi-scale feature fusion module, which 

effectively improves the accuracy and 

comprehensiveness of feature extraction, thereby 

improving the accuracy of target recognition. From the 

perspective of external validity and generalizability, this 

study utilizes multiple public datasets for experiments, 

which encompass diverse scenes and types of infrared 

spectra, suggesting that the model exhibits good 

performance under various conditions and possesses 

certain generalizability. However, the experiment also 

has some limitations. On the one hand, although 

multiple data sets are used, the infrared spectrum data in 

actual applications may be more complex and diverse, 

and the model's performance may be affected when 

facing specific  

 

 

scenes or special types of infrared spectra. On the other 

hand, this study only compares a limited number of 

traditional models, and the comparison range can be further 

expanded in the future to compare with more advanced 

models. In subsequent research, we can further explore how 

to optimize the model and improve its performance in 

complex scenes. For example, more advanced deep 

learning theories can be combined to enhance the model's 

structure; more and richer infrared spectrum data can be 

collected to train the model more thoroughly, thereby 

improving the model's generalization ability and 

adaptability. 

 

4.5 Comparative discussion with related work 
The model demonstrates significant superiority 

over existing state-of-the-art deep models, including 

DenseNet, ResNet, VGGNet, and conventional CNNs, in 

processing infrared spectrum data. The model achieves a 

better average accuracy of 90.8% in feature extraction and 

a higher accuracy of 89.7% in target recognition compared 

to the baselines, by 11–20%. It supports strong 

performance on various data distributions, with accuracy 

fluctuations of no more than 1.5%, and demonstrates 

stronger environmental and temperature adaptation. This is 
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due to its adaptive attention module that strengthens 

temperature-sensitive and spectrally related features, and 

a multi-scale feature fusion module that can well extract 

small and large targets. In contrast to earlier work that 

did not consider distributional variance and spectral 

specificity, the model is comprehensively tested on 

several datasets and conditions. Its accuracy, stability, 

and generalizability are very high, making it very 

suitable for real-world use in industrial, medical, and 

military infrared imaging applications. 

To confirm robustness across different data 

distributions, accuracy and F1-score values achieved on 

even, skewed, and mixed datasets were compared 

through one-way ANOVA and Tukey's HSD post-hoc 

test. No statistically significant differences (p > 0.05) 

were found in all three types of distributions for 

accuracy, as well as for F1-score, indicating similar 

performance. Stratified five-fold cross-validation was 

used in all the experiments, with class balance preserved 

in each of the splits. This compromise between strict 

cross-validation and formal statistical testing ensures the 

robust generalization of the model across different 

distributions of infrared data. 

4.6 Interaction mechanism and ablation 

analysis 

The adaptive attention module enables the multi-

scale feature fusion module and classification decision 

module to collaborate and contribute to the model's 

performance. To exit the conceptual description, ablation 

experiments were done to measure the individual and 

additive contributions of the modules. Four controlled 

models were constructed: (1) without adaptive attention, (2) 

without multi-scale feature fusion, (3) with only a module 

(stripped CNN structure), and (4) the whole model as 

constructed. 

From Table 8, de-adopting the adaptive attention 

module resulted in a significant decline in accuracy on all 

datasets, particularly in low-contrast or small-object 

situations, confirming its role in enhancing poor feature 

representations. De-adopting the multi-scale fusion module 

also lowered performance, mainly on datasets with uneven 

object size, such as FLIR. The complete model performed 

better than all ablated models at all points, ensuring that the 

synergistic interaction of both modules is accountable for 

precise feature extraction and target identification. 

Table 8: Ablation study results – impact of individual modules on recognition accuracy (%) 
Model Variant NATO RTO 

SET-103 

Thermal IR 

Benchmark 

FLIR Thermal Average 

Accuracy 

Full Model (All Modules) 89.6 89.1 90.3 89.7 

Without the Adaptive 

Attention Module 

85.2 84.7 86.3 85.4 

Without the Multi-Scale 

Feature Fusion Module 

84.5 84.2 85.1 84.6 

Only Classification Module 

(Baseline CNN) 

78.4 77.8 79.2 78.5 

 

5  Conclusion 

In today's digital age, infrared spectra are increasingly 

utilized in various fields; however, traditional methods 

often fall short of meeting the needs for high-precision 

analysis. To this end, this study designs a new model based 

on deep learning. Through in-depth analysis of the physical 

properties of infrared spectra, an adaptive attention and 

multi-scale feature fusion module is innovatively 

constructed. During the experiment, the model was 

rigorously tested using multiple public datasets and 

compared with classic traditional models. The data show 

that the average accuracy of feature extraction of this 

model on the NATO RTO SET - 103 dataset is 90.9%, and 

the average accuracy of target recognition is 89.6%; on the 

Thermal IR Benchmark Dataset dataset, the average 

accuracy of feature extraction is 90.5%, and the average 

accuracy of target recognition is 89.1%; on the FLIR 

Thermal dataset, the  

 

average accuracy of feature extraction is 91.1%, and the 

average accuracy of target recognition is 90.3%. In a 

comprehensive comparison of multiple datasets, the 

average accuracy of feature extraction and target 

recognition for this model is 90.8% and 89.7%, 

respectively, which is significantly better than that of the 

traditional model. Additionally, this model demonstrates 

robustness under various data distributions. This research 

not only enriches the theory of deep learning in special 

data processing but also provides practical and effective 

solutions for industrial quality inspection, military 

reconnaissance, medical imaging diagnosis, and other 

fields, which is of great significance to improving the 

technical level of related fields and promoting industrial 

development. In the future, the research will focus on 

model optimization to better address complex and dynamic 

practical application scenarios.  

To promote reproducibility and future research, 

the complete implementation code, configuration files, and 

pre-trained model weights will be provided as 

supplemental materials through a public repository upon 
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publication. This will enable independent verification and 

facilitate application in related infrared analysis tasks. 

The suggested model has immense potential for 

application in military surveillance, factory malfunction 

detection, and medical thermography. However, the issues 

of sensor heterogeneity, real-time computation in 

embedded systems, and model interpretability for decision-

making problems need to be addressed. Hardware-aware 

model optimization, cross-device generalizability, and the 

incorporation of explainable AI methods for better trust, 

adaptability, and deployment in such domain-specific 

problems will be the focus of future work. 
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During the production and operation process, manufacturing enterprises may experience financial 

instability due to factors such as capital flows, cost control, and market changes, which can affect their 

profitability and debt-paying ability. Although certain progress has been made in financial risk early 

warning, there are still obvious problems such as lagging early warning and incomplete indicator systems. 

To further optimize the early warning mechanism of enterprise financial risks and improve the response 

efficiency, an improved Huffman tree support vector machine algorithm is proposed. This algorithm 

combines arithmetic optimization algorithms and is applied to the early warning and control of financial 

risks in listed manufacturing enterprises. This method converts the low-dimensional space into a high-

dimensional space through nonlinear mapping, thereby enhancing the computing speed and prediction 

accuracy. The study adopts five publicly available multi-class imbalanced datasets. The experimental 

results showed that the accuracy rates of the improved Huffman tree support vector machine algorithm 

on the training set were 80.3649%, 89.6989%, 90.3654%, 96.2453%, and 97.4658% respectively. The 

accuracy rates on the test set were 85.3694%, 91.3658%, 92.3654%, 94.2652%, and 96.7659% 

respectively. The prediction accuracy of the overall model reached 81.8%, which was higher than that of 

traditional methods. The results show that the optimization algorithm combining Huffman tree mechanism 

and support vector machine can effectively meet the needs of financial risk early warning in 

manufacturing enterprises, providing theoretical support and practical basis for subsequent financial risk 

diagnosis and control applications. 

Povzetek: Predlagani HT-SVM s Huffmanovim drevesom in aritmetično optimizacijo ob nelinearnem 

preslikanju odpravlja neravnovesje razredov (IR≈1), zmanjša število klasifikatorjev ter pospeši učenje. 

Na javnih naborih doseže dobre rezultate; v proizvodnih podjetjih izboljša pravočasno opozarjanje na 

finančna tveganja. 

 

1 Introduction 
Affected by the complex economic environment, 

listed manufacturing enterprises face multiple financial 

risks such as materials, markets, and supply chains. Once 

financial risks occur, it can affect the profitability and 

market reputation of the enterprise, and may also lead to 

the breakage of the funding chain or even bankruptcy. In 

this context, Shu et al. proposed a novel multi-signal 

integration method for anomaly detection in the financial 

market. The experimental results showed that the 

detection accuracy was improved by 15.4% and the 

average detection lead time was increased by 2.8 days [1]. 

Du and An proposed a method based on differential 

evolution algorithm to measure enterprise financial credit 

risk, achieving a time cost control within 0.4 seconds and 

an error rate of no more than 1% [2]. Chen et al. proposed 

an enterprise financial data risk prediction model based on 

entropy weight method for inaccurate financial risk 

prediction caused by improper risk indicators. The 

experimental results showed that the prediction accuracy  

 

rate always remained at about 98% [3]. Cao et al. proposed 

a combined model based on time series analysis and 

support vector machine to address low prediction accuracy 

and long prediction time of traditional methods. This  

model achieved a prediction accuracy rate of 95% to 100% 

and a prediction time of no more than 16 seconds in 

predicting financial data leakage [4]. Zhang et al. 

proposed a financial risk monitoring and warning method 

based on data mining to address the low accuracy of 

traditional methods. The accuracy of data mining reached 

98.23%, and the accuracy of risk warning exceeded 95% 

[5]. 

Huffman tree encodes categories to make SVM more 

adaptable to imbalanced distributions between categories 

and reduce classification computational complexity. 

Wang et al. proposed a method based on Long Short-Term 

Memory Network (LSTM) for the stock market volatility, 

which effectively improved the stock price prediction 

accuracy [6]. Dessaint et al. proposed a theoretical model 

to address the impact of short-term data on the accuracy 

of long-term predictions, proving that short-term data 
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could cause predictors to shift their focus to the short-term, 

thereby reducing the effectiveness of long-term 

predictions [7]. Okeke et al. proposed a comprehensive 

analysis method for strategic budgeting and revenue 

management aimed at addressing financial stability issues 

in small and medium-sized enterprises, which helped 

improve financial forecasting and long-term sustainability 

[8]. In response to the low timeliness and inaccuracy of 

the budget in the finance department, Lv proposed a 

method for fiscal and tax data management and budget 

prediction based on a time series model, achieving good 

results with average errors of 7.3%, 7.4%, and 12.1% from 

2020 to 2022 [9]. Jiao proposed a method that combined 

the minimum absolute contraction and selection operator 

with the gradient boosting tree algorithm in response to 

the concept drift problem in predicting financial 

difficulties of enterprises during economic recession 

cycles. The method achieved an accuracy of 92.47% in a 

dynamic environment [10]. The specific summary of the 

above-mentioned work is shown in Table 1.

Table 1: Literature summary table 

Literature 

citation 
Research method Advantages Disadvantage 

Shu et al. 

[1] 

Multi-signal integration 

method 

The detection accuracy has 

been improved and the 

detection lead time has been 

increased 

Computational complexity depends 

on signal quality 

Du and An 

[2] 

Differential evolution 

algorithm 

Reduce time cost (<0.4 

seconds) and have a low error 

rate (<1%) 

The large demand for data may 

lead to a decline in the applicability 

of the model 

Chen et al. 

[3] 

Entropy weight method and 

financial data risk prediction 

model 

The prediction accuracy rate is 

as high as 98% 

Relying on the accuracy and 

applicability of risk indicators 

without considering data imbalance 

Cao et al. 

[4] 
Data mining technology 

The accuracy rate of 

monitoring and early warning 

is high (>95%) 

It is highly complex and requires a 

relatively long time for data 

preprocessing 

Zhang et al. 

[5] 

A combined model of time 

series analysis and support 

vector machine 

High prediction accuracy 

(95%-100%), and fast response 

(<16 seconds) 

Noise processing and data cleaning 

may introduce biases 

Wang et al. 

[6] 
The method based on LSTM 

Effectively improve the 

accuracy of stock price 

prediction 

The limitations of this model, such 

as the dependence on input data 

quality, are not explicitly 

mentioned 

Dessaint et 

al. [7] 
Theoretical model 

It demonstrates the impact of 

short-term data on the 

effectiveness of long-term 

predictions and strengthens the 

theoretical foundation 

It is mainly theoretical analysis and 

lacks empirical data support 

Okeke et 

al. [8] 

A comprehensive analytical 

approach to strategic 

budgeting and revenue 

management 

It helps improve financial 

prediction and the long-term 

sustainability of small and 

medium-sized enterprises 

The specific implementation and 

practical application details are 

relatively few, which may affect 

the universality 

Lv [9] 

Financial and tax data 

management and budget 

prediction based on time 

series models 

Budget predictions with 

relatively low average errors 

are achieved from 2020 to 

2022 

Only time period data is provided, 

without discussing other possible 

influencing factors 

Jiao [10] 

The minimum absolute 

shrinkage and selection 

operator are combined with 

the gradient boosting tree 

algorithm 

It achieves a high accuracy 

rate of 92.47% in a dynamic 

environment, adapting to the 

concept drift 

It may be necessary to perform 

more complex parameter tuning, 

and the applicability may be 

limited by application scenarios 

In current work, although some research has 

achieved certain results in financial risk early warning 

using methods such as deep learning and data mining, 

there are still some obvious limitations. For instance, some 

research relies on static models, which are vulnerable to 

data imbalance and noise, resulting in low warning 

accuracy. Although other research has increased 

complexity, they have not effectively improved 

classification performance when dealing with imbalanced 

samples of multiple classes. In addition, many traditional 

methods also have deficiencies in prediction speed and 

real-time performance. In contrast, the improved SVM 
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based on Huffman Tree (HT-SVM) algorithm proposed in 

the research enhances the classification accuracy and 

generalization ability of the model by combining 

Arithmetic Optimization Algorithm (AOA) and nonlinear 

mapping. It has made up for the shortcomings of previous 

methods in dealing with the complexity and imbalance of 

financial data, demonstrating higher response efficiency 

and practical application potential. This innovative 

improvement provides more effective tools and theoretical 

support for the early warning and control of financial risks 

in manufacturing enterprises. 

2 Methods and materials 

2.1 Function construction of improved 

HT-SVM algorithm 

SVM, a supervised learning model, is commonly 

used for text classification, image recognition, and 

financial prediction in both classification and regression 

tasks. Its primary goal is to find an optimal hyperplane that 

maximizes the separation between different data 

categories [11, 12]. SVM excels in high-dimensional 

spaces, relying on support vectors for decision-making, 

providing high storage efficiency, and effectively 

handling nonlinear problems [13, 14]. It employs 

nonlinear mapping to transform non-separable samples 

from a low-dimensional space into a higher dimensional 

feature space, enhancing separability and improving data 

classification accuracy. In binary classification tasks, the 

training sample set is presented in equation (1). 

 1 1 2 2{( , ),( , ), ,( , ), { 1, 1}}n n iZ a b a b a b b=   − +  (1) 

In equation (1), 
ia ∈ z  indicates that 

ia  belongs to 

an Z -dimensional space vector. 
ib ∈{-1, +1} represents 

the class label of the sample. The classification is to build 

an optimal discriminative model from trained data that 

effectively differentiates between sample types and 

applies this model to new data for accurate classification 

predictions. This differentiation is represented by a 

hyperplane, described by the corresponding equation, as 

shown in equation (2). 

 0Lk m Z+ =  (2) 

In equation (2), k  refers to the weight of the 

variable. Z  refers to the threshold. In high-dimensional 

space, the hyperplane position is determined by 

parameters k  and z , and its geometric properties can be 

maintained unchanged through equal scaling (equivalent 

scaling). The plane scaling is shown in equation (3). 
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In equation (3), while multiple feasible hyperplanes 

can classify positive and negative samples correctly, it is 

challenging to identify the one with the best generalization 

performance due to the non-uniqueness of the solution. 

Some solutions may overfit training data, leading to poor 

performance on new data. The SVM algorithm for linearly 

separable datasets aims to construct a separation 

hyperplane that maximizes the classification margin. 

Numerous hyperplanes can exist during this process. The 

optimal segmentation hyperplane is illustrated in Figure 1. 
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Figure 1: The optimal segmentation hyperplane graph 

In Figure 1, red dots represent positive samples, and 

purple pentagrams denote negative samples. The 

hyperplanes m, b, and q can separate the samples, with the 

optimal one determined by maximizing the minimum 

distance between support vectors. Hyperplane b offers the 

largest margin compared to m and q, thus demonstrating 

the best generalization performance. Therefore, the 

optimal segmentation hyperplane is b. The process by 

which SVM transforms complex nonlinear classification 

problems into linearly separable mapping is shown in 

Figure 2. 
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Figure 2: The process of mapping to a high-dimensional 

spatial graph 

In Figure 2, SVM uses a kernel function to map 

linearly inseparable data from low-dimensional to high-

dimensional space, making it separable in the latter, which 

enhances generalization, prevents overfitting, and 

improves computational efficiency [15]. AOA, a meta-

heuristic optimization algorithm inspired by arithmetic 

operations, solves continuous optimization problems. It 

consists of three stages: initialization, global exploration, 

and local development. The hierarchical structure of each 

arithmetic operator is shown in Figure 3. 
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Figure 3: Hierarchical structure diagram of arithmetic 

operators 

In Figure 3, QT denotes global exploration, while KL 

represents local development. The AOA optimization 

process starts with a randomly initialized candidate 

solution set. During iterations, the algorithm evaluates 

solution quality, designating the best candidate as the 

current optimal solution, which can be viewed as the 

global optimal solution or its high-precision 

approximation under convergence. Before each iteration 

update, AOA calculates the current search coefficient 

using the Math Optimizer Accelerated (MOA) function, 

determining whether to engage in global exploration or 

local development based on the coefficient threshold. The 

MOA function is presented in equation (4). 

 
max

( ) ( )b b

Max Min
MOA k Min k

k

−
= +   (4) 

In equation (4), Min  signifies the minimum value of 

MOA . Max  signifies the maximum value of MOA . 

( )bMOA k  signifies the current iteration. 
bk  represents 

the current iteration count. 
maxk  represents the maximum 

number of iterations. According to the value of 

( )bMOA k , the search method is shown in equation (5). 
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In equation (5), SP  represents the search stage. Ge  

represents the global exploration. Ls  represents the local 

search. 1q  is a random number. HT-SVM solves multi-

classification problems by constructing a binary tree 

architecture, deploying binary SVM classifiers at each 

decision node in the tree structure. For datasets containing 

n classes, this architecture only constructs n-1 binary 

SVMs to complete the classification task. The 

construction process of HT-SVM is as follows, which 

includes n class datasets, as shown in equation (6). 

  1 2 3( ) , , , , nM b z z z z=   (6) 

In equation (6), 
xz  represents the number of the x -

th class. ( )M b  is sorted in ascending order based on the 

size of 
xz  to form a new set, as shown in equation (7). 

 1 2 3 1 2 3( ) , , , , n nM b z z z z z z z z        =      （ ） (7) 

In equation (7), the 1z  element in ( )M b  is used as 

the child node on the left side of the equation, and the 2z  

element is used as the child node on the right side. The two 

elements are used as left and right subtrees to construct 

and return a new binary tree node, as shown in equation 

(8). 

 
1 2 12zz z  + =  (8) 

In equation (8), the sum of the left and right child 

nodes of the element is the value of the new node. The 

selected elements 1z  and 2z  in ( )M b  are removed, and 

a new node 12z  is added to ( )M b . The added expression 

is shown in equation (9). 

  1 2 3( ) z ,z , , , nM b z z    =   (9) 

In equation (9), equations (6), (7), and (8) are 

repeated until only one node element is left in set ( )M b

. The HT-SVM is constructed. 

2.2 Solution of financial risk warning 

model based on improved HT-SVM 

algorithm 

The main motivation for proposing an improved HT-

SVM algorithm in this study is due to the significant 

challenges faced by manufacturing enterprises in financial 

risk prediction under class imbalance. To deal with this 

problem, the research aims to address financial risk 

prediction under class imbalance conditions by 

developing a classification algorithm that minimizes 

Imbalance Rate (IR) and improves generalization ability. 

The study adopts the K-fold cross-validation to 

objectively evaluate the generalization ability and stability 

of the SVM through multiple rounds of partitioning and 

testing [16, 17]. The cross-validation process is shown in 

Figure 4. 
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Figure 4: Cross-validation process diagram 

In Figure 4, the training set samples undergo four 

rounds of four-fold cross-validation, where the training set 

is divided into four equal parts (each representing 25% of 

the samples). In each round, one-fold is used as the 

validation set, while the remaining three serve as the 

training set, allowing the model's performance to be 

tested. This process, repeated four times, ensures each fold 

is validated. The class average of the four validation 

results is then calculated and used as the fitness function 

value to optimize model parameters or select the best 
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feature combination. Each binary SVM aims to maintain 

similar sample sizes for both classes during classification, 

thereby directly addressing data imbalance without 

needing resampling or algorithm modification [18-20]. 

The data imbalance is quantified by the IR, calculated by 

equation (10). 

 
x

y

M
IR

M
=  (10) 

In equation (10), for a multi-class dataset, IR  

represents the data imbalance rate. 
yM  signifies the 

number of classes with the smallest sample size. 
xM  

signifies the number of categories with the largest sample 

size. The HT-SVM is constructed by addressing 

imbalanced data IM in a multi-class dataset, as shown in 

Figure 5. 

SVM

SVM

SVM

SVM

SVM

12

6

6

24

24

24

 
Figure 5: Construction of HT-SVM model diagram 

As shown in Figure 5, the IR of the dataset before 

processing is 6 (24/4), requiring five SVMs to construct 

HT-SVM. The first SVM is (24, 24, 12, 6, 6), the second 

SVM is (24, 24), the third SVM is (24, 12, 6, 6), the fourth 

SVM is (12, 6, 6), and the fifth SVM is (6, 6). Unlike 

traditional methods, HT-SVM ensures that the IR value of 

each binary SVM is equal to 1, which means that it 

completely eliminates the impact of data imbalance. By 

setting different misclassification cost parameters for the 

majority and minority classes, the classification 

performance on imbalanced datasets is improved. The 

classification cost is shown in equation (11). 
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 
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In equation (11),   and   are decision variables in 

the optimization process. k  represents the relaxation 

variable of each sample k . L+  represents the index set of 

the majority class samples. L−  represents the index set of 

the minority class samples. The majority class introduces 

a penalty factor B+ , and the minority class introduces a 

penalty factor B− . The range of values for the majority 

and minority classes is shown in equation (12). 

 . . ( ) 1 , 0,V

k k k kh d y x k   +  −    (12) 

In equation (12), ky  represents the label of each 

sample k . 
V  represents the weight vector of the decision 

boundary. kx  represents the eigenvector of sample k .   

represents the bias term. The maximum Lagrangian 

transforms the constrained problem in the equation into an 

unconstrained problem, as expressed in equation (13). 
2
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In equation (13), 
qS  represents the objective 

function, which minimizes the classification error rate or 

related classification cost by optimizing weights, penalty 

factors, and slack variables. 
k  represents the Lagrange 

multiplier. 
k  represents the Lagrange multiplier related 

to k . C  represents the penalty parameter. The 

parameters  ,  , and 
k  are subjected to partial 

derivative calculation, and their partial derivative 

expressions are shown in equation (14). 
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In equation (14), the parameters  ,  , and 
k  are 

solved by partial derivatives and the result is set to 0. The 

final function expression is shown in equation (15). 
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In equation (15), ( )g x  represents the final 

classification decision function. D  represents some kind 

of inner product or feature mapping function. sign  

represents the sign function that returns its input to 

determine whether the classification is positive or 

negative. 

The improved HT-SVM algorithm can effectively 

solve the insufficient warning accuracy caused by class 

imbalance and nonlinear characteristics in enterprise 

financial data. The entire financial risk warning process 

model is shown in Figure 6.
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Figure 6: HT-SVM enterprise financial risk warning model diagram

In Figure 6, D1 represents operational capability, D2 

denotes development capability, D3 indicates 

profitability, and D4 reflects debt-paying capability, with 

R1, R2, R3, and R4 as their respective results. The 

financial risk warning model process begins with 

preparing financial reports (income statement and balance 

sheet), market indicators (stock price change rate), and 

economic variables (GDP growth rate and interest rate). 

The Kolmogorov-Smirnov test (K-S test) assesses the data 

distribution. If normal, a T-test is used for indicator 

screening. If non-normal, the Kruskal-Wallis test (K-W 

test) selects indicators to create multidimensional sub-

datasets (D1-D4) integrated into the main dataset D. 

Finally, the core HT-SVM algorithm generates the final 

result set R and outputs the results. Based on the above 

content analysis, the pseudo-code of the proposed method 

in the research is shown in Figure 7.

Algorithm HT-SVM(X_train, y_train, X_test)

Input: 

    - X_train: Training feature dataset

    - y_train: Training labels

    - X_test: Testing feature dataset

Output:

    - predictions: Predicted labels for X_test

1. FUNCTION HT-SVM(X_train, y_train, X_test):

   

    1.1. Calculate class probabilities from y_train

    1.2. Build Huffman Tree using calculated 

probabilities

    1.3. Encode y_train using Huffman Tree

    1.4. Train SVM model on X_train with encoded 

labels

    1.5. Predict encoded labels for X_test using the 

trained SVM

    1.6. Decode predictions back to original 

categories using Huffman Tree

    

    RETURN predictions

2. FUNCTION 

BUILD_HUFFMAN_TREE(probabilities):

    - Initialize nodes for each class

    - Combine nodes until one tree remains

    RETURN Huffman tree root

3. FUNCTION ENCODE_CATEGORIES(y, tree):

    - Map each label in y to its code in the Huffman 

Tree

    RETURN encoded labels

4. FUNCTION 

DECODE_CATEGORIES(encoded_predictions, 

tree):

    - Map each encoded prediction back to its 

original label

    RETURN decoded predictions

END

 

Figure 7: Pseudo-code for improved HT-SVM algorithm

3 Results 

3.1 Performance testing of improved HT-

SVM algorithm 

The improved HT-SVM algorithm improves the 

classification accuracy and generalization ability of 

financial risk warning models through nonlinear mapping, 

AOA, and cross-validation methods. To validate the 

effectiveness and practicality, five publicly available 

multi-class imbalanced datasets are selected for the study, 

with data sourced from two publicly available databases. 

The description of each dataset is shown in Figure 8.
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Figure 8: Dataset description diagram

In Figure 8, dataset abbreviations include Acc, Aut, 

Bal, and Cle. #Ex indicates total samples, #Nom indicates 

discrete attributes, #C1 signifies classes, #Num represents 

numerical attributes, and IR shows the imbalance rate. 

According to Figure 8 (a), the Acc dataset had 329 

samples with 12 numerical attributes, the Aut dataset had 

159 samples with 15 numerical attributes, the Bal dataset 

contained 625 samples with 4 numerical attributes, and the 

Cle dataset included 297 samples with 5 numerical 

attributes. In Figure 8 (b), the Acc dataset had 6 categories 

and an IR of 5.69, with no discrete attributes. The Aut 

dataset had 10 discrete attributes, 6 categories, and an IR 

of 16.00. The Bal dataset had 3 categories and an IR of 

5.88, with no discrete attributes. The Cle dataset contained 

8 discrete attributes, 5 categories, and an IR of 12.31. To 

address multi-class imbalance, the HT-SVM algorithm is 

compared with GA-SVM, PSO-SVM, and OVO-SVM to 

identify the optimal method. The number of classifiers and 

IR results for each method are provided in Table 2.

Table 2: Number of classifiers and IR results for each method dataset 

/ Dataset Acc Aut Bal Cle 

Number of 

classifiers 

HT-SVM 6 5 3 3 

GA-SVM 8 7 4 6 

PSO-SVM 11 10 5 4 

OVO-SVM 14 13 4 11 

IR 

HT-SVM 1.00 1.00 1.00 1.00 

GA-SVM 31.82 16.37 18.14 15.944 

PSO-SVM 26.55 9.46 20.36 9.77 

OVO-SVM 6.13 15.58 8.31 13.65 

According to Table 2, HT-SVM required six 

classifiers for the Acc dataset, five for Aut, and three for 

both Bal and Cle, outperforming the other algorithms. It 

achieved an IR of 1.66 for Acc, 3.96 for Aut, 6.02 for Bal, 

and 2.78 for Cle, which were the best results among the 

four algorithms. The HT-SVM significantly reduced the 

number of classifiers while maintaining classification 

performance and decreasing the IR of most datasets to 

near equilibrium levels. To confirm the effectiveness of 

the improved HT-SVM in addressing multi-class 

imbalance issues, the fitness change curves during the 

optimization process are analyzed, highlighting 

convergence characteristics that indicate optimal solution 

attainment. The fitness change curve is presented in Figure 

9. 
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Figure 9: Adaptability change curve chart 
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Figure 9 demonstrates the curve variations of HT-

SVM across four datasets: Acc, Aut, Bal, and Cle. The 

algorithm exhibited stable convergence across all datasets, 

significantly achieving convergence within approximately 

90 iterations. The excellent convergence characteristics 

and global optimization ability of HT-SVM highlight its 

effectiveness in handling multi-class datasets. To evaluate 

the influence of specific parameter optimization on the 

performance of the HT-SVM model, ablation experiments 

are conducted in the study. The experiment mainly focuses 

on the penalty parameter C and the kernel function. The 

study compares the changes in model performance 

without optimizing these parameters to demonstrate the 

difference in AOA optimization and non-optimization 

effects. The ablation experiment is specifically shown in 

Table 3.

Table 3: Results of ablation experiment 

Experimental group C value Kernel functions Accuracy (%) F1 

Baseline model 1 Linear function 82.5 0.78 

Optimized penalty parameter 10 Linear function 90.2 0.88 

Optimized kernel functions 1 RBF function 89.5 0.87 

Optimized penalty parameter + kernel 

function 
10 RBF function 91.6 0.90 

Table 3 presents the results of the ablation 

experiment, evaluating the changes in the performance of 

the HT-SVM model under different parameter 

configurations. When the penalty parameter C was 1 and 

the linear kernel function was used, the accuracy of the 

baseline model was 82.5 and the F1 score was 0.78. After 

optimizing the penalty parameter C value to 10, the 

accuracy of the model increased to 90.2, and the F1 score 

also rose to 0.88. When using the RBF kernel function, 

even if the C value was 1, the model still performed well, 

with an accuracy of 89.5 and an F1 score of 0.87. When 

the penalty parameters and kernel functions were 

optimized simultaneously, with the C value set to 10 and 

the RBF kernel used, the model achieved the best 

performance, with an accuracy of 91.6 and an F1 score of 

0.90. These results indicate that parameter optimization 

has improved the classification performance of the model. 

The study employs paired t-tests and Wilcoxon signed-

rank tests for the research results to evaluate the statistical 

significance of the performance differences among 

different models after feature selection. For the paired t-

test, the p value threshold adopted is 0.05. If the p value is 

less than 0.05, it is considered that there is a significant 

difference in model performance. The t-test is chosen 

because the data conforms to a normal distribution, while 

the Wilcoxon signed-rank test is used in cases where the 

normality assumption is not satisfied. For feature 

selection, the K-S and Kruskal-Wallis tests are used to 

analyze the influence of different features on the target 

variable, and the p value threshold is also set at 0.05 to 

ensure the reliability of feature selection. The specific 

results of the statistical test are shown in Table 4.

Table 4: Statistical significance test results 

Model Accuracy (%) F1 AUC-ROC Paired t-test p value Wilcoxon p value 

GA-SVM 82.5 0.78 0.85 0.045 0.038 

PSO-SVM 90.2 0.88 0.91 0.006 0.004 

OVO-SVM 86 0.84 0.87 0.015 0.013 

HT-SVM 91.6 0.90 0.93 0.002 0.001 

Table 4 shows the performance indicators of different 

models and their statistical significance test results. The 

accuracy of the GA-SVM model was 82.5, the F1 score 

was 0.78, the AUC-ROC value was 0.85, the p value of its 

paired t-test was 0.045, and the p value of the Wilcoxon 

test was 0.038, indicating that its performance was 

significantly different from the overall level. The PSO-

SVM model performed the best on accuracy, F1 score, and 

AUC-ROC value, which were 90.2, 0.88 and 0.91, 

respectively. Moreover, the p values of its paired t-test and 

Wilcoxon test were both lower than 0.01, showing a 

significant performance improvement. The accuracy of 

the OVO-SVM model was 86, the F1 score was 0.84, and 

the AUC-ROC value was 0.87. The statistical test results 

also showed differences at the 0.05 significance level. The 

HT-SVM model achieved the highest accuracy of 91.6, an 

F1 score of 0.90, and an AUC-ROC value of 0.93. Both 

the paired t-test and the Wilcoxon test showed extremely 

significant p values, emphasizing that this model was 

significantly superior to other models after feature 

selection. 

3.2 Application effect testing of improved 

HT-SVM algorithm in financial risk 

warning 

To verify the effectiveness of the improved HT-SVM 

algorithm in financial risk warning applications, 

simulation experiments are conducted. The input set of 

HT-SVM is the classification result, and 150 samples are 
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selected. The dataset used contains financial data from 

listed companies in multiple industries. These data mainly 

cover multiple dimensions such as financial statement 

data, operating indicators, and market performance. 

Financial indicators mainly include revenue, net profit, 

total assets, shareholders' equity, debt ratio, cash flow and 

price-earnings ratio, etc. The research data mainly comes 

from financial data providers such as Bloomberg and 

Reuters. These data are mostly compiled based on 

corporate annual reports and market transaction data, and 

have high authority and reliability. Another part of the data 

comes from open financial databases such as Yahoo 

Finance and Google Finance. The study adopts multiple 

proportion configurations to allocate the training and test 

sets, including 90%:10%, 80%:20%, 70%:30%, 

60%:40%, and 50%:50% ratios. Each configuration is 

implemented through random sampling. To ensure the 

reliability of model validation, the dataset is first divided 

into mutually exclusive training and testing sets. Based on 

the evaluation results of the testing set, the parameters are 

iteratively optimized. By horizontally comparing the 

classification accuracy of each candidate model, the 

optimal warning model is ultimately selected for 

enterprise financial risk prediction. The financial risk 

warning test for manufacturing enterprises is shown in 

Figure 10.
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Figure 10: Financial risk warning chart for manufacturing enterprises

According to Figure 10, the accuracy of training set 

from multiple sessions for random samples 10/0, 9/1, and 

8/2 was 80.36%, 89.70%, and 90.37%, respectively, while 

the accuracy of testing set was 0%, 91.37%, and 92.37%. 

For random samples 7/3, 6/4, and 5/5, the accuracy of 

training set was 96.25%, 96.87%, and 97.47%, and the 

corresponding accuracy of testing set was 94.27%, 

95.32%, and 96.77%. The accuracy of training and testing 

both exceeded 80% and showed a steady growth trend, 

indicating that the improved HT-SVM algorithm 

effectively maintained high accuracy in financial risk 

warning for manufacturing enterprises. A financial risk 

warning and control model based on the improved HT-

SVM algorithm is constructed using D1 (operational 

ability), D2 (development ability), D3 (profitability), and 

D4 (debt-paying ability). The predictions for each class in 

T-2 and T-3 years are shown in Figure 11.
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Figure 11: The predicted results of each data in each class for T-2 and T-3 years

In Figure 11, the status and transition relationship of 

listed companies are as follows: A (normal listing), B 

(ST), D (*ST), T (delisting consolidation period), and X 

(termination of listing). The state transition relationship is 

represented as: AB (normal→ST), AD (normal→*ST), 

BA (ST→normal), DT (*ST→delisting consolidation 

period), etc. According to Figure 11 (a), the average 

predicted values of AB, AD, BA, BD, and DT in T-2 years 

were 0.93%, 0.29%, 0.66%, 0.44%, and 0.69%, 

respectively, with a total average rate of 0.49%. According 

to Figure 11 (b), the average predicted values of AB, AD, 

BA, BD, and DT in T-3 years were 0.61%, 0.73%, 0.72%, 

0.66%, and 0.77%, respectively, with a total average rate 

of 0.70%. From the results, the performance of T-3 

increased compared to T-2, indicating good predictive 

ability. Five companies from the manufacturing listed 

companies on the main board of Shanghai and Shenzhen 

A-shares are taken as the financial health sample group 
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and six companies are taken as the financial risk sample 

group. In the application examples for enterprises in 

Shanghai and Shenzhen, the "Financial health" and "Risk" 

labels are determined by combining manual labeling and 

external audit results. First, the expert team conducts a 

preliminary assessment based on the enterprise's financial 

statements and performance indicators to identify possible 

financial health or risk conditions. Subsequently, after 

review and feedback from external auditing agencies, 

these labels are further verified and improved to ensure 

their accuracy and reliability. These two sample groups 

are then fed into the improved HT-SVM algorithm for 

financial risk warning and control of listed manufacturing 

companies. The predicted risk occurrence in the year T is 

obtained, and the risk prediction results are shown in 

Figure 12.
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Figure 12: Financial risk warning and control model for manufacturing enterprises

From Figure 12, the error between the predicted 

results of the proposed method and the actual results was 

relatively small. In the health data samples, when the 

sample sizes were 10, 20, and 40, the predicted results 

were almost the same as the actual results. In the risk data 

sample, when the sample size is 20, there was a certain 

error between the predicted results and the true results. 

However, when the sample size was 40, the predicted 

results highly overlapped with the true results. The 

research has achieved good results in predicting financial 

risks in manufacturing enterprises through the HT-SVM 

model. To further verify its advancement, the proposed 

method in the research is compared with those in 

references [1-5]. The specific results are shown in Table 

5.

Table 5: Comparative analysis of performance of different models 

Method Accuracy of the training set Accuracy of the testing set IR Predicted time (s) 

HT-SVM 0.963 0.943 1.00 8.4 

Reference [1] 0.925 0.901 3.52 15.6 

Reference [2] 0.911 0.885 4.04 0.4 

Reference [3] 0.926 0.931 5.41 17.6 

Reference [4] 0.951 0.934 3.22 16.7 

Reference [5] 0.973 0.935 4.53 18.1 

From Table 5, the HT-SVM model performed well in 

predicting financial risks in manufacturing enterprises. In 

the training and testing sets, the accuracy of HT-SVM 

reached 96.3% and 94.3% respectively, significantly 

higher than most methods in references [1] to [5]. The 

accuracy of the testing set in reference [1] was 90.1%, 

while the performance of reference [2] dropped more 

significantly, being only 88.5%. Although reference [3] 

had an accuracy of 93.1% in the testing set, the IR was 

5.41, indicating its shortcomings in handling imbalanced 

samples. Furthermore, the IR of HT-SVM was 1.00, 

which was lower than that of all references, indicating that 

this model had a better ability to deal with class imbalance. 

Meanwhile, HT-SVM also performed well in prediction 

time, requiring 8.4 seconds. Compared with other 

methods, it had certain advantages. This series of 

outstanding performance indicators indicate that HT-SVM 

effectively enhances accuracy and efficiency in financial 

risk prediction tasks and has strong practical value. 

4 Discussion 
Based on the above experimental results, the HT-

SVM has better classification performance compared with 

GA-SVM, PSO-SVM and OVO-SVM. Furthermore, the 

number of classifiers of the research method when dealing 

with multiple datasets is lower than that of the other three 

algorithms, which indicates that HT-SVM can effectively 

reduce model complexity, save computing resources, and 

improve real-time performance. Meanwhile, HT-SVM 
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also outperforms other algorithms on IR, especially when 

dealing with highly imbalanced sample distributions. 

Through reasonable cost guidance and classifier design, 

HT-SVM can eliminate the impact brought by class 

imbalance while maintaining good prediction 

performance. HT-SVM can achieve better results mainly 

due to its unique hierarchical structure design and 

improved mapping mechanism. Compared with the 

traditional SVM, HT-SVM builds a binary tree structure, 

allowing each node to focus on handling the boundary 

between the minority class and the majority class. This not 

only alleviates the class imbalance, but also improves the 

expressive ability of the model. Meanwhile, by 

introducing nonlinear mapping and AOA, HT-SVM can 

better map the original data to the high-dimensional 

feature space and effectively capture complex patterns in 

the data. 

5 Conclusion 
In response to the financial data distortion, 

difficulties in integrating multi-source data, model lag, 

and supply chain financial crises, an improved HT-SVM 

algorithm was proposed for financial risk warning and 

control in listed manufacturing enterprises. The algorithm 

optimized parameter optimization speed and utilized 

hierarchical threshold adaptive enhancement to improve 

global and local exploration capabilities. The 

experimental results showed that among the six random 

samples, the lowest accuracy of the training set obtained 

through multiple training was 80.3649%, and the highest 

accuracy was 97.4658%. The lowest accuracy of the 

testing set was 85.3694%, the highest accuracy was 

96.7659%. The accuracy in training and testing sets was 

both above 80% and steadily increasing, indicating that 

the improved HT-SVM algorithm could maintain good 

accuracy in financial risk warning for manufacturing 

enterprises and improve the prediction accuracy. In the 

financial risk identification, 4 out of 5 enterprises could be 

identified in the 0-60 test set sample, with an accuracy of 

80%. In the 80-140 testing set sample, 5 out of 6 

enterprises could be identified, with an accuracy of 83.3%. 

Combining two types of risk samples, the overall 

prediction accuracy reached 81.8%, which could timely 

analyze the current business situation and take relevant 

measures to avoid financial risks when the enterprise 

predicted future risks. Although the research method has 

achieved certain results in the experiment, there are still 

certain limitations. For example, although combining 

Huffman trees with SVM improves the processing ability 

of imbalanced datasets, the complexity of the model 

increases the computational burden, which may pose a 

challenge to the applicability of ultra large scale 

application scenarios. Future research could focus on 

optimizing the model structure, reducing computational 

complexity to adapt to real-time application scenarios, and 

exploring integration with other machine learning 

algorithms to provide more flexible and efficient solutions 

for various types of data processing tasks. 
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As social media rapidly develops, network public opinion has become an important channel for reflecting 

social emotions, especially in emergencies and public opinion surges. To improve the accuracy of public 

opinion sentiment analysis, a network public opinion sentiment analysis model integrating improved 

TextRank algorithm is proposed. By introducing multidimensional features such as term frequency inverse 

document frequency, part of speech, and word position, the keyword extraction process is improved, and 

combined with deep learning, the accuracy of model classification is enhanced. The findings indicated 

that the accuracy of the proposed model on the test set reached 0.96, and the F1 values on the training 

and testing sets were 92.6% and 90.9%, respectively, demonstrating the advantages of this method in 

complex sentiment analysis tasks. In addition, the model proposed by the research performed well in the 

sentiment classification task of four network public opinion hotspots, with the highest accuracy rates of 

positive and negative sentiment classification reaching 98% and 96% respectively, a root mean square 

error as low as 0.176, and a mean absolute percentage error of only 0.081. The results indicate that the 

model has better fitting and generalization abilities in sentiment classification tasks. This not only 

provides an efficient technical solution for sentiment analysis of network public opinion, but also lays an 

important foundation for the intelligent development of social media public opinion monitoring systems. 

Povzetek: Model združuje večdimenzionalno utežen TextRank (TF-IDF, besedna vrsta, položaj; G1) z 

LSTM-pozornostjo za analizo sentimenta javnega mnenja. 

 

1 Introduction 
With the widespread use of social media, Network Public 

Opinion (NPO) has become an indispensable influencing 

factor in public events, especially in emergency situations 

where changes in public emotions can quickly spread and 

form a wide social impact [1]. The Sentiment Analysis 

(SA) of NPO, as an automated technology, has been 

widely utilized in fields such as public opinion guidance 

and sentiment prediction, and has become an important 

component of public opinion management [2]. SA 

technology has been broadly utilized in fields such as 

public opinion monitoring, consumer feedback analysis, 

and emotion prediction by classifying the emotional 

tendencies of online texts [3]. However, traditional SA 

methods often face noise interference and emotional 

diversity issues when dealing with complex and 

unstructured social media data. Therefore, how to extract 

effective emotional features from large-scale and complex 

network texts to improve the accuracy and robustness of 

SA has become a research focus in the current field of SA. 

Xu et al. used text analysis and sentiment calculation to 

identify fluctuating factors, and combined Granger 

causality test to screen key variables. Based on the grey 

prediction model, they constructed an optimized model 

that integrates public opinion fluctuations, significantly  

 

 

improving prediction accuracy on four types of emergency 

event data [4]. Xu et al. focused on typical campus public 

opinion events and used Latent Dirichlet Allocation 

(LDA) for topic extraction, combined with Sentiment 

Knowledge Enhanced Pre-training (SKEP) model to 

complete emotion classification. They revealed the 

evolution law of public opinion from two dimensions: 

spatiotemporal and population characteristics, providing 

theoretical support for campus public opinion governance, 

but still limited by model accuracy [5]. Qiu et al. used 

Python to preprocess text data and combined spectral 

clustering with LDA topic models to mine high-value 

topics from multiple sources of public opinion. They 

proposed a method based on spectral clustering algorithm. 

By means of visual analysis, the core issues were 

effectively identified, and the evolution of public 

emotions throughout the process of public opinion 

dissemination was mapped out [6]. Shackleford et al. 

proposed a fusion of an improved Valence Aware 

Dictionary And Sentiment Reasoner (VADER) dictionary 

with multiple classical machine learning algorithms, and 

constructed multiple hybrid models. After comparing and 

evaluating using standard performance indicators, it was 

found that the combination of VADER dictionary and 

medium Gaussian support vector machine performed the 
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best, showing significant advantages among the seven 

comparison schemes [7]. 

Table 1: Literature summary table. 

Authors Year Algorithms/Methods used Key results Limitations 

Xu et al. [4] 2023 Granger causality+Gray prediction model 

Improved the accuracy of 

predicting public opinion on 

unexpected events 

Dependent on accuracy of 

factor selection and 

Granger test assumptions 

Xu et al. [5] 2024 
LDA+SKEP sentiment classification+spatial-

temporal analysis 

Effectively identified emotional 

features of campus opinion 

Limited by current 
sentiment classification 

model accuracy 

Qiu et al. [6] 2022 Spectral clustering+LDA+visualization 
Identified core topics and 
emotional shifts in multi-source 

public opinion 

Limited scalability 

Shackleford 

et al. [7] 
2023 

Improved VADER+Medium Gaussian Support 

Vector Machine 

Achieved best performance in 7 

schemes 

Generalization to 

multilingual text not 
discussed 

Guda et al. 

[9] 
2023 TextRank method using FOX stop word list 

F1 is 16.59% and 14.22% 

respectively 

Limited robustness across 

datasets 

Lu et al. 

[10] 
2023 SciBERT+TextRank+DPCNN 

Optimized citation 

recommendation system 

Dependent on external 
vocabulary knowledge 

base 

Zhili et al. 

[11] 
2024 SSA-optimized BiLSTM 

The model evaluation results are 
highly consistent with manual 

scoring 

Limited scope of 

application 

Li et al. [12] 2024 GCN+BiLSTM 
Significantly improve deep 
question answering 

performance 

Model structure may 
increase training cost and 

data dependency 

 

Recently, the combination of keyword extraction and 

deep learning methods has gradually become a research 

hotspot in SA. The TextRank algorithm, an unsupervised 

learning method based on graph ranking, has obtained 

notable achievements in tasks such as keyword extraction 

and text summarization [8]. Guda et al. compared and 

analyzed the performance of fast automatic keyword 

extraction algorithm and TextRank algorithm under 

different stop word lists. The findings denoted that the 

TextRank method using FOX stop word list had the best 

performance, with F1 values of 16.59% and 14.22% on 

text and speech data, respectively [9]. Lu et al. proposed a 

Scientific Bidirectional Encoder Representation from 

Transformers (SciBERT) model that integrates 

vocabulary database knowledge. This method combined 

TextRank to automatically extract literature topics and 

used Deep Pyramid Convolutional Neural Networks 

(DPCNN) to construct a scientific paper semantic 

representation and citation recommendation system. 

Findings denoted that the model achieved optimal 

performance in a single WordNet fusion [10]. In addition, 

Zhili et al. proposed a deep learning-based method for 

evaluating semantic similarity of English translation 

keywords. Firstly, the keywords in the translated text were 

extracted using the co-occurrence algorithm, and the 

Sparse Search Algorithm (SSA) was used to adjust the 

network weights. A Bidirectional Long Short-Term 

Memory (BiLSTM) neural network model optimized by 

SSA was constructed. The experimental data showed that 

the sentence similarity evaluation results obtained by this 

method were highly consistent with the manual 

professional rating [11]. Li et al. proposed a hybrid neural 

network model that integrates Graph Convolutional 

Network (GCN) and BiLSTM, introducing dual attention 

and gating mechanisms, and optimizing the joint 

expression of document and graph structures through 

contrastive learning. The experimental verification on the 

HotpotQA dataset showed that this method could 

effectively improve the performance of deep problem 

solving [12]. The research methods, core achievements, 

and existing problems of the literature have been 

summarized and organized, as shown in Table 1. 

Based on Table 1, although research in this field has 

been progressing steadily, especially in the application of 

keyword extraction and deep learning models. However, 

traditional TextRank algorithms and other methods still 

have certain limitations, especially in terms of improving 

sentiment classification accuracy and model 

generalization ability. In view of this, an NPO SA model 

integrating improved TextRank algorithm is proposed, 

which enhances the ability to extract sentiment keywords 

by introducing multidimensional features such as Term 

Frequency Inverse Document Frequency (TF-IDF), part of 

speech, and word position for keyword extraction. Unlike 

previous graph sorting methods that used static weights or 

single feature initialization, G1 weighting can 

dynamically adjust the contributions of each feature and 

enhance the sensitivity of keyword extraction to complex 

emotional expressions. On this basis, the model utilizes 

Long Short-Term Memory (LSTM) networks to capture 

context dependent structures and introduces attention 

mechanisms to weight and aggregate key information, 

thereby enhancing the accuracy and robustness of 

sentiment discrimination. Not only does it form a highly 

coupled linkage mechanism of "keyword extraction 

emotion discrimination" in the model structure, but it also 

demonstrates strong cross topic adaptability and model 

interpretability through empirical verification in multiple 

public opinion hot topic tasks. The research aims to bridge 

the gap between graph sorting methods and deep models, 

improve the comprehensive performance of NPO SA, and 
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provide a more practical new technological path for social 

media sentiment recognition in complex contexts. 

2 Methods and materials 

2.1 Improved textrank keyword extraction 

algorithm 

The traditional TextRank algorithm usually assigns the 

same initial weight to all candidate word nodes in the 

keyword extraction process, ignoring the significant 

differences in semantic structure and text distribution of 

words, resulting in certain generalization limitations in 

keyword recognition [13]. To address this issue, the study 

introduces three semantic related attributes: part of 

speech, word position, and TF-IDF value, and constructs 

a multidimensional feature matrix to comprehensively 

measure the importance of words. TF-IDF is a statistical 

feature weighting method that evaluates the importance of 

words in text by calculating term frequency (TF) and 

document frequency [14]. Among them, TF reflects the 

frequency of words in the current text, while inverse 

document frequency (IDF) measures their scarcity in the 

corpus. The importance of the word is contingent upon the 

magnitude of the product value. The expressions for TF 

and IDF are shown in equation (1) [15]. 
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In equation (1), 
,t df  refers to the amount of times the 

word t  appears in document d , N  represents the total 

amount of documents in the corpus, and 
tn  represents the 

amount of documents containing the word t . The TF-IDF 

value is the product of TF and IDF, as shown in equation 

(2). 
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In equation (2), D  means the collection of all 

documents in the entire corpus. The importance of 

keywords is often determined by multiple heterogeneous 

features, such as word frequency intensity, sentence 

position, and part of speech category. The impact of these 

three attributes on the salience of keywords varies in 

different contexts. Compared with traditional fixed weight 

allocation or simple arithmetic mean methods, the G1 

dynamic weighting algorithm can adaptively adjust 

weights based on the distribution characteristics of 

features in the dataset, thereby more accurately 

characterizing the actual contribution value of each feature 

in semantic representation. Therefore, the study used the 

G1 weighting method to weight the differences among the 

three types of attributes, calculate the comprehensive 

weight of each word, and use it as the initial score input 

for graph nodes in the improved TextRank algorithm to 

enhance the semantic sensitivity of keyword ranking. The 

G1 weighting method is a subjective objective fusion 

method for determining weights, which utilizes the degree 

of difference between adjacent indicators to determine 

weights and avoid subjective settings. The difference 

sequence between indicators is calculated as denoted in 

equation (3) [16]. 
1
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In equation (3), 
,i ja  represents the value of the i th 

sample on the j th attribute, and n  represents the total 

amount of samples. 
jc  represents the degree of difference 

of the j  th attribute, which is used to measure the 

magnitude of its variation in the sample. Then, the relative 

weight is calculated, as shown in equation (4). 
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In equation (3), 
j  denotes the weight of the j th 

indicator, and 
3

1 kk
c

=  represents the sum of all attribute 

differences, used for normalization. 3 represents the total 

number of attributes, including TF-IDF, part of speech, 

and word position. After integrating attributes and 

weights, the initial rating for each word is obtained, as 

shown in equation (5). 

1 2 3-TF IDF loc pos   =  +  +             (5) 

In equation (5),   represents the comprehensive 

weight, while 
1 , 

1 , and 
3  are the weights of TF-IDF, 

word position, and part of speech, respectively. loc  and 

loc  respectively represent word position features and part 

of speech features. The comprehensive weight attributes 

are shown in Figure 1. 

Comprehensive 

weight
Word position Part of speech

Comprehensive weight

First 

sentence

Last 

sentence

Middle 

sentence Noun Adjective Verb 

VN

 

Figure 1: Schematic diagram of comprehensive weight attributes. (Source from: Author's self drawn) 
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In Figure 1, the comprehensive weights are 

constructed from three aspects: TF-IDF value, word 

position, and part of speech. The TF-IDF value 

corresponds to its weight, and the word position feature 

weight is divided into the first sentence, last sentence, and 

middle sentence according to the position in the sentence. 

The weight of part of speech features includes nouns, 

verbs, and adjectives. The G1 weighting method is used to 

determine the comprehensive weights of three attributes, 

which are used as the initial weights for keyword 

extraction in the TextRank algorithm. The improved 

TextRank (I-TextRank) algorithm is obtained, and the 

expression is denoted in equation (6). 
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= −  +            (6) 

In equation (6), ( )iS   represents the final weight,   

represents the damping coefficient, generally set to 0.85, 

j  is the input node of 
i , ( )iIn   stands for the set of all 

nodes pointing to 
i , and ( )jOut   indicates the set of all 

output nodes pointing to 
j . The overall process of the I-

TextRank algorithm is denoted in Figure 2. 

In Figure 2, the input text is first preprocessed, 

including TF-IDF value calculation of words, position 

feature extraction, and part of speech tagging. After 

completing the three features, the G1 weighting method is 

used to calculate the comprehensive weights and generate 

the initial weights for each word. Based on these weights, 

the algorithm constructs an I-TextRank graph structure 

and performs iterative calculations to determine word 

importance through node ranking. After the graph sorting 

is completed, the algorithm filters candidate words based 

on a preset threshold, sorts them by score, and outputs the 

final keyword list. 

2.2 NPO sentiment analysis model 

Integrating I-TextRank and LSTM-

attention 

The development process of NPO is not only driven by 

information dissemination mechanisms, but also by the 

combined effect of public attitudes and media reactions, 

forming a dynamic chain of "information diffusion-social 

response-public opinion evolution". The generation of 

public opinion is not a single dimensional dissemination 

phenomenon, but a collective construction process of risk 

perception under multi-party interaction. The social risk 

evolution of NPO in emergencies is shown in Figure 3 

[17]. 
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Construction of I-

TextRank Graph Model
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tagging processing

 

Figure 2: I-TextRank algorithm process. (Source from: Author's self drawn) 
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Figure 3: The social risk framework of NPO. (Source from: Author's self drawn) 
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Figure 4: LSTM-Attention structure. (Source from: Author's self drawn) 

 

Figure 3 shows the social amplification process of 

NPO triggered by emergencies, including three main 

stages: information dissemination path, amplification 

mechanism, and social feedback mechanism. After an 

emergency occurs, relevant information is transmitted to 

the public through the dissemination chain, with the 

government, media, and the public forming the initial 

amplification station, playing a core role as the main body 

of information diffusion in characterizing risk events. 

Subsequently, risk information triggers government 

response and public emotional reactions, and this social 

feedback process is further amplified by media coverage 

and public behavior, ultimately forming public opinion 

fluctuations in cyberspace. SA has become an important 

tool for understanding and grasping changes in public 

sentiment in this complex and dynamic public opinion 

environment. Research extracts keywords based on I-

TextRank and constructs a classification model using deep 

learning techniques for sentiment polarity analysis. 

Firstly, the LSTM network is employed for the purpose of 

binary classification, with the objective of discriminating 

positive and negative emotions. Subsequently, AM is 

introduced with a view to optimizing the model's ability to 

capture key emotional information and to improve overall 

performance. The LSTM-Attention structure is denoted in 

Figure 4 [18]. 

In Figure 4, the LSTM-Attention model sequentially 

inputs sequence data 
1x , 

2x , 
3x , 

4x , and performs 

temporal processing through LSTM units to generate 

hidden state vectors 
1h , 

2h , 
3h , 

4h  and corresponding 

outputs 
1y , 

2y , 
3y , 

4y . 
th  represents the hidden state 

vector at the t -th time step. These outputs are processed 

through an attention mechanism layer, which calculates 

the correlation score between each vector and the global 

context, assigns different attention weights, and then 

weights 
1y , 

2y , 
3y , and 

4y  to obtain the final context 

aware representation as the model output. LSTM receives 

the embedded vector sequence and outputs the hidden 

state sequence as shown in equation (7) [19]. 

1( , )t t th LSTM e h −=                          (7) 

In equation (7), 
te  represents a low dimensional word 

vector. To weight each hidden state, the model introduces 

an AM to calculate the attention score for each time step. 

The expression for calculating attention score is shown in 

equation (8). 

tanh( )t u t uu h b= +                         (8) 

In equation (8), 
tu  represents the attention score 

vector of the t  th time step, 
u  represents the trainable 

weight matrix, and 
tu  is the bias vector, which increases 

the expressive power of the model. After normalization, 

the attention weight of each time step can be normalized 

to the relative importance of the current hidden state in 

sentiment classification, as expressed in equation (9). 
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In equation (9), 
A  denotes the attention weight, u

 

refers to the trainable context vector, T

tu u  represents the 

dot product of the attention score vector and the context 

vector, T  represents the total length of the sequence. It is 

imperative to normalize all time-step attention scores, 

thereby ensuring that the sum of the weights is equal to 

one. To obtain the final weighted hidden state, the 

attention weights are utilized to weight and sum the hidden 

states of all time steps, as shown in equation (10). 

1

T

A t

t

v h
=

=                                (10) 

In equation (10), v  represents sentence sentiment 

representation that integrates attention information. 

Finally, the hidden states weighted by the AM are input 

into the fully connected layer, and the probability 

distribution of each emotion category is calculated using 

the softmax function, as denoted in equation (11). 

ˆ softmax( )c cy v b= =                      (11) 
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Figure 5: The overall architecture of the I-TextRank-based sentiment analysis framework. (Source from: Author's self 

drawn) 

 

In equation (11), the probability distribution vector of 

the emotion category predicted by the ŷ  model represents 

the probability that the sentence belongs to each category. 

c  means the weight matrix, and 
cb  means the bias 

vector. Finally, the cross-entropy loss function is used as 

the optimization objective, as expressed in equation (12). 

1

ˆlog( )
C

i i

i

L y y
=

= −                        (12) 

In equation (12), L  means the total loss value, C  

means the number of categories, 
iy  represents the unique 

heat vector of the true label, and ˆ
iy  means the prediction 

probability. The process of integrating I-TextRank and 

LSTM-Attention for NPO SA is shown in Figure 5. 

In Figure 5, the emotion classification process mainly 

includes two core stages, namely sentence feature 

extraction and deep neural network classification. In the 

feature extraction stage, the input original sentence is first 

used to extract keywords through the I-TextRank 

algorithm. The original sentence and the extracted 

keywords are jointly input to the word embedding module 

and converted into a sequence of word vectors. Then, the 

word vector sequence is input into the LSTM network for 

sequence modeling, further capturing the contextual 

semantic relationships in the sentence and generating a 

complete sentence vector. Finally, the sentence vector is 

fed into a deep neural network classifier, which consists 

of a fully connected neural network structure with 256 

input nodes and 128 hidden nodes, and outputs a 

classification result node to determine the emotional 

category. 

3 Results 

3.1 I-TextRank performance test 

To verify the performance of I-TextRank, the Weibo 

Sentiment dataset was selected for experimental testing. 

This dataset was constructed by collecting public opinion 

data from Sina Weibo, a major Chinese microblogging 

platform. The data comes from popular topics and search 

events within two months, covering daily social 

discussions and emergency public events. The topic 

selection process involved keyword frequency analysis, 

real-time hot topic crawling, and manual filtering to 

ensure relevance and representativeness. In the data 

preprocessing stage, Jieba word segmentation tool was 

used for Chinese word segmentation, while removing stop 

words and noisy characters. The processed text was 

converted into Word2Vec word vector representation. In 

the emotional annotation process, the initial sentiment 

polarity annotation was first performed based on a rule-

based sentiment dictionary, and then independently 

verified manually by three professional annotators to 

ensure the accuracy and consistency of the annotation 

results. For annotation cases with differences, the majority 

voting mechanism was used for final judgment. The final 

constructed Weibo sentiment dataset contained 5000 

annotated samples, with a balanced distribution of positive 

and negative sentiment categories. The model parameter 

configuration is shown in Table 2. 

Based on the parameter configuration in Table 2, to 

verify the contribution of each component of the G1 

weighting method and model structure to the overall 

performance, a ablation experiment was designed to 

compare the performance of four keyword extraction 

strategies in sentiment classification tasks. The results are 

shown in Table 3. 

Table 2: Hyperparameter settings. 

Hyperparameter Value 

Input size 256 

Hidden units 128 

Output size 2 

Batch size 32 

Learning rate 0.001 

Dropout rate 0.5 

Iterations 300 

Data set Weibo Sentiment 
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Table 3: Results of ablation experiment. 

Model variant Accuracy (%) F1 value (%) 

TextRank (Baseline) 88.2 86.5 

TextRank-TF-IDF 90.5 88.3 

TextRank-Equal weights 91.2 89.0 

I-TextRank 96.3 90.9 

0.1

0

0.2

0.3

0.5

Iterations

L
o

ss

0

0.4

(b) Text set

0

(a) Training set

TextRank

DRMM

I-TextRank

0.04 0.03
0.1

0.2

0.3

0.5

0

0.4

L
o

ss
Iterations

50 100 150 200 250 300 50 100 150 200 250 300

TextRank

DRMM

I-TextRank

 

Figure 6: Loss function variation curve. (Source from: Author's self drawn) 

 

From Table 3, there were significant differences in the 

performance of the four models in sentiment classification 

tasks. TextRank, as the basic model, had an accuracy of 

88.2% and an F1 value of 86.5%, showing the worst 

performance. This indicates that without introducing any 

feature weighting mechanism, its keyword ranking results 

have limited support for sentiment discrimination. After 

introducing TF-IDF as the unique feature into the initial 

score, the performance of the TextRank TF-IDF model 

significantly improved, with an accuracy of 90.5% and an 

F1 value of 88.3%, verifying the positive role of word 

frequency information in keyword importance evaluation. 

On this basis, by further introducing language structure 

features such as part of speech and word position and 

assigning equal weights, the model performance was 

further improved to an accuracy of 91.2% and an F1 value 

of 89.0%, indicating that multi-feature fusion helps to 

improve the quality of keyword ranking. The final 

proposed I-TextRank model adopted the G1 weighting 

strategy for differentiated fusion of three types of features, 

achieving the highest accuracy of 96.3% and F1 value of 

90.9%, significantly better than other models, fully 

demonstrating the significant effect of the G1 weighting 

mechanism in improving the semantic sensitivity of 

keyword recognition and optimizing sentiment 

classification performance. In the comparative 

experiment, with a maximum iteration of 300, the 

proposed model was compared and tested with traditional 

TextRank and Deviation Rule Markov Model (DRMM) 

[20]. The change in loss function is shown in Figure 6. 

Figures 6 (a) and 6 (b) respectively show the curves 

of the loss functions of three algorithms on the dataset as 

a function of iteration times. In Figure 6 (a), as the number 

of iterations increased, the I-TextRank decreased the 

fastest and the curve was relatively stable. After the 200th 

iteration, it tended to stabilize and eventually dropped to 

the lowest value of about 0.04, significantly better than the 

other two models. Although DRMM and TextRank could 

also achieve a certain degree of loss reduction, their 

overall decline rate was slower, their fluctuations were 

greater, and their final convergence level was higher than 

I-TextRank, indicating poor fitting performance on the 

Levy function. In Figure 6 (b), I-TextRank also showed 

significant advantages. Although there were some 

fluctuations in the initial stage, compared to DRMM and 

TextRank, its convergence was smoother and faster. The 

final loss value of I-TextRank decreased to 0.03, while 

DRMM and TextRank still had significant fluctuations in 

the later stages of iteration, and the lowest loss value was 

still higher than I-TextRank, indicating weak 

generalization ability. The study used the Weibo 

Sentiment dataset, which was segmented into a training set 

and a testing set in an 8:2 ratio. The classification accuracy 

of the three models on the dataset was tested, and the 

outcomes are denoted in Figure 7. 
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Figure 7: Classification accuracy of three models on datasets. (Source from: Author's self drawn) 

Table 4: Multiple indicator test results. 

Data set Model Precision/% Recall/% F1/% 

Training dataset 

DRMM 77.3 79.1 78.7 

TextRank 86.5 85.5 84.2 

I-TextRank 93.4 91.9 92.6 

Test dataset 

DRMM 79.8 77.9 78.8 

TextRank 88.1 87.1 86.5 

I-TextRank 91.7 91.1 90.9 

 

Figures 7 (a) and 7 (b) respectively show the trends of 

the accuracy of the three models on the training and testing 

sets as a function of the number of iterations. Overall, the 

I-TextRank model performed better than TextRank and 

DRMM on both datasets, demonstrating its stronger fitting 

ability and better generalization performance. In Figure 7 

(a), all three models had low accuracy in the initial stage. 

The I-TextRank quickly increased to 0.75 after the 50th 

iteration, reached above 0.95 in the 100th iteration, and 

remained at 0.96 thereafter. The accuracy of the TextRank 

model remained stable at 0.88, with a slightly slower 

convergence speed but still acceptable stability. The 

DRMM model showed the smallest improvement, with an 

accuracy rate of around 0.79 after the 100th round and 

slight fluctuations in the later stages, indicating its limited 

ability to fit the training set. In Figure 7 (b), the accuracy 

of I-TextRank remained stable at 0.97 after the 100th 

round, indicating that the model did not exhibit significant 

overfitting and had strong generalization ability. The 

accuracy of the TextRank model on the test set was 

slightly lower than that on the training set, at 0.82, which 

was almost consistent with the trend of the training set. 

However, the overall accuracy was low, further verifying 

its shortcomings in extracting key emotional features. The 

study conducted another comparison using precision, 

recall, and F1 value as indicators, and the test findings are 

denoted in Table 4. 

According to Table 4, on the training set, the precision 

of I-TextRank reached 93.4%, the recall rate was 91.9%, 

and the F1 value was 92.6%, significantly higher than 

TextRank and DRMM. This indicated that I-TextRank 

could better capture emotional key features during the 

model learning stage, improving the accuracy and stability 

of classification. On the test set, I-TextRank also 

performed well, with an F1 value of 90.9%, far higher than 

TextRank's 86.5% and DRMM's 78.8%. In addition, 

although TextRank performed better than the training set 

on the test set, it was still significantly lower than I-

TextRank, indicating that I-TextRank not only has strong 

fitting ability in the training stage, but also has stronger 

generalization ability and robustness. Overall, I-TextRank 

outperformed the comparison model in precision, 

coverage, and overall performance, indicating that the 

strategy of introducing multidimensional weights and G1 

weighting to improve the initial node score can effectively 

enhance the semantic sensitivity of keyword extraction 

and sentiment discrimination, and is suitable for NPO SA 

tasks. 

3.2 Application effect of NPO sentiment 

analysis model integrating I-TextRank 

After conducting performance tests on I-TextRank, the 

study used four different fields of public opinion hotspots, 

namely AI fraud, college entrance examination reform, 

short drama money grabbing chaos, and US-China 

relations. The raw online data for each topic was collected 

through Sina Weibo, news portals, and forum discussions. 

The data has undergone cleaning, duplicate data removal, 

and sentiment annotation. For each hotspot, 

approximately 2000 samples were compiled and manually 

labeled as positive or negative emotions through a semi-

automatic process. 
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Figure 8: Classification accuracy results under different hotspots. (Source from: Author's self drawn) 

Table 5: Classification error results under different hotpots. 

Hot topics in public opinion Model RMSE MAPE 2R  

Hotpot 1 

CNN-SVM 0.215 0.123 0.892 

PERT-BiLST-Att 0.195 0.105 0.912 

I-TextRank 0.176 0.083 0.932 

Hotpot 2 

CNN-SVM 0.221 0.135 0.885 

PERT-BiLST-Att 0.205 0.119 0.901 

I-TextRank 0.175 0.079 0.926 

Hotpot 3 

CNN-SVM 0.238 0.151 0.878 

PERT-BiLST-Att 0.211 0.122 0.909 

I-TextRank 0.192 0.085 0.919 

Hotpot 4 

CNN-SVM 0.231 0.148 0.874 

PERT-BiLST-Att 0.205 0.113 0.911 

I-TextRank 0.185 0.081 0.921 

 

The emotional category analysis ability of the four 

models was further validated through network data 

collection and processing. The NPO SA model based on 

I-TextRank proposed by the research was compared and 

analyzed with the mixed Convolutional Neural Network 

and Support Vector Machine (CNN-SVM) model [21], as 

well as the SA model that integrates Pretrained 

Embedding-Bidirectional Long Short-Term Memory-

Attention (PERT-BiLST-Att) [22]. AI fraud, college 

entrance examination reform, short drama money circle 

chaos, and China-US relations are recorded as hotspot 

1~hotspot 4 respectively, and the classification accuracy 

is shown in Figure 8. 

Figures 8 (a) and 8 (b) show the ROC curves of three 

models on four different public opinion hotspots, 

respectively. Performance evaluations were conducted on 

each hotspot, and the classification performance of the 

models was quantified using AUC. In Figure 8 (a), the I-

TextRank model consistently outperformed the other two 

models in the four public opinion hotspots, especially in 

the classification of positive emotions, with an accuracy 

rate of almost 100%. On the four hotspots, the positive 

emotion classification accuracy of I-TextRank was 98%, 

96%, 95%, and 94%, respectively. PERT-BiLST-Att 

performed relatively stable on these hotspots, with an 

accuracy rate of around 90% for positive emotion 

classification. In Figure 8 (b), the accuracy of the I-

TextRank model in classifying negative emotions in four 

public opinion hotspots was 96%, 95%, 93%, and 92%, 

respectively. The accuracy of PERT-BiLST-Att's negative 

emotion classification remained above 80%, 

demonstrating its relative advantage in emotion 

classification. However, the performance of CNN-SVM 

was relatively lagging behind, with significantly lower 

classification accuracy for both positive and negative 

emotions compared to I-TextRank and PERT-BiLST-Att. 

Especially in negative emotion classification, its accuracy 

was relatively low. The study selected Mean Absolute 

Percentage Error (MAPE), Root Mean Square Error 

(RMSE), and Fit Coefficient 2R  as evaluation metrics to 

compare the error results of different models. The findings 

are denoted in Table 5. 
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Figure 9: ROC curves of different models under different hotpots. (Source from: Author's self drawn) 

Table 6: Cross-validation performance. 

Fold Accuracy (%) F1 value (%) AUC 

1 96.0 90.7 0.9335 

2 95.6 90.2 0.9361 

3 95.8 90.4 0.9378 

4 96.2 91.0 0.9354 

5 95.6 90.2 0.9382 

Average value 95.8 90.5 0.9362 

Standard deviation 0.24 0.29 0.0017 

 

From Table 5, the I-TextRank model had the best 

error performance in all four hotspots, consistently 

showing the lowest RMSE and MAPE, as well as the 

highest 2R  value, indicating that the model had strong 

fitting and generalization abilities in sentiment 

classification tasks. Among them, on hotspot 1, the RMSE 

of I-TextRank was 0.176, MAPE was 0.083, and 2R  was 

0.932, all of which were better than the other two models. 

PERT-BiLST-Att closely followed, with three indicators 

of 0.195, 0.105, and 0.912, while CNN-SVM had weaker 

performance, with with three indicators of 0.215, 0.123, 

and 0.892. On Hotspot 2, I-TextRank also demonstrated 

strong performance, with with three indicators of 0.175, 

0.079, and 0.926. The performance of PERT-BiLST-Att 

was relatively stable, with with three indicators of 0.195, 

0.105, and 0.912. The three indicators of CNN-SVM were 

0.220, 0.119, and 0.885, indicating relatively low 

performance. On Hotspot 3 and Hotspot 4, I-TextRank 

maintained the lowest RMSE and MAPE, while 2R  had 

the highest, at 0.919 and 0.921 respectively, 

demonstrating its powerful ability in these complex SA 

tasks. In contrast, CNN-SVM and PERT-BiLST-Att 

performed poorly. The Area Under ROC Curve (AUC) 

results obtained from testing on four hot topics are shown 

in Figure 9. 

Figures 9 (a), 9 (b), 9 (c), and 9 (d) show the ROC 

curves of three models on four different public opinion 

hotspots. Performance evaluations were conducted on 

each hotspot, and the classification performance of the 

models was quantified by Area Under the Curve (AUC). 

In Figure 9 (a), the I-TextRank model performed the most 

outstandingly, with an AUC value of 0.9453, far 

exceeding the other two models, demonstrating its 

superior performance in handling this public opinion 

hotspot. The AUC values of PERT-BiLST-Att and CNN-

SVM were 0.9178 and 0.8465, respectively, indicating a 

certain gap compared to I-TextRank. In Figure 9 (b), I-

TextRank still performed the best with an AUC of 0.9387. 

The AUC value of PERT-BiLST-Att was 0.9242, while 

the performance of CNN-SVM was still low, with an AUC 

value of 0.8846. The curves of I-TextRank and PERT-

BiLST-Att showed a significant difference in the false 

positive rate range, further demonstrating the excellent 

performance of I-TextRank in this hotspot. In Figures 9 

(c) and 9 (d), I-TextRank consistently demonstrated strong 

performance, with AUC values of 0.9444 and 0.9421, 

respectively, consistently at its optimal position. The AUC 

values of PERT-BiLST-Att were 0.9167 and 0.9136 in 

hotspot 3 and hotspot 4, respectively, maintaining a 

relatively stable performance. The AUC value of CNN-
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SVM was the lowest, with AUC values of 0.8957 and 

0.8913 for hotspot 3 and hotspot 4, respectively, indicating 

its weaker performance on these hotspots. From this, it can 

be seen that the I-TextRank curve is almost entirely above 

the other two curves, indicating that it can better 

distinguish between positive and negative samples. To 

avoid overfitting of the model and verify its generalization 

ability under different data partitions, a five-fold cross 

validation experiment was conducted on the dataset, and 

the results are shown in Table 6. 

From the results in Table 6, the I-TextRank model 

performed stably in various performance indicators in the 

five-fold cross validation, with minimal fluctuations and 

good generalization ability and robustness. The accuracy 

fluctuated between 95.6% and 96.2%, with a mean of 

95.8% and a standard deviation of only 0.24%, indicating 

that the model has very little difference in classification 

performance under different training test partitions. The 

average F1 value was 90.5%, with a standard deviation of 

0.29%, indicating that the model's ability to distinguish 

positive and negative emotions remains stable. The AUC 

value remained above 0.9335 in all compromises, with the 

highest reaching 0.9382 and an average of 0.9362, with a 

standard deviation of only 0.0017, further demonstrating 

the model's strong discriminative ability on different 

subsets. The overall results indicate that the model does 

not have overfitting issues for a certain data partition, and 

its performance is not accidentally high, but has stability 

and universality at the structural level. Therefore, the 

proposed feature fusion and weighting mechanism is 

effective and reliable in sentiment classification tasks. 

4 Conclusion 
An SA model that integrates I-TextRank and LSTM-

Attention was proposed to address the limitations of 

existing SA methods in keyword extraction and sentiment 

classification accuracy. By combining the advantages of I-

TextRank in keyword extraction stage with the contextual 

modeling ability of LSTM-Attention model, the 

performance of sentiment feature extraction and 

classification was effectively enhanced. The performance 

test results of I-TextRank showed that its accuracy on the 

test set was 0.96, and its F1 value was as high as 90.9%. 

From this, I-TextRank outperformed the comparison 

model in terms of iterative convergence speed, training 

fitting ability, and testing generalization performance, 

demonstrating the advantages of this model in NPO SA 

tasks. When conducting SA on four public opinion 

hotspots, namely AI fraud, college entrance examination 

reform, short drama money grabbing chaos, and US-China 

relations, the accuracy of this model was the best among 

all tasks. It performed particularly well in the 

classification of positive and negative emotions, with the 

highest accuracy of positive and negative emotion 

classification in AI fraud, at 98% and 96% respectively. In 

terms of AUC values, this model outperformed the other 

two models, with the highest AUC value of 0.9448 in the 

hot topic of short drama money making chaos, 

demonstrating the strong advantage of this model in 

handling complex public opinion data. The results 

demonstrated that the proposed model had significant 

merits in improving the semantic sensitivity of keyword 

extraction and sentiment classification, and could 

effectively enhance the accuracy and stability of public 

opinion SA tasks. There are also certain limitations in the 

research. The I-TextRank algorithm relies heavily on the 

keyword extraction process, and for some texts with subtle 

or complex emotional expressions, there may still be 

insufficient accuracy in extraction. Future work could 

attempt to introduce cross domain transfer mechanisms to 

enable models to adapt to emotional distribution 

differences across different themes, contexts, and social 

platforms, enhancing their cross-scenario robustness. 

Second, considering extensions to multilingual text 

processing scenarios, especially for resource-poor 

languages, model applicability is enhanced through 

multilingual embedding or cross-language transfer 

learning. At the same time, multimodal data is further 

integrated to enhance the model's comprehensive 

perception ability of emotional signals and improve the 

recognition effect of complex semantics, ironic 

metaphors, and other emotional forms. 
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Underwater images are often affected by various degradation phenomena, such as low contrast, blurred 

details, color distortion, poor clarity, non-uniform illumination, and limited viewing distance. To address 

these issues, this paper proposes a cascaded composite neural network for underwater image 

enhancement, which incorporates a deep learning-based routing mechanism. Three individual neural 

networks, namely UWCNN (UW), Deep Wave-Net (DW), and PUIE-Net (PU), are employed as core 

components, and a method library is constructed using pairwise superimposed serial composite 

enhancement models. This framework is designed to enhance degraded underwater images and 

investigate the performance of the composite models. Experimental evaluations are conducted using 

metrics including PSNR, SSIM, UIQM, and UCIQE. The results indicate that the representative composite 

neural network model DW-PU achieves favorable performance with indicators of 20.495 (PSNR), 0.874 

(SSIM), 3.270 (UIQM), and 0.897 (UCIQE), outperforming current mainstream underwater image 

enhancement models in certain aspects. Comparative analysis of images enhanced by multiple methods 

reveals that, in most underwater scenarios, the DW-PU model can effectively correct the color of 

degraded underwater images, making them more suitable for observing underwater conditions. 

Povzetek: Članek predlaga kaskadni kompozitni nevronski model z učečim usmerjanjem, ki združuje 

UWCNN, Deep Wave-Net in PUIE-Net za izboljšavo podvodnih slik. 

 

1 Introduction 
Clear and high-quality underwater images are critical for 

deep-sea topographic surveys and seabed resource 

investigations, and they have been widely applied in fields 

such as underwater target identification and detection [1]. 

However, due to the influence of the special underwater 

environment, underwater images are often subject to 

degradation, which severely impairs their imaging quality 

and recognition performance. Consequently, there is an 

urgent need for underwater image enhancement 

technologies to restore degraded underwater images and 

obtain clearer ones. 

In recent years, numerous scholars have conducted 

research on underwater degraded image enhancement 

technologies and proposed various methods, among which 

deep learning methods are the most prevalent, as 

exemplified in [2-18]. 

Chen et al. [15] proposed an underwater image 

enhancement framework based on self-attention and 

contrastive learning (UIESC) to address the issues of low 

contrast, color distortion, and blurred details. Local 

features and global dependencies are constructed through  

 

spatial and channel dual attention, while crisscross  

attention is utilized to mitigate the high computational 

complexity of self-attention. Finally, smoothed histogram 

equalization is employed for further optimization to adapt 

to complex and variable underwater scenes. Zhou et al. 

[16] put forward an efficient and fully guided information 

flow network (UGIF-Net) for underwater image 

enhancement. This network accurately approximates color 

information by integrating features from two color spaces 

within a unified framework. Subsequently, a dense 

attention block (DAB) is adopted to guide the network in 

thoroughly extracting color information from both color 

spaces while adaptively perceiving critical color 

information. Galdran et al. [17] leveraged the 

characteristic that the brightness of the dark channel 

decays rapidly in underwater images, taking the brightness 

value of the brightest pixel in the dark channel as the 

background light. Based on this, they derived the 

expression of transmittance and then estimated the 

undegraded underwater images through inverse 

transmittance transformation. Nevertheless, dehazing 

methods are ineffective for underwater image restoration 

due to color attenuation and blue (green) color tones 
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caused by the selective absorption of water and light 

scattering. Yang et al. [18] proposed a new underwater 

image restoration method based on the idea of first 

removing color distortion and then eliminating 

background scattering, aiming to overcome the 

shortcomings of such methods. According to the 

attenuation characteristics of light in water, the 

transmittance of each channel is corrected using the 

relationship between the scattering coefficient and 

wavelength. 

Convolutional neural networks (CNNs) are among 

the most commonly used deep learning structures. CNN 

methods combined with physical models aim to obtain 

more accurate transmission maps through CNN networks, 

thereby generating better underwater images. Fu et al. [2] 

decomposed underwater image enhancement (UIE) into 

distribution estimation and consensus processes and 

proposed a novel probabilistic network (PUIE) that 

combines conditional variational autoencoders with 

adaptive instance normalization to construct enhanced 

distributions. The consensus process is then used to 

predict deterministic outcomes from a set of samples in 

the distribution. By learning the enhanced distribution, 

this method can, to a certain extent, cope with the bias 

introduced in the labeling of reference images. Li et al. [3] 

proposed an underwater image enhancement 

convolutional neural network (CNN) model based on 

underwater scene priors, named UWCNN. By combining 

an underwater imaging physical model with the optical 

properties of underwater scenes, they first synthesized 

underwater image degradation datasets covering a diverse 

range of water types and degradation levels. Then, a 

lightweight CNN model was designed for enhancing each 

type of underwater scene, which was trained using the 

corresponding training data. Finally, this UWCNN model 

was directly extended to underwater video enhancement. 

Sharma et al. [4] incorporated an attentive skip mechanism 

to adaptively refine the learned multi-contextual features. 

The proposed framework, called Deep Wave-Net, is 

optimized using traditional pixel-wise and feature-based 

cost functions. 

1.1  Research gaps 

In the field of underwater image enhancement, composite 

models systematically integrate the advantages of multiple 

individual models through innovative architectures that 

combine enhancement models in series. Such models have 

achieved significant breakthroughs in key technical areas 

including the restoration of underwater image clarity and 

the correction of color distortion thereby addressing 

existing limitations in these domains. Specifically, deep 

learning-based composite models can cascade Retinex 

theory-based image enhancement modules with 

Generative Adversarial Network (GAN) texture 

restoration modules, effectively mitigating the insufficient 

enhancement performance of traditional single models in 

complex aquatic environments and advancing the 

practical application of underwater visual processing 

technologies. Below is a detailed analysis to elaborate on 

our research motivation: 

 Single neural networks such as UWCNN and 

Deep Wave-Net predominantly adopt fixed 

architectures for feature extraction, limiting 

their ability to simultaneously capture the global 

color distribution and local details of underwater 

images. For example, while UWCNN integrates 

a physical model, its shallow network structure 

may fail to extract deep semantic features, 

leading to incomplete color correction in 

complex scenes. Similarly, although Deep 

Wave-Net’s skip connection mechanism enables 

multi-scale feature fusion, a single network 

lacks sufficient adaptability to the unique light 

attenuation patterns inherent in underwater 

environments.  

 Existing single models primarily rely on 

synthetic datasets, which struggle to fully 

simulate the complex degradation processes 

present in real underwater environments. For 

instance, the dataset used to train UWCNN may 

not include images of extremely turbid waters, 

resulting in limited generalization capabilities 

for the model in real-world scenarios. Although 

the composite model proposed in this paper 

combines multiple single models, it does not 

address the domain shift problem between 

training data and real-world scenes. 

 Underwater image enhancement requires 

simultaneous handling of multiple tasks, such as 

contrast enhancement, color correction, and 

noise reduction. Single models often utilize a 

single loss function for optimization, making it 

challenging to balance the objectives of each 

task. For example, optimizing solely for PSNR 

may lead to excessive image smoothing, causing 

the loss of texture details; conversely, focusing 

exclusively on color correction may neglect 

noise suppression. While the PU-DW model 

demonstrates superior performance in 

quantitative metrics, single models generally 

lack designs for multi-task collaborative 

optimization, thereby limiting improvements in 

comprehensive performance. 

The specific research contributions are as follows: 

 A cascaded composite model was proposed: 

To address the limitations of single neural 

networks in extracting features from underwater 

images, an innovative approach was developed 

to connect multiple individual models 

(including UWCNN, Deep Wave-Net, and 

PUIE-Net) into a composite neural network. By 

designing a cascaded architecture, each model is 

assigned specific tasks such as defogging, color 

correction, and contrast enhancement forming 

an orderly processing pipeline that enables 

multi-task collaborative optimization. This 

approach compensates for the inability of single 

models to simultaneously capture global color 

distribution and local details. 

 A learnable routing mechanism was 

implemented: A learnable routing mechanism 
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was integrated into the composite model 

architecture. Through training, this mechanism 

can automatically analyze characteristic 

information of input underwater images, 

including degradation degree, water quality, and 

lighting conditions. Based on these analyses, it 

adaptively selects processing paths across 

different single models and dynamically adjusts 

parameter combinations for each model, thereby 

formulating optimal enhancement strategies for 

diverse underwater scenarios.  
 Efficient processing of degraded images was 

achieved: By combining the cascaded 

composite model architecture with the learnable 

routing mechanism, the model’s computational 

processes and parameter configurations were 

optimized. On one hand, the advantages of 

individual models are leveraged to enable 

parallel processing, reducing computational 

redundancy. On the other hand, the learnable 

routing mechanism intelligently allocates tasks 

to avoid unnecessary computations. This 

approach significantly improves the processing 

efficiency of degraded underwater images 

without compromising enhancement 

performance. 

1.2 Objectives 

This study proposes a series - connected composite 

neural network for underwater image enhancement, 

aiming to achieve superior image enhancement 

performance. Experimental results demonstrate that, in 

complex underwater image enhancement scenarios, the 

series - connected composite network for underwater 

image enhancement outperforms other mainstream 

underwater image enhancement models. Furthermore, the 

systematic structure of this network allows for better 

integration of other underwater image enhancement 

algorithms, enhancing its extensibility. 

1.3 Contributions 

Existing methods in the field all utilize deep learning 

techniques to learn the mapping relationship between low 

- quality input images and high - quality output images. 

Despite differences in their specific implementations and 

technical details, these methods share a core objective: to 

effectively improve the quality of underwater images 

through deep learning. Building on three neural network 

methods UWCNN, Deep Wave - Net, and PUIE Net this 

study explores the feasibility of a Cascade-Based 

composite neural network and proposes a composite 

model based on these three networks. Experiments 

validate that the proposed composite model achieves 

better performance than the original individual models. 

The overall goal of this study is, based on the three 

existing underwater image enhancement neural network 

methods (UWCNN, Deep Wave - Net, and PUIE - Net), 

to explore the feasibility and effectiveness of composite 

neural networks in underwater image enhancement tasks. 

It intends to construct a model that can more efficiently 

address the problem of underwater image quality 

degradation, thereby improving the visual quality and 

application value of underwater images. 

Specific contributions are as follows: 

 A cascaded composite model is proposed. The 

underwater image enhancement models are 

concatenated and integrated to form a composite 

model. This architecture achieves the 

collaborative resolution of degradation 

problems through a staged processing 

mechanism. 

 A learnable routing mechanism is proposed. To 

tackle the issues of feature conflicts and 

computational redundancy in traditional serial 

structures, a gated feature routing module is 

developed. 

 Efficient processing of degraded images is 

realized. By integrating the composite model 

architecture with the learnable routing 

mechanism, the computing process and 

parameter configuration are optimized. This 

enables parallel processing to reduce 

redundancy, and tasks are intelligently allocated 

to avoid unnecessary computations, thus 

improving the efficiency of underwater image 

processing. 

2 Related work 
The PUIE-Net proposed in Reference [2] enhances 

the image's detail processing capability by optimizing 

edge detection and feature extraction through improved 

loss functions. The UWCNN introduced in Reference [3] 

adopts an architecture consisting of convolutional layers 

and pooling layers for underwater image processing. In 

Reference [4], the proposed Deep Wave-Net converts 

wavelength information into data features, aiming to 

perform processing from the perspective of fundamental 

intrinsic data characteristics. The UIESC presented in 

Reference [15] utilizes multi-scale convolution for feature 

extraction, enabling the acquisition of image information 

across different scales. The UGIF-Net proposed in 

Reference [16] generates and processes images based on 

the GAN framework, leveraging the adversarial 

mechanism to enhance image quality. Reference [19] 

introduces UColor, which employs deep learning 

algorithms to adjust RGB channels for color restoration. 
The UGAN proposed in Reference [20] generates 

enhanced images through a generator combined with prior 

knowledge, with the goal of optimizing images using such 

prior information. In Reference [21], SGUIE adopts a 

consistency loss and pseudo-label mechanism, aiming to 

effectively utilize unlabeled data. The CECF introduced in 

Reference [22] integrates a local contrast enhancement 

algorithm and a feature pyramid to fuse features of 

different scales, with the objective of improving the 

comprehensive processing effect of image features. 

Reference [23] presents Semi-UIR, which uses labeled 

data for training and combines pseudo-labels to jointly 

optimize the restoration of damaged images. The UIE-DM 

proposed in Reference [24] dynamically adjusts the 
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network structure and parameters via an environmental 

perception module to adapt to different environments. In 

Reference [25], HCLR-Net processes images by  

combining high-contrast learning and low-rank 

representation. Finally, the UIE-WD introduced in 

Reference [26] integrates image features based on 

weighted decision-making, achieving advantage 

integration through weighting. Table 1 Analysis of related 

work. 

3 Proposed work 

3.1 System method 

In our system, underwater degraded images are evaluated 

by the assessment module, which is designed to determine 

whether the input image is degraded. If classified as a 

normal image, it is directly output. Conversely, if the 

image is identified as degraded by the assessment module, 

it is forwarded to the routing module. Through the 

decision sub-module within the routing module, a 

sequential composite enhancement model from the 

method library is selected for the enhancement process. 

After enhancement, a processed image is generated, which 

then undergoes re-assessment by the image assessment 

module. If this image is judged to be normal, it is output; 

otherwise, it is redirected to the routing module for another 

round of image enhancement operations. The system 

flowchart is shown in Figure 1. 

3.2 Component description 

To achieve our cascaded composite neural network, we 

use multiple underwater image enhancement models as 

components. By connecting these components in series, 

we can form a composite neural network. Therefore, we 

need to analyze the relevant characteristics and functions 

of each component.  

 

Table 1: Analysis of related work 

Reference 
number 

Method Proposed method Limitation 

[2] PUIE-Net 
Improve the loss function to optimize edge  
detection and feature extraction 

It has high requirements for the dataset, and small samples are  
prone to overfitting 

[3] UWCNN 
Adopt a convolutional layer and pooling layer 

architecture 
It has poor adaptability to complex underwater environments,  

low algorithm efficiency and insufficient real-time performance 

[4] DeepWave-Net 
Convert wavelength information into data  
features 

The ability to handle unstructured data is limited and its  
universality is poor 

[15] UIESC 
Features are extracted using multi-scale  

convolution 
The semantic segmentation boundaries are ambiguous, and the  

recognition rate of small targets is low 

[16] UGIF-Net 
Dense attention block (DAB) The training is unstable, prone to mode collapse, and it is  

difficult to balance the realistic and diverse images 

[19] UColor 
Adjust the RGB channels using deep learning a

lgorithms 
The color recovery varies greatly with different water qualities  

and lacks an adaptive mechanism 

[20] UGAN 
The generator combines prior knowledge to  
generate enhanced images 

The training is unstable, prone to mode collapse, and it  is  
difficult to balance the realistic and diverse images 

[21] SGUIE 
Consistency loss and pseudo-labeling  

mechanism 
Unlabeled data has low utilization and the model converges  

slowly 

[22] CECF 
The local contrast enhancement algorithm  
fuses features of different scales with the  

feature pyramid 

Fusion is prone to losing details, which affects image quality 

[23] Semi-UIR 
Repair damaged images by training with  
labeled data and jointly optimizing with  

pseudo-labels 

The repaired area does not match the surrounding area well and 
the effect is unnatural 

[24] UIE-DM 
The environmental perception module  
dynamically adjusts the network structure and 

parameters 

The calculation is complex, the hardware consumption is high  
and the processing is slow 

[25] HCLR-Net 
Combine high-contrast learning with low-rank 

representation 
The feature extraction from complex backgrounds is poor, and  

the low-rank assumption is difficult to satisfy 

[26] UIE-WD 
Make weighted decisions based on image  

features to determine the comprehensive  

advantages 

Weights rely on experience and lack adaptability, making it  

difficult to adapt to diverse scenarios 

 

Figure 1: System flowchart 
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3.2.1 Component description 

Therefore, we conducted numerical comparisons, 

calculating the Peak Signal-to-Noise Ratio (PSNR), 

Structure Similarity Index Measure (SSIM), Underwater 

Colour Image Quality Evaluation (UCIQE), and 

Underwater Image Quality Measure (UIQM) of the 

degraded images after applying different neural network 

enhancement techniques. These metrics were used to 

assess the effectiveness and quality of the image 

enhancement. Thus, we were able to evaluate the 

performance of the image enhancement model. 

SSIM: This is an index used to evaluate the 

similarity between two images, often employed to 

measure the similarity between an image before and after 

distortion. The calculation of SSIM is based on the 

sliding window method, that is, each calculation takes a 

window of size N×N from the image, calculates the SSIM 

index based on the window, traverses the entire image, 

and then takes the average of all window values as the 

SSIM index of the entire image. Let x represent the data 

in the window of the first image, and y represent the data 

in the window of the second image. The similarity of the 

images consists of three parts: ( , )l x y  for brightness, 

( , )c x y  for contrast, and ( , )s x y  for structure. 
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Here, 
x  

and 
y  respectively represent the mean 

values of x and y, 
x  and 

y  respectively represent the 

variances of x and y, 
xy  represents the covariance 

between x and y, 2

1 1( )c k L= , 2

2 2( )c k L=  and 
3 2 / 2c c=  

represent three constants, avoiding division by zero, 
1k  

and 
2k  respectively default to 0.01 and 0.03, L represents 

the range of image pixel values, and 2 1BL = − , B 

represent the number of pixel bits. 

PSNR: It is commonly used to evaluate the degree 

of distortion of compressed images or videos compared 

to the original images or videos. The higher the PSNR, 

the higher the similarity between the compressed image 

and video and the original image and video, and the better 

the quality. MAX represents the maximum value of the 

pixel values after 8-bit image normalization, which is 

255. MSE represents the mean square error. ( , )I i j  

represents the value of the image at pixel position ( , )i j , 

and ( , )R i j  represents the value of the reference image at 

pixel position ( , )i j . 
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UCIQE: UCIQE refers to the evaluation of the color 

quality of underwater images to determine the visual 

performance and effectiveness of the images. The closer 

the value is to 1, the richer the image's color. 
c  

represents the standard deviation of chromaticity, 
lcon

represents the brightness contrast, 
s  

represents the 

color saturation, 
1 2 3, ,c c c

 
represent weighting 

coefficients, and they are usually set as 
1 0.4680c = ,

2 0.2745c = ,
3 0.2576c = . 

UIQM is an indicator used to evaluate the quality of 

underwater images. It combines the color measurement 

indicator UICM, the clarity measurement indicator 

UISM, and the contrast measurement indicator UIConM, 

reflecting the color, clarity and contrast of underwater 

images. Here, 
1 2 3,,w w w  represents the weighting 

coefficient, and it is generally set to 
1 0.5w = ,

2 0.3w = ,

3 0.2w = . 

Evaluation of input image: The input image 
3H W

inI   , where H and W represent the height and 

width of the image respectively, and 3 represents the 

number of RGB channels. By calculating the unified 

evaluation index of image ( )quality inq UIQM I=  quality, 

( )color inq UCIQE I=  color quality index, and [ , ]s H W=  

pixel size of the image. When UIQM < 3, it indicates that 

the image has color distortion. When UCIQE < 0.2, it 

indicates that the image has insufficient color saturation. 

When [ , ] 400 400s H W=   , it indicates that the image 

is too large, and it will consume a certain amount of time 

during image enhancement. 

3.2.2 Module design 

Routing Module: The routing module is a module 

composed of a decision-making module and a method 

library module. When dealing with the selection of multi-

model cascading schemes, we innovatively proposed a 

learnable routing mechanism. The core of this 

mechanism lies in its ability to make intelligent routing 

optimization decisions between subnets. Specifically, 

this mechanism selects the combination model 

processing scheme by training a dedicated routing 

network, based on the underwater image features input 

and the image quality evaluation indicators processed by 

each sub-model. 

Decision Module: The training process of the 

decision module. By designing a loss function L that 

minimizes, we can learn the parameters 
1 1 2 2, , ,W b W b  of 

the decision module. The training process can be 

expressed as D representing the training dataset, which 
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includes the degraded images 
inI  and the corresponding 

enhanced images 
targetI  along with their related 

parameters. 

1 1 2 2, , , ( , )~ 1 1 2 2min ( , ; , , , )
in targetW b W b I I in targetI I W b W b  E D L (7) 

 

The decision-making process of the decision 

module. By obtaining the feature quantities 

[ , , , ]img color qualityx f q q s=  of the input image and through 

the decision function R(x), the probability distribution 
Mp  is output. Here, 

ip  represents the probability of 

the selection method 
iM . This achieves the selection of 

an appropriate composite model method for the image to 

be reinforced by calculating the distribution probability 

1 1soft max( )p W x b= +  of method 
iM  in the method 

library, where 
1

M dW   and 
1

Mb   are learnable 

parameters, and d is the input feature x. The decision-

making mechanism of the routing module is shown in 

Figure 2. 

The underwater image enhancement methods in the 

method library:  

Deep Wave-Net (DW): This model is distinguished 

by its incorporation of an attentive skip mechanism and 

wavelength-aware feature transformation, converting 

wavelength information into discriminative data features 

[4]. This unique characteristic allows it to capture multi-

scale contextual details, especially in scenarios with non-

uniform illumination and blurred textures. Its primary 

function is to refine local details and strengthen edge 

information, complementing the global feature 

processing of preceding components in the cascade. 

UWCNN (UW): This model is built on a 

convolutional neural network architecture that integrates 

underwater scene priors and physical imaging models [3]. 

Its key characteristic is its lightweight structure, enabling 

efficient extraction of low-to-medium level features from 

underwater images. Functionally, it excels in preliminary 

processing tasks such as mitigating mild color distortion 

and enhancing basic contrast, making it suitable as an 

initial component in the cascaded framework to lay a 

foundation for subsequent enhancement steps. 

PUIE-Net (PU): Leveraging a probabilistic network 

design that combines conditional variational 

autoencoders with adaptive instance normalization, this 

model focuses on learning enhanced feature distributions 

[2]. A notable characteristic is its robustness in handling 

complex color degradation, which is attributed to its 

optimized loss function that prioritizes edge preservation 

and fine-grained feature extraction. In the cascaded 

structure, its core function is to perform advanced color 

correction and suppress residual noise, thereby enhancing 

the overall visual quality of images processed by 

upstream components. 

3.3 Model building 

To optimize the selection of multi-model cascading 

schemes, a learnable routing mechanism is employed to 

refine model selection decisions. This mechanism 

involves training a routing network that selects 

enhancement schemes from the method library based on 

the features of input underwater images and the image 

quality evaluation metrics derived from processing by 

each sub-model. The process is as follows: first, feature 

extraction is performed on the input underwater images. 

Subsequently, metrics such as PSNR, SSIM, UIQM, and 

UCIQE are computed for both the extracted features and 

the images processed by each sub-model. These features 

and metrics are then fed into the routing network, 

enabling it to determine the optimal combination of 

model processing schemes. 

Individual enhancement models from the method library 

serve as middleware for the cascaded composite model. 

During the data processing phase, after each neural 

network model enhances the image data, its output is 

processed and used as the input for the next cascaded 

neural network component. By exploring various 

combination strategies of individual neural network 

components, a cascaded neural network composite model 

is constructed. The specific workflow includes dataset 

acquisition, image normalization, sub-model 

enhancement, another round of image normalization and 

sub-model enhancement, and final multi-index 

evaluation of the generated images. Taking the PUIE-

Net-Deep Wave-Net composite model as an example, the 

relevant steps are illustrated in Figure 3.

 

 

Figure 2: Routing module decision-making mechanism 
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Figure 3: Processing flow of composite model 

 

To systematically investigate the performance 

improvements of composite models relative to single 

enhancement models, this paper constructs various 

composite model architectures and acquires relevant data 

through comparative experiments. The specific results are 

presented in Table 2. 

Table 2: Method library composite enhancement model 

table 

 
UWCNN 

(UW) 
PUIE-Net 

(PU) 

Deep Wave-N

et 

(DW) 

UWCNN 
(UW) 

— UW-PU UW-DW 

PUIE-Net 

(PU) 
PU-UW — PU-DW 

Deep Wave-N

et 

(DW) 

DW-UW DW-PU — 

4 Results and discussion 

4.1 Experimental environment 

The experiment was conducted on a system equipped 

with an Intel Core i7 processor, 16GB of RAM, and an 

NVIDIA RTX 4060 graphics card, which provided robust 

computational support for model training and testing. The 

experimental environment was developed based on 

Python 3.10. Specifically, the PyTorch deep learning 

framework was adopted for model construction, while the 

OpenCV library was utilized for image preprocessing and 

postprocessing operations. Additionally, the NumPy and 

Pandas libraries were employed for data processing and 

analysis, and the Matplotlib library was used for data 

visualization. The experimental environment is shown in 

Table 3. 

Table 3: Experimental Environment List 

Configuration Experimental environment 

Intel Core i7 CPU 

16GB Memory size 

NVIDIARTX060 GPU 

Python 3.10 Programing language 

OpenCV Image processing and analysis 

4.2 Data preparation 

The datasets utilized in this study are summarized in Table 

4. The U45 dataset [27] focuses on underwater multi-task 

research and includes image samples exhibiting 

underwater distortion characteristics. The EUVP dataset 

[28] is specifically designed for underwater image 

enhancement tasks, with its data structure comprising 

paired and unpaired data: the former consists of three 

subsets (Underwater Dark, Image Net, and Scenes) 

totaling 24,840 images, which are suitable for supervised 

learning scenarios; the latter contains 6,665 low/high-

quality image pairs, supporting unsupervised or semi-

supervised training. As the first benchmark for real 

underwater scene enhancement, the UIEB dataset [29] is 

divided into a supervised training subset (890 pairs of 

original images and artificially enhanced reference 

images) and a challenge test subset (60 reference-free 

images for evaluating algorithm robustness). The 

Underwater_ImageNet (UWIN) dataset [20] is an open-

source underwater vision dataset extended from the 

traditional ImageNet, integrating the degradation 

characteristics of the underwater environment with the 

semantic diversity of natural images. 

To construct a dataset for training the routing module 

and decision-making module, 500 images were randomly 

selected from each of the EUVP, UIEB, and 

Underwater_ImageNet datasets. Corresponding enhanced 

images were generated using the method library, and the 

degraded and enhanced images were paired. This dataset 

was then split into training, test, and validation sets at a 

ratio of 8:2:2. Additionally, the UIEB dataset was used as 

a benchmark to compare performance with the recently 

proposed outstanding underwater image enhancement 

algorithm UGIF-Net. 

Table 4: The dataset used in the experiment 

Dataset name Reference materials 

U45-[28] 
https://github.com/IPNUISTlegal/underwater-test-

dataset-U45- 

EUVP[29] https://irvlab.cs.umn.edu/resources/euvp-dataset 

UIEB[22] https://li-chongyi.github.io/proj_benchmark.html 

UWIN[20] https://github.com/xinzhichao/underwater_datasets 
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Figure 4: Original image and RGB channel color histogram 

         

         
(a)UW                                             (b)UW-DW                                            (c)UW-PU 

         

         
(d)PU                                               (e)PU-DW                                            (f)PU-UW 
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(g)DW                                              (h)DW-PU                                           (i)DW-UW 

Figure 5: Enhanced image and RGB channel color histogram 

4.3 Numerical experiment 

On the UIEB dataset, numerical experiments were condu

cted using the cascaded underwater image enhancement c

omposite neural network model, with an in-depth analysi

s performed on the color histograms of the RGB channels

 for the output images of each enhancement model. The s

pecific experimental results are presented in Figure 4 and

 Figure 5. 

A comparative analysis of the color histogram of the

 enhanced image in Figure 5, the original image in Figure

 4, and their respective RGB channel color histograms rev

eals that the RGB channel values in the original image's c

olor histogram exhibit significant fluctuations, with the re

d channel showing the most pronounced amplitude. In co

ntrast, for the image enhanced by the proposed model, the

 distribution curves of the RGB channels in the color hist

ogram are more balanced, and the differences in values b

etween channels are significantly reduced. This result int

uitively validates the effectiveness of the image enhance

ment process. From a visual perception perspective, the c

omposite neural network model demonstrates better visua

l adaptability in enhancement effects compared to the sin

gle neural network model, aligning more closely with hu

man visual preferences. 

However, not all models achieve ideal enhancement 

effects. Taking the DW-UW and PU-UW models as exam

ples, the processed images exhibit obvious color discrepa

ncy issues, accompanied by the persistence of low-light p

henomena. Additionally, the color histograms of the enha

nced images still show significant fluctuations, reflecting 

the limitations of these two model types in image enhanc

ement. To achieve an objective and precise evaluation of 

model performance, this study introduces image quality a

ssessment metrics such as PSNR, SSIM, UCIQE, and UI

QM for quantitative analysis of the test images. The speci

fic evaluation results are presented in Table 5 below. 

This study systematically compares the objective pe

rformance of nine underwater image enhancement metho

ds across three standard datasets: EUVP, LSUI, and UWI

N. The experimental results indicate that the DW-PU met

hod exhibits significant advantages: on the LSUI dataset, 

it ranks first with a PSNR of 22.232±0.321 and an SSIM 

of 0.870±0.007; on the EUVP dataset, its PSNR and SSI

M metrics reach 21.247±0.293 and 0.818±0.009, respecti

vely; on the UWIN dataset, it also maintains a leading po

sition, achieving excellent performance with a PSNR of 2

0.619±0.343 and SSIM values of 0.818±0.009 and 0.803

±0.013. 

 

Table 5: Quantitative results of supervised training on the PSNR and SSIM metrics, using the full-reference 

benchmark. The best results are indicated in red, and the second-best results are indicated in blue 

Method 
EUVP LSUI UWIN 

PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ 

DW 21.208±0.217 0.884±0.004 15.515±0.227 0.759±0.006 16.986±0.312 0.798±0.014 

DW-PU 21.247±0.293 0.818±0.009 22.232±0.321 0.870±0.007 20.619±0.343 0.803±0.013 

DW-UW 18.275±0.213 0.762±0.008 14.766±0.210 0.696±0.006 15.948±0.250 0.723±0.012 

PU 13.721±0.252 0.764±0.008 14.031±0.233 0.799±0.007 13.501±0.297 0.733±0.015 

PU-DW 12.389±0.233 0.729±0.008 12.660±0.238 0.778±0.007 11.699±0.260 0.695±0.014 

PU-UW 13.069±0.233 0.693±0.008 13.583±0.217 0.740±0.007 13.087±0.273 0.686±0.012 

UW 13.978±0.255 0.745±0.008 12.956±0.206 0.709±0.007 13.927±0.290 0.719±0.014 

UW-DW 18.371±0.252 0.802±0.008 17.190±0.270 0.840±0.007 16.156±0.269 0.768±0.012 

UW-PU 13.688±0.257 0.730±0.009 14.158±0.236 0.775±0.007 13.529±0.273 0.717±0.012 

 

Table 6: Quantitative results based on no-reference benchmarks with UIQM and UCIQE as indicators. The best result

s are shown in red and the second-best results in blue  

Method 
EUVP LSUI UWIN 

UIQM↑ UCIQE↑ UIQM↑ UCIQE↑ UIQM↑ UCIQE 

DW 2.904±0.037 0.805±0.009 2.947±0.026 1.359±0.060 2.826±0.040 1.265±0.159 

DW-PU 3.086±0.027 1.246±0.142 3.127±0.020 1.016±0.019 2.982±0.031 0.810±0.008 

DW-UW 2.473±0.052 1.192±0.102 2.760±0.033 1.015±0.061 2.511±0.054 1.125±0.134 

PU 3.044±0.028 0.802±0.010 3.092±0.030 0.753±0.014 3.012±0.031 0.772±0.010 

PU-DW 2.977±0.031 0.901±0.012 3.034±0.030 0.817±0.013 2.909±0.030 0.886±0.013 

PU-UW 2.739±0.034 0.882±0.055 2.932±0.029 0.795±0.037 2.765±0.035 0.875±0.065 

UW 2.327±0.050 0.983±0.086 2.429±0.055 0.645±0.041 2.320±0.051 0.921±0.146 
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UW-DW 2.757±0.044 1.153±0.101 2.844±0.042 0.768±0.057 2.727±0.047 1.236±0.204 

UW-PU 3.021±0.029 0.762±0.013 3.110±0.029 0.707±0.013 3.014±0.032 0.729±0.011 

Table 7: Comparison Experimental Results under the UIEB Dataset. The best results are shown in red and the second-

best results in blue 

Method PSNR SSIM UIQM↑ UCIQE↑ 

DW 20.091 0.866 2.888 0.866 

DW-PU 20.495 0.874 3.270 0.897 

DW-UW 24.156 0.746 3.223 0.783 

PU 13.875 0.745 2.790 0.760 

PU-DW 12.835 0.735 3.143 0.830 

PU-UW 13.298 0.689 3.101 0.891 

UW 14.206 0.797 2.721 0.765 

UW-DW 18.767 0.827 2.808 0.868 

UW-PU 14.073 0.727 3.265 0.703 

UGIF-Net 24.466 0.915 3.129 0.622 

Table 6 provides a detailed comparison of the 

performance of cascaded underwater image enhancement 

methods in terms of no-reference evaluation metrics 

across three major datasets: EUVP, LSUI, and UWIN. The 

experimental results reveal that the DW-PU model 

combination exhibits a significant advantage in the UIQM 

metric. It achieves the optimal results of 3.086±0.027 and 

3.127±0.020 on the EUVP and LSUI datasets, 

respectively, and ranks first across all three datasets. 

Table 7 conducts a comprehensive performance 

evaluation of the recent underwater image enhancement 

method UGIF-Net on the UIEB dataset. The experimental 

results indicate that the tandem composite model lags 

slightly behind UGIF-Net in terms of PSNR and SSIM 

metrics. The tandem composite model represented by 

DW-PU achieves a UIQM value of 3.270 and a UCIQE 

value of 0.897, while its PSNR value of 20.495 is slightly 

lower than that of the mainstream method UIESC 

(24.466). Notably, the tandem composite model 

demonstrates unique advantages in color restoration and 

overall image quality improvement, confirming its 

effectiveness in underwater image enhancement tasks. 

To compare the performance differences between 

single and composite neural network models, three single 

models (UWCNN, PUIE-Net, and Deep Wave-Net) and 

six composite models (UW-PU, UW-DW, PU-UW, PU-

DW, DW-UW, and DW-PU) were selected. Experiments 

were conducted using the U45 dataset [27], and the 

specific comparison results are presented in Figure 6. 

 
(a)              (b)               (c)              (d)              (e)               (f)               (g)              (h)               (i)               (j) 

(a)Original (b)UWCNN (c)Deep Wave-Net (d)PUIE-Net (e)UW-DW (f)UW-PU (g)DW-UW (h)DW-PU (i)PU-DW  

(j)PU-UW 

Figure 6: Comparison of enhancement effects of multiple composite models 
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After enhancement processing, the test images exhibit 

significant changes: compared with the original images, 

the enhanced images in column (b) still suffer from color 

distortion; the original image in column (g) was captured 

under low-light conditions, but its details become clearly 

distinguishable after enhancement; the original image in 

column (j) had blurring issues, which are effectively 

alleviated. As intuitively observed from the sample 

images, the cascaded enhancement model demonstrates 

certain advantages. 

5 Conclusion 
This study focuses on analyzing types of image 

degradation and evaluating metrics for enhanced images 

based on a cascaded underwater image enhancement 

composite neural network model. A cascaded underwater 

image enhancement model is constructed, which first 

establishes a routing mechanism to enable model 

allocation for serial enhancement schemes, followed by an 

analysis of the advantages of three underwater image 

enhancement models: UWCNN, Deep Wave-Net, and 

PUIE-Net. To explore the enhancement performance of 

composite models, the method library incorporates 

various serial enhancement model allocation methods, 

including DW-PU, DW-UW, PU-DW, PU-UW, UW-DW, 

and UW-PU. Using the UIEB dataset, experiments 

evaluate images processed by 3 single models, 6 

composite models, and the underwater image 

enhancement algorithm UGIF-Net. Parametric evaluation 

metrics (PSNR and SSIM) and non-parametric evaluation 

metrics (UCIQE and UIQM) are calculated, with 

comparative analysis conducted against the mainstream 

method UGIF-Net. The results indicate that the cascaded 

underwater image enhancement composite neural network, 

exemplified by the DW-PU composite model (PSNR 

20.495, SSIM 0.874, UIQM 3.270, UCIQE 0.897), 

exhibits certain advantages in most scenarios where visual 

quality is a key concern. 
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With the continuous development of intelligent manufacturing, the maintenance strategy of equipment is 

also constantly improving, and it is changing from passive maintenance to preventive maintenance and 

predictive maintenance. Passive maintenance is to perform repairs after equipment fails or shuts down, 

and this method requires a long downtime maintenance time, resulting in increased maintenance costs. 

Therefore, this paper combines CNN and BiLSTM to propose an equipment life prediction model, so as to 

carry out predictive maintenance of equipment through intelligent automation model and improve the 

prediction accuracy and generalization of intelligent factory equipment RUL. By combining the efficient 

feature extraction capability of CNN with the sequence data processing advantages of BiLSTM and the 

weighted redistribution of attention mechanism, the model exhibits excellent performance on multiple 

data sets. According to the experimental results, it can be seen the advantages of the AM-CNN BiLSTM 

model are mainly reflected in its high accuracy and stability. On the CWRU dataset, the RMSE value of 

this model is as low as 0.052, which is better than traditional models, and the prediction accuracy is 

improved by about 47%. On the UCI dataset, its SCORE value reaches 0.963, indicating stronger 

generalization ability. All in all, by combining the spatial feature extraction of CNN with the temporal 

modeling of BiLSTM, and introducing attention mechanism, this model maintains stable performance 

(fluctuation amplitude<5%) in multi condition data, making it particularly suitable for the analysis and 

prediction of complex temporal data. 

Povzetek: Predstavljen je AM-CNN-BiLSTM za napoved preostale življenjske dobe opreme. Združuje 

CNN, BiLSTM in pozornost, deluje v cloud-edge okolju, izboljša RMSE in SCORE na CWRU, UCI, 

Augury, FEMTO ter zagotovi robustno, razložljivo prediktivno vzdrževanje. 

 

1   Introduction 
With the development of industrial Internet platform 

(hereinafter referred to as “platform”) technology, it has 

become a trend to use industrial Internet of Things 

technology IoT (Internet of Things) to solve equipment 

health management problems. On the one hand, it uses the 

industrial Internet platform OPC UA (OLE for Process 

Control Unified Architecture) and the management shell 

AAS (Asset Administration Shell) and other technologies 

to uniformly encapsulate and transform industrial field 

equipment protocols [1], establish standard equipment 

connection and semantic transformation models, and 

realize efficient connection of massive multi-source 

heterogeneous equipment, thus improving the efficiency 

of industrial data collection and processing. On the other 

hand, the characteristics of big data storage and 

calculation of industrial Internet platform are used to store 

and analyze equipment design, manufacturing, and 

operation data, realize real-time monitoring and early 

warning analysis of key components of equipment, find 

faults in advance, and reduce enterprise maintenance 

costs. At the same time, the platform open sharing 

technology is used to establish an interoperable interface 

model to realize information sharing among different 

equipment manufacturers, thus improving the equipment 

management level [2]. 

Traditional equipment health assurance management in 

the industry mainly focuses on the current technical health 

status of equipment, and it is mainly based on the models 

of “post-maintenance” and “planned maintenance”. With 

the development of equipment health management level, 

the requirements for real-time, intelligent and prediction 

ability of current equipment are getting higher and higher 

[3]. Traditional fault diagnosis methods based on expert 

knowledge and signal processing are very effective as 

initial troubleshooting. However, the disadvantage is that 

there is no early warning in the later stage of the fault, and 

the whole machine is shut down for maintenance due to 

untimely replacement of the equipment, which brings 

huge losses to the enterprise. The core feature of the 

Industrial Internet is to use edge computing and cloud 

computing for real-time data analysis and scheduling, and 

fault diagnosis based on cloud-edge collaboration can 

reduce fault costs and increase response speed. Through 

the integration of big data and artificial intelligence and 

other means, it provides a new enabling platform for 
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online diagnosis and prediction of equipment, so as to 

predict the fault of equipment health management [4]. On 

the one hand, massive equipment operating condition data 

is collected on the edge side. On the other hand, a fault 

diagnosis and prediction model are established on the 

platform side for high concurrency model training, and the 

model is sent to the edge side for real-time diagnosis and 

prediction, thus forming an effective data and model 

collaboration and adaptation mechanism and realizing 

data-driven real-time and comprehensive prediction of 

equipment and its key components [5, 6]. 

The industrial internet platform achieves efficient 

device connection and standardized data application 

through technologies such as OPC UA and AAS, but there 

are still some problems in the scenario of device life 

prediction The sampling frequency and accuracy 

differences of multi-source devices result in a large 

amount of noise and missing values in the collected data, 

and semantic transformation models are difficult to 

completely eliminate the inconsistency of vendor defined 

thresholds, which affects the reliability of prediction 

inputs. The prediction models trained on specific devices 

experience a significant increase in false positive rates 

during cross vendor or cross model migration due to 

differences in degradation mechanisms, requiring 

frequent re labeling of data and fine-tuning of models, 

which increases deployment costs. Massive device data 

needs rapid response from the edge layer, but the 

heterogeneity of industrial field protocols aggravates the 

data processing delay. When edge computing resources 

are limited, it is difficult to meet the timeliness 

requirements of life prediction The CNN BiLSTM model 

effectively compensates for the shortcomings of the 

platform in life prediction by integrating spatial feature 

extraction and temporal dependency modeling. 

The equipment intelligent prediction model can predict 

the upcoming equipment failure in real time, and provide 

the relevant information of equipment parts that need to be 

replaced in time before the equipment failure may occur, 

so as to effectively reduce the equipment failure rate and 

effectively save the equipment support management cost, 

reduce the enterprise equipment operation and 

maintenance cost, and realize the change of enterprise 

mode from planned repair to preventive maintenance.  

Combining CNN and BiLSTM to construct a device 

lifespan prediction model can leverage their 

complementary advantages. CNN excels at extracting 

local spatiotemporal features from raw sensor data (such 

as vibration and temperature signals) and capturing 

short-term abnormal patterns during device degradation. 

BiLSTM models long-term temporal dependencies 

through a bidirectional gating mechanism, which can trace 

historical degradation trends (such as slow wear) and 

correlate potential future fault symptoms. This 

combination solves the limitations of a single model - pure 

CNN is difficult to model long-term degradation laws, and 

pure RNN models have insufficient feature abstraction 

ability for the original signal. Therefore, end-to-end 

optimization is achieved in the two key links of feature 

extraction and time series prediction, significantly 

improving prediction accuracy and robustness. 

This paper combines CNN and BiLSTM to propose an 

equipment life prediction model, so as to carry out 

predictive maintenance of equipment through intelligent 

automation model and improve the prediction accuracy 

and generalization of intelligent factory equipment RUL. 

By combining the efficient feature extraction capability of 

CNN with the sequence data processing advantages of 

BiLSTM and the weighted redistribution of attention 

mechanism, the model exhibits excellent performance on 

multiple data sets. According to the experimental results, 

it can be seen that the constructed regression prediction 

model is superior to other methods in terms of RMSE 

index. Among them, the prediction accuracy of combined 

training is higher than that of grouping training, which 

improves the prediction accuracy. 

 

2   Related works 
In the equipment fault warning model, discussing 

predictive maintenance (PdM) first and then 

troubleshooting is essentially following the industrial 

maintenance logic loop of "monitoring → diagnosis → 

disposal". Predictive maintenance identifies equipment 

anomalies in advance through real-time data analysis and 

AI algorithms, providing precise targeted targets for 

troubleshooting. Moreover, troubleshooting is based on 

the health indicators and fault characteristics output by 

PdM, implementing standardized maintenance processes. 

This sequential design not only avoids the resource waste 

of "blind maintenance", but also continuously optimizes 

the model accuracy through the "prediction disposal 

feedback" loop, forming a closed-loop management from 

data perception to problem solving. 

(1) Predictive maintenance 

The basic principle of predictive maintenance 

technology is to monitor the status of industrial equipment 

in real time through various sensors, predict possible 

failures of equipment, and provide accurate modification 

suggestions for maintainers. Because of its predictability 

and accuracy, it has attracted the research enthusiasm of 

many experts, scholars and companies and factories. 

Data-driven approaches and experience-based 

approaches are similar in some ways. However, the 

data-driven method does not need prior knowledge and 

does not pay attention to the internal situation of the 

prediction model. Compared with other methods, it is 

simpler and more convenient, and once became a research 

hotspot [7]. 

The method based on time series is relatively mature, 

and the core idea of this method is to establish the time 

series relationship between the performance parameters 

and life of the equipment. Reference [8] used 1D-CNN 

and attention mechanism to automatically separate the 

trend component (low frequency) and the regenerated 
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component (high frequency) in the original signal, 

replacing the manual tuning of VMD decomposition; 

Subsequently, a dual channel TCN BiLSTM architecture 

was used to process two types of signals in parallel - TCN 

captured long-term degradation trends, and BiLSTM 

modeled local fluctuation features. Finally, the RUL 

probability distribution is directly output by adaptively 

fusing the prediction results through a learnable dynamic 

weight gating unit. Reference [9] used empirical mode 

decomposition and ARIMA to predict the remaining 

service life of different structures in predictive 

maintenance. Timing-based approaches require 

equipment degradation to be consistent with historical 

degradation, which makes it impossible to accurately 

predict failures caused by external causes. Therefore, it is 

not suitable for long-term RUL prediction. 

In addition, machine learning-based methods use 

machine learning algorithms to model train the state data 

of devices and extract key features capable of representing 

degradation from them for prediction. Among many 

methods, Recurrent Neural Network (RNN) is famous for 

its excellent time series information acquisition ability, 

and methods based on recurrent neural network are widely 

recognized. However, RNN has some problems such as 

gradient disappearance, low computational efficiency, 

difficulty in parallelization, and long-term dependency, 

which limit its use in various application scenarios. 

Reference [10] used spatial correlation and temporal 

attention mechanism methods to enhance the information 

extraction ability of variant long and short-term memory 

networks of RNN, and finally used fully connected 

networks to predict aero-engine RUL. Reference [11] 

successfully fused LSTM network with traditional neural 

network to adaptively extract features from data and 

predict them. Reference [12] used GRU network to extract 

time series features from data, and combined the 

remaining life prediction model to realize the accurate 

prediction of engine life. Furthermore, reference [13] 

proposed a dual attention mechanism that uses GRU to 

predict aero-engine RUL, which combines domain 

knowledge with the training process of deep learning 

model to improve the prediction accuracy; 

Reference [14] proposed a simple system health 

management architecture, and reviewed and summarized 

the applications of autoencoders. Reference [15] 

systematically summarized the existing literature on 

bearing fault diagnosis using machine learning (ML) and 

data mining techniques. Reference [16] comprehensively 

reviewed the application of artificial intelligence 

algorithm in fault diagnosis of rotating machinery from 

the perspective of theory and industrial application. In 

addition, there are also several papers focused on failure 

prediction. 

(2) Troubleshooting 

Reference [17] used an improved threshold adaptive 

deep belief network for feature extraction and fault 

classification. Convolutional neural networks extract 

features from input data through convolution operations, 

abstracting data representations layer by layer to 

recognize patterns and features. 

In reference [18], the fault image is input into a 

two-dimensional densely connected expanded 

convolutional neural network for training and testing. 

Moreover, the generator is trained to generate forged data 

through adversarial training, so that its fidelity is 

constantly improved. Reference [19] proposed an 

adaptive feature fusion-assisted generative adversarial 

network, which can use a very limited number of samples 

for data enhancement and realize fault diagnosis under 

unbalanced samples. Recurrent neural network is a 

sequence-based neural network structure, which is often 

used to process and predict sequence data of arbitrary 

length. Deep learning networks similar to RNN include 

Long Short-Term Memory Networks (LSTM) and Gated 

Recurrent Unit (GRU). Aiming at the problem that 

equipment faults cannot be found in time, reference [20] 

proposed a fault prediction method based on LSTM to 

predict fault trends in advance. Reference [21] applied 

wavelet transforms and GRU to predict the sudden failure 

of manufacturing system. In addition, autoencoder is a 

typical feedforward unsupervised neural network, and it 

learns the compact representation (encoding) of data, and 

then reconstructs the original data from the encoding to 

achieve the purpose of data dimension reduction and 

denoising.  

The summary of the research status is shown in Table 1. 

The AM-CNN BiLSTM network model has significant 

advantages compared to existing research: by combining 

the spatial feature extraction ability of convolutional 

neural networks (CNN), the bidirectional temporal 

modeling advantage of bidirectional long short-term 

memory networks (BiLSTM), and the key information 

focusing function of attention mechanisms, this model can 

simultaneously capture local spatial correlations and 

long-term temporal dependencies of multi-sensor data, 

effectively solving the problems of traditional temporal 

methods relying on historical degradation consistency, 

RNN/LSTM gradient disappearance, and unidirectional 

information flow limitations, as well as the lack of 

dynamic weighting of key features in existing methods. It 

has higher accuracy, generalization, and interpretability in 

fault prediction of complex industrial equipment, 

providing a more reliable end-to-end solution for 

predictive maintenance. 

 

Table 1: Summary of research status 

Representative 

Technology 

Core 
Technologies/Feature

s 

Main limitations 

Variational Mode 

Decomposition+P
article 

Filtering+ARIMA 

Decompose degraded 

signals and 
superimpose 

predicted results 

Relying on historical 
degradation consistency 

Empirical Mode 

Decomposition+
ARIMA 

Decompose signals 
with different 

structures for 

prediction 

Not applicable for 
long-term fault 

prediction caused by 

external factors 
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LSTM+time 

attention 
mechanism 

Enhance the ability to 

extract temporal 
information 

Unidirectional 

information flow 

LSTM+traditional 

neural network 

fusion 

Adaptive feature 
extraction 

Low parallel computing 
efficiency 

GRU+Remaining 

Lifespan Model 

Combining temporal 

feature extraction 

with lifespan 
prediction 

Lack of key information 

focusing mechanism 

Double Attention 
GRU 

Integrating domain 

knowledge with deep 

learning 

Unsolved spatial feature 
extraction problem 

CWT+2D Dense 

Connection 

Expansion CNN 

Convert vibration 

signals into images 

for feature extraction 

High computational 
complexity 

Adaptive Feature 

Fusion GAN 

Small sample data 
augmentation; 

Resolve sample 

imbalance 

Weak interpretability of 

fault prediction 

 

The CNN BiLSTM model is a typical data-driven 

method that automatically learns features directly from 

raw sensor data (such as vibration waveforms and 

temperature curves) without the need for experts to define 

failure thresholds, which conforms to the essential 

property of data-driven methods that do not pre-set 

physical models. For example, BiLSTM automatically 

captures the temporal degradation patterns of bearing 

wear through a gating mechanism, rather than relying on 

manually summarized fault trees. At present, most of the 

research on fault diagnosis and prediction of intelligent 

manufacturing equipment is based on mechanism and 

traditional machine learning methods, but there is little 

research on predictive diagnosis and prediction. Therefore, 

according to the actual engineering needs, this paper 

carries out the research on fault diagnosis and prediction 

of smart devices based on CNN-BiLSTM. 

 

3   Research on CNN-BiLSTM 

equipment life prediction based on 

attention mechanism 
 

The key technology of predictive maintenance, as an 

important means to ensure the safe operation of 

equipment and the continuity of production, has attracted 

much attention. Accurately predicting the RUL of 

equipment is of great significance for reasonably 

arranging maintenance plans and reducing production 

risks. In this paper, an improved CNN-BiLSTM method 

based on attention mechanism is proposed. 

A CNN-BiLSTM network model based on attention 

mechanism is proposed to predict RUL of multi-sensor 

devices, and its accuracy and generalization are verified 

by experiments. 

A. CNN-BiLSTM Prediction Model Based on Attention 

Mechanism 

 

CNN Model and Feature Extraction Principle 

The working environment of intelligent factory 

equipment is complex and changeable, and it has a large 

number of sensors. This topic firstly uses CNN device 

data for feature extraction, and CNN can effectively 

extract multi-dimensional features through its convolution 

layer and pooling layer. Meanwhile, the two-layer CNN 

structure is adopted in this study, as shown in Figure 1.  

(1) Double layer CNN structure: The intelligent factory 

equipment has a large amount of data and redundancy. 

The double-layer CNN structure can further extract 

multi-layer features, enhance the expression ability of the 

model, capture deeper level features, and improve the 

accuracy of feature extraction. 

(2) 1x3 convolution kernel: Considering that sensor 

data may have time series characteristics, 1x3 convolution 

kernels help capture these local features. By performing 

convolution operations on the input data through sliding 

windows, important features in the data are automatically 

learned. 

(3) MaxPooling: MaxPooling reduces the 

dimensionality and computational complexity of data by 

taking the maximum value within a local region, while 

preventing overfitting, preserving the most important 

features, and reducing noise interference. 

(4) ReLU activation function: The ReLU function 

introduces nonlinearity, allowing the model to learn more 

complex features, with simple calculations and effective 

solutions to gradient vanishing problems, improving 

training speed and enhancing the model's expressive 

power. In summary, these choices and designs aim to 

effectively address the complexity of smart factory 

equipment data, improve the accuracy of feature 

extraction, and enhance the generalization ability of the 

model. 

 

 
Figure 1: Double-layer CNN network structure 

 

Its convolutional layer output is: 

 

 ( ) ( ) ( ) ( ) ( ), ' ' '

'*
jl rl i j l j l j l j jL

I j iy K x k x
+

= =  (1) 

In the formula, ( )jl r
x  represents the local sequence r of 

the j-th convolution calculation in the l-th layer, ( ),l i j
y  

represents the j-th weight of the i-th convolution kernel in 

the l-th layer, * represents the convolution operator, W 

represents the convolution operator, and 
L

IK  represents 

the length of the coverage area signal in one-dimensional 

convolution. 

Then, the ReLU activation function pair is used to 

process: 
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( ) ( )( ) ( ) , , ,

max 0,
l i t l i j l i j

a f y y= =  (2) 

In the formula, ( ),l i j
y  represents the function to be 

activated, ( ),l i t
a  represents the result of ( ),l i j

y  after being 

processed by the activation function, f represents the 

activation function. 

After that, it is necessary to perform feature 

dimensionality reduction on ( ),l i t
a  through the pooling 

layer. In this topic, the maximum pooling method is used 

and the following settings are made: 

 

 
( )

( )

( ) , ,

1 1
max

l i t l i t

j V t jV
p a

− +  
=  (3) 

In the formula, ( ),l i t
a  represents the output activation 

value of the tth neuron of the ith feature in the lth layer, 

and V represents the pooling width. 

 

Principle of LSTM and BiLSTM Model 

The preprocessing of sensor data input into LSTM 

mainly includes: data cleaning (filling in missing values, 

removing outliers), normalization/normalization 

processing (eliminating dimensional differences), feature 

engineering (deriving time features, constructing lag 

features, and sliding statistics), and finally converting the 

data into a three-dimensional structure through sliding 

window segmentation (number of samples x time step x 

number of features), and dividing it into training 

set/validation set/test set. This process ensures that the 

data meets the requirements of LSTM for modeling 

temporal dependencies, while enhancing the model's 

ability to capture periodic and burst patterns. 

At time t, the LSTM layer structure provides a rich 

internal state through the cell state tc  and hidden state th , 

as well as a variety of gate mechanisms. During the 

training phase, the constructed LSTM uses sensor 

measurement sequences iX  to determine whether the 

true value of RUL (remaining service life) belongs to a 

certain time window. 

The operation of the LSTM unit can be summarized by 

the following formula. The structure of the LSTM model 

is shown in Figure 2. 

 
Figure 2: Structure diagram of LSTM model 

 

First, we need to determine which long-term memories 

controlled by the forget gate tf  can be forgotten: 

 

 ( )1t f t f t ff W h U X b −= + +  (4) 

In the formula, tf  represents the forget gate,   

represents the sigmoid function, fW  and fU  represent 

the weight matrices of the forget gate in the input and 

hidden states, respectively, represents the weight matrix 

of the forget gate, 1th −  represents the hidden state at the 

previous moment, fX represents the input data at the 

current moment, and fb  represents the bias of the forget 

gate. 

The input gate then decides what information to get 

from the input and decides which parts should be stored 

into the cell state: 

 

 ( )1tanht g t g t gg W h U X b−= + +  (5) 

 ( )1t i t i t ii W h U X b −= + +  (6) 

In the formula, ti  represents the input gate, tg  

represents the candidate unit state, tanh  represents the 

hyperbolic tangent function, gW and  gU  represents the 

weight matrices of candidate cell states in the input layer 

and hidden layer, respectively . iW  represents the weight 

matrices of candidate cell states in the input layer and 

hidden layer, respectively , iW  and iU  A and B represent 

the weight matrices of the input and hidden candidate unit 

states, respectively, and ib  and gb  represent the bias of 

the input gate and the candidate unit state, respectively. 

 

 1t t t t tC C f g i−=  +   (7) 

tC  represents the updated unit state. 

Updated the output gate: 

 

 ( )1t o t o t oo W h U X b −= + +  (8) 

 ( )tanht t th o C=   (9) 

to  represents the output gate, th  represents the hidden 

state at the current moment, oW  and oU  respectively 

represent the weight matrices of the input and hidden state 

output gates. ob  represents the bias of the output gate, and 

  represents element-by-element multiplication. 

The BiLSTM model contains two independent LSTM 

layers. Figure 3 is a schematic diagram of the BiLSTM. 
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Figure 3: BiLSTM schematic diagram 

 

Forward LSTM layer: It processes the input sequence 

in the normal order of the time series. Its hidden layer state 

(recorded as t th h→  ) and memory cell state (recorded as 

t tC C→ ) are updated from the beginning of the sequence 

to the end of the sequence. 

The hidden layer state (recorded as t th h→ ) and the 

memory unit state (recorded as t tC C→ ) of the reverse 

LSTM layer are updated from the end of the sequence to 

the beginning of the sequence. 

At each time point t, the hidden states 
th  and 

th  of the 

forward LSTM layer and the reverse LSTM layer are 

combined to form the total hidden state 
th  at that 

moment. This total hidden state 
th  combines past and 

future information and can be used for subsequent 

sequence modeling tasks, such as remaining life 

prediction. 

The mathematical expression of the BiLSTM model is 

similar to that of LSTM, but each time step includes 

information updates in two directions. The process of 

updating the network involves the following formula: 

 

 ( )( )1
,t t t

h LSTM x h
−

=  (10) 

 ( )( )1
,t t t

h LSTM x h
+

=  (11) 

 ;t y t t yY W h h b = +
   (12) 

th  represents the output of the forward layer, 
th  

represents the output of the reverse layer, tY  represents 

the combined output of the two layers, yW  represents the 

weight of the output layer, yb  represents the bias of the 

output layer,  ;  represents the connection operation. 

 

Attention Mechanisms 

Long sequence data may lead to loss of earlier 

information. The attention mechanism can imitate human 

beings to focus their attention on some key areas. 

Therefore, BiLSTM with attention mechanism is 

introduced. This process can re-assign weights to different 

features, helping to focus attention on key features and 

key information, and can use historical information more 

effectively to generate output at each time step. 

This paper considers a simple attention model: 

Scoring: First, the model computes a “scoring” function 

to measure the importance of each input. For example, if 

the input here is a series of vectors , , ,i i ix x x , a common 

scoring function is to use a trainable weight vector   and 

calculate the dot product of each ix  with  . 

 

 ( ) ( ),i iScore x f x =  (13) 

In the formula, ( )iScore x  represents the score of the 

i-th input, ( )f  represents the scoring function, ix  

represents the input vector, and   represents the trainable 

parameter. 

Normalization: Next, use the softmax function to 

normalize these scores so that their sum is 1, which can be 

used as weights. 

 

 
( )

( )1

i

i j

n j

Score x

Score x


=
=


 (14) 

In the formula, i  represents the normalized weight, 

ie  represents the score of the i-th input, and N represents 

the total number of inputs. 

Weighted Sum: Finally, the normalized score is used to 

weighted and sum the input to obtain the final attention 

output. 

 

 ( ) 1i

n i iAttention x ==  (15) 

In the formula, ( )Attention   represents the final 

attention output. 

Attention mechanism enables neural networks to 

process information more effectively by imitating human 

attention distribution, so it is widely used in various fields 

and has achieved remarkable results in various tasks. Its 

flexibility and efficiency make it a hot topic in current 

deep learning research. 

B. RUL Prediction Model Based on AM-CNN-BiLSTM 

The proposed RUL prediction model incorporates a 

series of deep learning techniques to efficiently process 

time series data. As shown in Figure 4, the arrows in the 

figure represent the direction of data flow in the neural 

network model, the model first extracts the 

multi-dimensional features of the input data through the 

convolutional layer. Then, the subsequent max-pooling 

layer further reduces the feature dimension and simplifies 

the network computation. Next, the second convolution 

layer and maximum pooling layer have 128 filters and 

similar pooling strategies respectively, which further 

enhance the feature extraction of data. In addition, a Time 

Distributed layer is also embedded in the network to 

flatten the data in preparation for the next BiLSTM. The 

BiLSTM layer combines two LSTM layers with 128 units 

in each direction, which can capture long-term 
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dependencies in the data. In addition, by introducing a 

custom attention mechanism, the model is able to focus on 

the information of key time steps. Finally, after a fully 

connected layer and a Dropout layer processing, the 

model generates the final RUL prediction value through 

another fully connected output layer of a single neuron, 

and the output layer adopts a linear activation function. 

Dropout layer, as a regularization technique, mainly 

plays a role in preventing overfitting and improving 

generalization ability in the model. 

Preventing overfitting: During the training phase, some 

neurons in the fully connected layer are randomly output 

to zero with a preset probability, forcing the network to 

not rely on specific neurons and avoiding excessive 

memory of training data noise. By dynamically cutting off 

fixed dependencies between neurons, each neuron is 

forced to learn robust features independently, reducing the 

sensitivity of the model to local features. 

Improving generalization ability: Each training 

iteration is equivalent to training a random sub network, 

and the final model can be viewed as a weighted ensemble 

of multiple sub networks, enhancing its adaptability to test 

data. Combined with a custom attention mechanism, 

Dropout can further enhance the model's ability to filter 

key time steps and avoid interference from irrelevant time 

steps. 

In addition, Dropout can also play a role in training 

optimization. The neuron outputs retained during training 

will be scaled to maintain the expected consistency of the 

overall activation value during the testing phase. 

Compared with traditional ensemble methods, Dropout 

only requires single network training to achieve similar 

effects, significantly reducing computational costs. 

 

 
Figure 4: RUL prediction model based on 

AM-CNN-BiLSTM 

 

The overall framework of explainable fault prediction 

methods is shown in Figure 5. 

 

 
Figure 5: The overall framework of explainable fault 

prediction methods 

Stage 1: A suitable neural network model is selected as 

the prediction network to accurately predict the remaining 

service life of the equipment. 

Stage 2: By constructing an interpretation network, the 

mapping relationship between the internal nodes of the 

prediction network and the underlying events is 

established to represent the state of the device. The 

activation state of the predicted network nodes is used to 

determine whether the underlying event has occurred, 

thereby extracting knowledge from the input data. 

Phase 3: The state of the device and its components is 

inferred by combining the underlying events. This 

inference can be presented in the form of natural language 

descriptions and intuitive graphs, providing multiple 

explanations for the prediction results. 

C. Cloud-edge Collaborative Real-time Online 

Diagnosis 

In the industrial Internet platform, it is necessary to 

solve the problems of different manufacturers, different 

standards, and different types of industrial equipment data 

connection, multiple types of industrial data aggregation 

and integration, equipment connection and 

interoperability, equipment real-time processing and edge 

computing technology.  

The prediction models trained on specific devices 

experience a significant increase in false positive rates 

during cross vendor or cross model migration due to 

differences in degradation mechanisms, requiring 

frequent re labeling of data and fine-tuning of models, 

which increases deployment costs massive device data 

needs rapid response from the edge layer, but the 

heterogeneity of industrial field protocols aggravates the 

data processing delay. When edge computing resources 

are limited, it is difficult to meet the timeliness 

requirements of life prediction The CNN BiLSTM model 

effectively compensates for the shortcomings of the 

platform in life prediction by integrating spatial feature 

extraction and temporal dependency modeling. 

At the cloud platform level, a series of technical issues 

need to be addressed, including the operation and 
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management of massive cloud-native applications, 

storage and management of massive data, health 

prediction of key equipment components based on big 

data, online real-time diagnosis of equipment failures in 

cloud-edge collaboration, equipment data sharing and 

collaboration, new generation industrial application 

development technology, and the application of digital 

twins and data mainlines. It involves six key technologies, 

as shown in Figure 6. 

 

 
Figure 6: Key technologies of equipment health 

management based on industrial Internet 

 

Edge storage devices can process massive private 

information data in real time, effectively reduce system 

energy consumption, and meet the various needs of 

traditional cloud computing. The cloud-edge 

collaboration framework based on the industrial Internet 

platform is shown in Figure 7. On the cloud platform, the 

main task is to use the advantages of abundant computing 

resources to conduct large-scale sample training. By 

making full use of the rich training sample data, storage 

and computing resources in the cloud, equipment fault 

diagnosis and prediction models can be trained and 

updated in real time and continuously, thereby training a 

universal diagnostic model. Therefore, this general model 

can be applied to a variety of different diagnostic 

scenarios. Finally, the trained model will be transferred 

from the cloud to the edge device. 

 

 
Figure 7: Cloud-edge collaboration mechanism 

 

 

4   Prediction process and 

experimental design 

D. Methods 

In order to realize fault prediction, it is usually 

necessary to continuously monitor the environment, the 

physical state of each equipment component, and sensor 

data. Then, the running data collected by the acquisition 

equipment is input into the selected appropriate fault 

prediction model, the development trend of the equipment 

state is analyzed. 

Although LSTM and GRU cannot directly handle 

variable length sequences, their collaborative application 

of dynamic computation (such as dynamic RNN skipping 

padding) and masking techniques (such as Masking layer 

filtering invalid positions) effectively solves this problem. 

The dynamic calculation adjusts the operation step size 

based on the actual length of the sequence, while the 

masking mechanism prevents the filler from participating 

in gradient updates. The combination of the two avoids 

computational redundancy and reduces noise interference. 

In addition, gating units and attention mechanisms 

naturally suppress the influence of filling regions. In 

practical applications, the data preprocessing stage 

achieves efficient processing of variable length sequences 

while maintaining model performance by 

filling/truncating uniform lengths and training with 

masking loss functions. 

For the training and deployment of the model, the 

prediction process is shown in Figure 8. After the model 

design is completed, the historical data and real-time data 

can be processed by the data preprocessing module set in 

advance. Using historical data as input data, the RUL 

prediction model is trained, and the trained model is 
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obtained. After reaching the credibility threshold, it is 

deployed into the predictive maintenance system, and the 

optimal model is used for RUL prediction. 

 
Figure 8: RUL prediction flow chart 

 

 

 

 

The credibility threshold refers to the minimum 

standard at which the predicted results are considered 

reliable. It is usually set based on historical data, model 

performance, and business requirements. This threshold 

can be measured through statistical methods to ensure that 

the predicted results are reliable within a certain range. 

Action taken based on the credibility threshold: When 

the predicted results of the model exceed the credibility 

threshold, the predicted results are considered reliable. At 

this point, the system will determine whether maintenance 

is necessary based on the predicted remaining useful life 

(RUL). If the RUL is lower than the preset maintenance 

value, the system will trigger a maintenance decision and 

arrange for equipment maintenance or replacement. If the 

predicted result does not exceed the credibility threshold, 

the system will consider the predicted result unreliable 

and may continue to monitor the data or use other models 

for further prediction until the predicted result reaches the 

credibility threshold. 

Once a maintenance decision is triggered, the system 

will automatically or manually perform maintenance 

operations, such as notifying maintenance personnel, 

generating maintenance work orders, scheduling 

equipment downtime, etc. After maintenance is completed, 

the system will perform RUL prediction again to ensure 

the normal operation of the equipment and continue to 

monitor its status. In summary, the credibility threshold 

plays a crucial role in ensuring the reliability of prediction 

results. Only when the predicted results reach the 

credibility threshold, the system will make maintenance 

decisions based on the predicted RUL and take 

corresponding actions. 

The research uses the CWRU data set provided by 

Western Reserve University, which contains rolling 

bearing vibration signals, covers normal and various fault 

states, and is suitable for fault diagnosis research. UCI 

database provided by the University of California, Irvine, 

these two data sets are suitable for algorithm research, and 

there are two industrial data sets Augury and FEMTO, 

which are closer to practical applications. 

The core reason why CWRU, UCI, Augury, and 

FEMTO datasets are widely used in equipment life 

prediction (especially RUL prediction) research is that 

they cover the key validation dimensions of equipment 

prediction and each has complementary advantages. The 

four types of datasets jointly construct a complete 

experimental chain from basic validation (CWRU) → 

feature challenge (UCI) → real-time testing (Augury) → 

life prediction limit assessment (FEMTO), covering the 

core technical bottlenecks of predictive maintenance. 

The data preprocessing methods are as follows: 

 

(1) Data segmentation and standardization 

The CWRU vibration signal needs to be sampled with a 

fixed length and normalized to the maximum and 

minimum range [0,1]. Missing values in the UCI data are 

checked and imputed using the mean, and continuous 

variables are standardized using Z-scores. The industrial 

grade dataset (Auguy/FMTO) preserves the original 

sampling rate and synchronously aligns multi-sensor 

timing data. 

 

(2) Feature Engineering and Label Generation 

Generate fault type labels for CWRU data using 0ne hot 

encoding; The UCI classification task requires label 

encoding of categorical variables and PCA dimensionality 

reduction to select the top k principal components. 

Construct RUL degradation curve by combining industrial 

dataset with equipment log annotation of fault occurrence 

time points. 

 

(3) Data augmentation and partitioning 

Adding Gaussian noise and random translation to 

enhance sample diversity in CWRU vibration signals; 

Divide the training set, validation set, and testing set in a 

ratio of 7:2:1 to ensure a balanced distribution of samples 

in each category 

 

(4). Input adaptability processing 

Reconstruct the one-dimensional vibration signal of 

CWRU into a two-dimensional matrix and adapt it to the 

input dimension of CNN BiLSTM. The industrial dataset 

requires sliding window segmentation (window length 

500 ms, weight rate 30%) to match the temporal 

requirements of the model The preprocessed data should 

meet the following criteria: 1) no missing/outlier values; 2) 

Unified feature scale; 3) Strict alignment between labels 

and sensor data: 4) Consistent distribution of training test 

set. 

When maintaining complex equipment in smart 

factories, the economic losses caused by untimely 

maintenance will be greater, and higher penalties are 
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needed for lagging maintenance, so higher penalties will 

be imposed when the prediction results are high. The 

formula for calculating score is: 
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( )f i  represents the scoring function comparing the 

predicted value and the actual value of the i-th engine, and 

id  represents the difference between the predicted value 

and the actual value of the RUL of the i-th engine. m  

represents the total number of engines. 

When 0id  , the predicted value is less than the true 

value, indicating an advanced prediction. However, when 

0id  , the test value is greater than the true value, 

indicating a lagging prediction. This function uses 

different parameters to distinguish between advanced 

prediction and lagging prediction. The importance of 

prediction in the later period of life is greater than that in 

the early period of life, that is, advanced prediction is 

conducive to timely discovery of equipment hidden 

dangers and early maintenance. 

The values of "forward prediction" and "backward 

prediction" come from the demand for prediction 

accuracy, consideration of economic losses, design of 

scoring functions, and experimental verification results. 

 

(1) Prediction accuracy requirements. 

In smart factories, equipment maintenance is crucial. 

The accuracy of prediction methods is crucial to ensure 

the efficient operation of equipment and reduce economic 

losses caused by malfunctions. 

 

(2) Economic loss considerations. 

Lag prediction (where the predicted value is greater 

than the true value) means that maintenance actions may 

be delayed, which could lead to unexpected equipment 

failures and result in greater economic losses. Therefore, 

higher penalties should be imposed on lagging 

predictions. 

This paper mainly analyzes the data training of 

AM-CNN BiLSTM in the experiment, and evaluates the 

performance parameters and prediction performance of 

the model. By comparing it with the existing models 

through comparative experiments, the effectiveness of the 

AM-CNN BiLSTM model is further verified. 

The hardware parameters are as follows: 

Video memory capacity: 24GB, used for processing 

large time-series data and high-dimensional feature 

matrices for attention mechanisms; Graphics card: 

NVIDIA RTX 3090; Memory bandwidth:>800GB/s; 

System memory: 64GB DDR4/DDR5; Solid state drive: 

NVMe SSD (≥ 5TB) 

The software environment is as follows: 

Deep learning frameworks TensorFlow 2.8/PyTorch 

1.12; CUDA toolkit: CUDA 11.8; Python: Python 3.10. 

E. Experimental Results 

Firstly, CNN is used to extract features from the 

preprocessed high-dimensional time series data. Then, the 

data after dimensionality reduction by CNN is learned 

through the BiLSTM module combined with attention 

mechanism. Through Figure 9, we can observe the error 

changes during training and verification. These graphs can 

help understand how the model performs during training, 

including whether the model is learning, whether there are 

problems with overfitting or underfitting, etc. In Figure 9, 

the curves of training set loss and test set loss are 

consistent with each other, the fluctuation is small, and the 

overall running process is stable. 

 

 
Figure 9: Loss curve diagram 

 

From the graph, it can be seen that the loss values of the 

training and testing sets gradually decrease with 

increasing iteration times, and the curves of the two are 

highly consistent with each other, with small fluctuations. 

Model learning situation: The continuous decrease in 

loss value indicates that the model is effectively learning 

and continuously optimizing its parameters to better fit the 

data. Overfitting and underfitting: As the loss curves of 

the training and testing sets are almost identical, it 

indicates that the features learned by the model on the 

training data are also applicable to the testing data, and 

there is no problem of overfitting or underfitting. 

Test set training situation: The figure does not show the 

process of the test set participating in training, and usually 

the test set is only used to evaluate model performance 

and not for training. Therefore, it can be concluded that 

these models were not trained on the test set. In summary, 

the model performs stably during the training process, 

effectively learning the features of the training data and 

maintaining good generalization ability on the test data. 

In addition to regularization methods such as random 

discard, this study also uses EarlyStopping to prevent 

overfitting, mainly by setting specific conditions. When 

the conditions are met, the model converges by default 

and ends the training. Through the divided data set, if it is 

found that the loss has not reached the expected reduction 

in several consecutive set periods during the training 

process, the training will be ended, and then the optimal 
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parameters will be saved. 

In the prediction model, some parameters of the 

network layer need to be set, such as the size and number 

of filters in the convolutional layer. For the setting of 

training options, there are also many parameters to choose 

from 

Optimized parameters include batch size, number of 

filters in the convolutional layer, number of LSTM units, 

dropout ratio, and learning rate. The values of these 

parameters are randomly selected from predefined ranges 

to find the optimal model configuration. In the training of 

comparative experiments, keras. callbacks. EarlyStopping 

is used to prevent overfitting and end the training early, 

and its parameters min - delta = 0.001 and patience = 6 are 

selected. 

 

This model adopts established parameter settings, while 

other models are set according to reasonable parameters 

set in existing research. For the CWRU dataset, as shown 

in Table 2. 

 

Table 2: Results of comparative experiment 

Models RMSE SCORE 

LSTM 22.912  840.915  

BiLSTM 21.959  758.765  

CNN-LSTM 16.040  458.067  

AM-CNN-LSTM 15.109  376.779  

AM-CNN-BIGRU 14.616  409.567  

AM-CNN-BiLSTM 13.619  305.170  

 

Group wise training and merged training are two 

differentiation strategies for multi device data processing, 

with the core difference being whether to preserve the 

individual characteristics of device data. 

Group training is the process of independently dividing 

datasets from different devices into training and testing 

sets, and building and training independent prediction 

models for each device separately. For example, if there 

are 10 types of equipment in a factory, train 10 specialized 

models, and each model only learns the degradation law 

of the corresponding equipment Similar devices may have 

significantly different sensor data distributions due to 

differences in operating conditions, loads, and aging 

levels. Grouping training can prevent noise or irrelevant 

patterns between different devices from interfering with 

the feature learning of a single device. 

Merge training is the process of mixing data from all 

devices and uniformly dividing it into a training set and a 

testing set. It trains a single universal model to learn 

common degradation patterns across devices, assuming 

that the core degradation mechanisms of similar devices 

have transferable patterns during training. Integrating data 

from multiple devices improves the diversity of training 

samples and enhances the model's generalization ability. 

Figure 10 compares several models for predicting the 

remaining lifespan of equipment and compares the 

predicted values with the standard values. The higher the 

overlap between the predicted value curve and the true 

value curve, the closer the predicted result is to the true 

value, indicating that the predictive performance of the 

model is better. 

 

 
(a) Comparison chart of prediction results of data set CWRU 
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(b) Comparison chart of prediction results of data set UCI 

 
(c) Comparison chart of prediction results of data set Augury 

 
(d) Comparison chart of prediction results of data set FEMTO 

 

Figure 10: Comparison chart of prediction results 
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(a) CWRU 

  
(b) UCI 

  
(c) Augury 

 
(d) FEMTO 

Figure 11: Comparison between model predicted value and true value 

 

Table 3: Results of comparative experiment 2 

Models CWRU UCI Augury FEMTO 
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RMSE SCORE RMSE SCORE RMSE SCORE RMSE SCORE 

CNN 15.209  383.911  28.326  52230.329  17.036  1025.678  28.887  50249.783  

LSTM 18.525  664.694  28.078  28521.783  19.321  953.958  31.479  42879.917  

CNN-LSTM 14.046  366.849  29.579  59517.454  15.584  856.157  31.405  74825.994  

AM-CNN-BIGRU 15.116  525.174  30.699  74355.059  15.638  872.645  30.742  49048.923  

AM-CNN-BiLSTM 13.402  303.394  27.347  10944.704  17.300  667.815  31.326  12577.505  

 

When the parameters are not changed, Figure 10 shows 

the comparison between the predicted lifespan and the 

true value of the three prediction methods on four data sets. 

From Figure 10, we can see that most of the predicted 

RULs of this study are close to the real RULs, and a small 

number of predicted RULs have deviations, and most of 

the deviations are advanced predictions, which are less 

harmful than lagging predictions. 

The prediction accuracy of combined training is higher 

than that of grouped training, which improves the 

prediction accuracy. From the perspective of Score 

indicators, advanced prediction is achieved. 

It is verified on four data sets respectively. Comparison 

between model predicted value and true value is shown in 

Figure 11. 

The experimental results are compared with CNN, 

LSTM and some related hybrid deep learning models for 

verification. The experimental results of different 

methods can be compared and displayed in a tabular form 

to draw the final conclusion. Through such a comparison, 

it is possible to more clearly see the advantages and 

disadvantages and methods in predicting the RUL of 

turbofan engines. The results of comparative experiment 2 

is shown in Table 3. 

Table 3 shows experiments conducted on different 

models on four datasets, and introduces root mean square 

error (RMSE) based on the SCORE parameters mentioned 

earlier. RMSE is an indicator used to measure the 

prediction accuracy of the model. The smaller the RMSE 

value, the closer the model's predicted results are to the 

actual values, indicating better predictive performance. 

For example, on the CWRU dataset, the AM-CNN 

BiLSTM model has the smallest RMSE value, indicating 

that its predictive performance is optimal on this dataset. 

To further validate the performance of the model in this 

article, a multidimensional indicator system and statistical 

method system were designed to systematically verify the 

predictive performance of the AM-CNN BiLSTM model. 

First, the baseline model comparison model including 

LSTM and TCN is extended, and 5-fold cross validation is 

performed using the CWRU bearing and NASA turbine 

datasets. Secondly, seven error and correlation indicators 

such as RMSE, MAE, and R² are introduced, combined 

with F1 Score to evaluate classification ability. Finally, 

the significance of performance differences (p<0.01) was 

verified through paired t-test, supplemented by residual 

analysis and hyperparameter sensitivity testing to ensure 

the reliability of the results.  

The experimental results are shown in Table 4. 

 

Table 4: Simulation results data 

Models 
RMSE MAE R² F1-Score Training time (s) 

0.042 0.031 0.983 0.952 218 

CNN-BiLSTM 0.057 0.043 0.971 0.931 195 

Transformer 0.063 0.049 0.963 0.912 254 

 

The robustness test of the AM-CNN BiLSTM model is 

implemented through a multidimensional validation 

framework: firstly, data perturbation testing is used, 

injecting Gaussian noise of different intensities 

(σ=0.1~0.3) and randomly masking 5% -15% of the input 

data; Next, conduct architecture ablation experiments, 

Finally, through cross dataset migration testing, it was 

verified that the model needs to adjust the convolution 

kernel size to adapt to different domain features. This 

testing system comprehensively evaluates the 

performance of the model in terms of noise resistance, 

component dependency, and generalization ability, 

providing a basis for optimizing the residual correction 

module and CEEMDAN signal decomposition in the 

future. 

Table 5 is a summary of the stability test results of the 

AM-CNN BiLSTM model under moderate noise 

environment (σ ≤ 0.3). 

 

Table 5: Stability test results 

Test 

conditions 

Evaluatio
n 

indicators 

σ=0.1 
σ=0.

2 
σ=0.3 

Performance 

degradation 

rate (σ=0.2 
→ 0.3) 

Gaussian 

noise 

injection 

RMSE 0.046 
0.05

1 
0.059 15.7%↑ 

MAE 0.034 
0.03
9 

0.045 15.4%↑ 

R² 0.978 
0.97

1 
0.962 0.9%↓ 

Random 
masking 

compensati

on 

Accuracy 

rate 

95.20

% 

93.1

0% 

89.60

% 
5.9%↓ 

Cross 
dataset 

migration 

F1-Score 0.928 
0.90

5 
0.872 6.0%↓ 

The results of the ablation test are shown in Table 6. 
 

Table 6: The results of the ablation test 

Model variants Remove/Modify Components Accuracy (%) F1-Score RMSE 

Remove 

Attention 

Mechanism 

(AM) 

- 94.7 0.92 0.046 

Attention layer 89.2 0.85 0.063 

BiLSTM → Unidirectional 

LSTM 
91.5 0.88 0.051 
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Remove CNN 

convolutional 

layer 

Only retain the pooling layer 8260.00% 79.00% 7.80% 

Randomly 

initialize 

weights 

Replace pre training 

parameters 
87.3 0.83 0.069 

F. Analysis and Discussion 

In Table 3, the CNN-BiLSTM model performs best in 

most cases, with the lowest RMSE and Score values, 

especially on the CWRU and UCI datasets. This shows 

that the CNN-BiLSTM model with the introduction of the 

attention mechanism can more accurately predict the 

remaining life of complex equipment, especially when 

processing more complex or noisy data. On CWRU and 

Augury data sets, showing its powerful ability to deal with 

relatively simple data sets. Especially, on the CWRU 

dataset, its RMSE and Score are significantly better than 

other models. 

On the two more complex and more variable datasets, 

UCI and FEMTO, although the model still performs best 

on UCI, the RMSE performance on FEMTO is not the 

best, but the Score value is still the lowest. In general, its 

lower Score value and higher RMSE value on the four 

datasets indicate that in most cases, the model can greatly 

maintain the accuracy of prediction and the generalization 

of the model. 

 

In Table 4, the RMSE of AM-CNN BiLSTM is 0.042, 

which is the lowest among the three, indicating that the 

error between its predicted results and actual values is the 

smallest. The RMSE of CNN BiLSTM is 0.057, slightly 

higher than that of AM-CNN BiLSTM. The RMSE of 

Transformer is 0.063, which is the highest among the 

three, indicating that its prediction error is relatively large. 

The MAE of AM-CNN BiLSTM is 0.031, which is also 

the lowest among the three, further proving its accuracy in 

prediction. The MAE of CNN BiLSTM is 0.043. The 

MAE of Transformer is 0.049, which is relatively high. 

The R-value of AM-CNN BiLSTM is 0.983, close to 1, 

indicating a very good model fit. The R2 of CNN 

BiLSTM is 0.971, slightly lower than that of AM-CNN 

BiLSTM. The R value of Transformer is 0.963, which is 

good but slightly lower than the other two. 

The F1 Score of AM-CNN BiLSTM is 0.952, which is 

the highest among the three, indicating its excellent 

performance in balancing accuracy and recall. The F1 

Score of CNN BiLSTM is 0.931. The F1 Score of 

Transformer is 0.912, which is relatively low. 

The training time of Transformer is the longest, at 254 

seconds, which may require more computing resources 

and time. The training time of AM-CNN BiLSTM is 218 

seconds, which is relatively short. The training time of 

CNN BiLSTM is 195 seconds, which is the shortest 

among the three. 

In summary, AM-CNN BiLSTM performs evenly and 

excellently in all indicators, and is the best performer 

among these three models. 

In Table 5, when the noise intensity σ ≤ 0.2, the 

RMSE fluctuation amplitude of the model is less than 

12%, and the R2 remains above 0.97, indicating strong 

stability; When σ =0.3, the performance deteriorates 

significantly (RMSE increases by 15.7%), and EEMD 

preprocessing needs to be combined to improve noise 

resistance; The data masking compensation capability is 

superior to traditional LSTM, and the accuracy only 

decreases by 5.6% when 15% of data is missing. The test 

results demonstrate that the model has excellent 

spatiotemporal feature joint modeling ability, but exposes 

sensitivity to extreme noise (significant performance 

degradation when σ>0.3) and hyperparameter dependence 

issues. Suggest introducing adaptive noise suppression 

module and dynamic convolution kernel mechanism in 

the future to improve universality 

In Table 6, Removing AM resulted in a 5.5% decrease 

in accuracy and a 0.07% decrease in F1 Score, indicating a 

significant focusing effect on temporal features. 

Unidirectional LSTM replacement increases RMSE by 

10.9%, verifying the effectiveness of BiLSTM for 

contextual information fusion; The performance drops 

sharply after removing the convolutional layer, indicating 

that its spatial feature extraction is irreplaceable. 

Randomly initializing weights leads to model degradation, 

highlighting the importance of pre training for stability 

The ablation experiment revealed the contribution ranking 

of each module: CNN>AM>BiLSTM. It is recommended 

to prioritize enhancing the robustness of the convolutional 

kernel in subsequent optimization. 

Through comprehensive analysis, it can be seen that the 

main functions of the CNN-BiLSTM model are as 

follows:  

(1) Multi-dimensional feature extraction capability. 

Spatial feature extraction (CNN): Through convolution 

layer and pooling layer, CNN can efficiently extract local 

spatial features in sensor signals or vibration data (such as 

abnormal waveforms of equipment vibration signals), 

which is suitable for capturing microscopic morphological 

features of faults. Timing Series Feature Modeling 

(BiLSTM): BiLSTM simultaneously capture forward and 

backward timing dependencies of data, effectively 

identifying long-term degradation trends or periodic 

failure modes in equipment operating status. 

(2) Deep integration of spatiotemporal features. Joint 

modeling capability: CNN-BiLSTM deeply integrates 

spatial features (such as spatial distribution of vibration 

signals) with time series features (such as continuous 

trend of temperature changes) to improve the 

comprehensive diagnosis accuracy of complex fault 

modes. 

(3) Automated feature engineering. End-to-end 

learning: The model does not need to rely on manual 

feature engineering, and can automatically learn fault 

features directly from raw data (such as vibration signals 

and equipment currents), reducing the dependence on 

expert experience and improving generalization 

capabilities. 



 

 

394 Informatica 49 (2025) 379–396                                                                                                                             N. Zhang et al. 

 

 

 

(4) Adapt to diverse data scenarios. Multi-modal data 

processing: The model supports the processing of 

structured time series data (sensor readings), unstructured 

data (equipment logs) and image data (thermal images), 

and is suitable for fault diagnosis in power systems, 

rotating machinery, industrial sensors and other fields. 

(5) Real-time and robustness. Dynamic prediction 

ability: Combined with sliding window technology, the 

model can analyze the time series data collected in real 

time (such as server temperature and current fluctuation) 

online, and realize early warning of faults (the response 

delay is less than 0.5 seconds. 

The combination of LSTM/BiLSTM+CNN achieves a 

balance between computational efficiency, 

comprehensive feature extraction, and industrial noise 

robustness through hierarchical collaboration of local 

feature abstraction (CNN), long-term dependency 

modeling (LSTM), and context enhancement (BiLSTM), 

making it the mainstream solution for equipment life 

prediction. The excluded architectures (such as 

Transformer, pure RNN) are difficult to match the core 

requirements of the task due to computational redundancy 

or incomplete functional coverage. 

The CNN-BiLSTM model shows significant 

advantages in the field of fault diagnosis through joint 

modeling of spatial-temporal series features, end-to-end 

learning mechanism, and multi-modal data compatibility. 

In particular, it performs better than a single model in 

complex industrial scenarios (such as bearing fault 

diagnosis, power equipment operation and maintenance). 

Its core value lies in balancing diagnostic accuracy and 

real-time requirements, so as to provide reliable technical 

support for predictive maintenance. 

Although this model can play an important role in 

intelligent manufacturing systems, it also has some 

limitations. First, the model’s feature extraction 

capabilities are limited: CNN has strong local feature 

extraction capabilities for time series data, but the 

modeling of global time series dependencies is 

insufficient. Although BiLSTM can capture long-term 

dependencies, it has limited ability to mine complex 

spatial features, and the combination of the two may still 

miss key fault features. In addition, CNN-BiLSTM model 

faces core limitations in fault diagnosis, such as low 

computational efficiency, high data dependence, complex 

hyperparameter tuning and insufficient long sequence 

processing ability. Although the problem can be partially 

alleviated by introducing attention mechanism or 

optimization algorithm, its underlying architectural 

limitations still need to be weighed and improved in 

combination with specific scenarios. 

The model's life prediction method for engines (based 

on CNN-LSTM/BiLSTM temporal modeling) can be 

transferred to other rotating machinery such as motors, 

pumps, fans, etc. Due to its core focus on the temporal 

degradation mode of vibration/temperature signals, such 

features are universal in industrial equipment. However, 

the following aspects need to be adjusted based on the 

data characteristics of the target machine: 

(1) Need to redesign the input channel of CNN Sensor 

type adaptation: If the monitoring parameters of the target 

machine are different (such as pressure replacing 

vibration); (2). Differences in Failure Modes: The failure 

mechanisms of different machines (such as gearbox 

peeling vs. bearing wear) may affect the long-term 

dependency modeling of LSTM and require fine-tuning of 

network depth; 

(3) Changes in noise distribution: If the operating noise 

of new equipment is more significant, it is necessary to 

enhance the masking mechanism or data augmentation 

applicability boundary. For non-temporal dependent 

faults (such as sudden circuit short circuits) or static 

equipment (such as pipeline corrosion), the effectiveness 

of this model may be limited. 

 

5   Conclusion 
Predictive maintenance is an important technology in 

the field of intelligent manufacturing. It uses data analysis, 

machine learning and other technical means to monitor 

and analyze equipment operation data in real time. By 

predicting the possibility of equipment failure or failure, 

timely maintenance and maintenance of equipment can be 

realized, thereby reducing equipment maintenance costs, 

improving equipment operation efficiency and production 

efficiency, and reducing production interruptions and 

downtime. A CNN-BiLSTM network model based on 

attention mechanism is proposed to predict RUL of 

multi-sensor devices, and its accuracy and generalization 

are verified by experiments. Combined with the analysis 

of experimental results, the model proposed has the best 

performance and shows its powerful ability in dealing 

with relatively simple data sets. In particular, its RMSE 

and Score are significantly better than other models on the 

CWRU dataset. The lower Score values and higher RMSE 

values on multiple data sets show that in most cases, the 

model can greatly maintain the prediction accuracy and 

generalization of the model. 

However, the model does not model the global time 

series dependency enough. Therefore, it needs to be 

continuously improved in combination with the timing 

algorithm in the future, and its computational efficiency 

needs to be further improved. At the same time, time 

series algorithms can be introduced and real-time 

improvements can be made in combination with specific 

scenarios, and the system model can be improved by 

combining theory with experiments. 
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Parallel robots have uncertain problems such as time-varying model parameters and external 

disturbances. When the sorting load is unknown and changes dynamically, the load moment of inertia will 

change significantly when the sorting objects are connected in series. This paper proposes a sorting 

parallel robot control system that combines ESO and adaptive control, thereby improving the control 

effect of the sorting parallel robot and improving the control efficiency of the parallel robot. The new 

controller (IM-ST-ESO) is based on OLI-SMC and IASMC. And designs an adaptive law to weaken the 

dependence of the generalized super-twisting sliding mode algorithm on the disturbance boundary, 

improve the anti-disturbance ability of the system, and further improve the convergence speed of the 

system through the linear terms in the integral fast non-singular sliding surface. Combined with the 

experimental analysis, The experimental method has achieved significant results in optimizing the 

running time of the Delta robot sorting process. After optimization, the running time is 0.231s, which is 

6.60% lower than before optimization. The average impact of each joint of the driving arm is significantly 

reduced, and the impact is reduced by 80.00%. Reducing joint impact helps improve the operational 

efficiency of robots and extend their lifespan. At the same time, it significantly reduces the average impact 

of each joint of the drive arm, and the impact is reduced by 80.00%. Therefore, it can be seen that the 

sorting parallel robot control system combined with ESO and adaptive control can effectively improve 

sorting efficiency and system performance, and can play an important role in subsequent intelligent 

production and intelligent operation. 

Povzetek: Članek predstavi IM-ST-ESO: adaptivno drsno vodenje robota s super-twisting ESO s 

spremenljivim ojačanjem in hiperbolično zamenjavo signuma, kar zmanjša trepetanje, pospeši 

konvergenco ter izboljša sledenje in robustnost. 

 

1   Introduction 
Trajectory tracking, as one of the key technologies of 

parallel robots, can accurately run along the 

predetermined trajectory and has become a hot topic in 

current research. 

The application of parallel robot in industry mainly 

focuses on precise positioning and ideal dynamic 

characteristics, so dynamic analysis is necessary. 

Common position-based kinematics feedback control 

method is difficult to have accurate control accuracy and 

response speed. Moreover, PID feedback control is a 

common control scheme in industry. When using this 

scheme for trajectory planning, the limitation of robot 

power system cannot be reasonably considered, and the 

speed or acceleration trajectory exceeds the physical 

limitation of motor can be generated. 

The traditional Delta parallel robot controls the end of 

the robot to complete the corresponding tasks according to 

the planned path through teaching programming, accuracy 

and stability. When the working conditions change, it is 

necessary to re-program the parallel robot according to the 

actual working conditions to meet the new working 

requirements. Therefore, the traditional Delta parallel 

robot does not have the flexibility to adapt to changeable 

working tasks, and is only suitable for a single task and a 

relatively fixed working environment. With the 

optimization and upgrading of the industrial structure of 

manufacturing industry, Delta parallel robots based on 

teaching programming are difficult to meet the needs of 

flexible manufacturing on intelligent production lines. 

Therefore, on the basis of traditional teaching 

programming, vision sensors are gradually applied to 

Delta robots. As the “eyes” of robots, visual sensors 

enhance the robot’s ability to perceive the surrounding 

environment, enabling the robot to analyze, process and 

judge the surrounding environment, and guide the robot to 

complete complex and diverse tasks [1]. Applying visual 

sensors to industrial robots and guiding and controlling 

them belongs to the application scope of machine vision. 

Industrial robots equipped with machine vision have the 

advantages of accurate positioning, high operating 

efficiency and high flexibility. In addition, they can use 

machine vision to recognize, classify and determine the 
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position and posture of workpieces, thereby planning 

trajectories to guide the robot to perform actions to 

complete corresponding work tasks, which greatly 

improves the robot’s work efficiency [2]. Nowadays, the 

manufacturing cost is increasing day by day, the speed of 

product iterative upgrading is accelerating, and new 

products are constantly being launched. Therefore, the 

intelligent transformation of industrial production lines is 

urgent [3]. Based on the urgent demand of visually guided 

Delta parallel robot in industrial automation production 

line, this paper not only improves the accuracy of visual 

recognition and positioning, but also ensures the 

reliability of real-time tracking of moving workpieces, 

and provides accurate workpiece category and position 

information for subsequent Delta robot to perform sorting 

tasks, which has important theoretical value and practical 

significance to improve the intelligent level of Delta 

parallel robot. 

This work proposes a variable-gain ST-ESO based 

control architecture for parallel Delta robots to improve 

sorting accuracy, robustness, and computation efficiency 

under variable load conditions. This paper proposes a 

sorting parallel robot control system that combines ESO 

and adaptive control, thereby improving the control effect 

of the sorting parallel robot and improving the control 

efficiency of the parallel robot. Moreover, this paper uses 

a hyperbolic function to replace the sign function in the 

super-twisting sliding mode expansion state observer to 

further reduce system chattering. In addition, this paper 

designs a variable gain function that can change in real 

time with the observation error to replace the linear gain 

of ST-ESO, and designs an adaptive law to weaken the 

dependence of the generalized super-twisting sliding 

mode algorithm on the disturbance boundary, improve the 

anti-disturbance ability of the system, and further improve 

the convergence speed of the system through the linear 

terms in the integral fast non-singular sliding surface. 

 

2   Related works 
(1) Parallel robot 

Because of its compact structure, the working space of 

parallel robot is relatively small, which also makes it more 

difficult to study than series robot in the early stage.  

Reference [4] has done a lot of research on the Delta 

parallel mechanism, and wants to simplify the mechanism. 

Finally, the mechanism is simplified by replacing the ball 

hinge with Hooke hinge, and the stability of the 

mechanism is improved. Reference [5] put forward the 

concept of Hexa high-speed manipulator, and its principle 

is to change the Delta parallel mechanism into a 

six-branch chain to improve its maneuverability. 

Reference [6] used intelligent industrial robots to sort on 

multiple production lines, replacing the original manual 

operation and improving the sustainability of production 

line production. 

With the large number of practical applications of 

image processing in industry, the development of machine 

vision technology sometimes can’t meet some specific 

sorting, detection and recognition needs, and there is 

another bottleneck in realizing intelligent sorting. As 

research deepened, researchers began to focus on the field 

of artificial intelligence and expanded the use of machine 

learning in industrial production [7]. Machine learning is a 

science of artificial intelligence. The object of research 

imitation is the related performance of people in learning, 

which is converted into computer language to improve the 

performance of specific algorithms. Its three major 

elements are data, algorithms and models. There are many 

branches of machine learning, among which deep learning 

is the latest research direction and the closest to the initial 

research goal of machine learning. The goal is to realize 

that machines have the ability to analyze and solve 

problems like humans [8]. In addition, deep learning 

realizes autonomous learning in a data-driven way, and its 

ability to generalize essential features is higher than that 

of specific image processing. It performs well in tasks 

such as search technology, target detection, recognition 

and classification, data mining, and image segmentation. 

Sorting robots integrate deep learning technology, which 

performs well in practical applications, improves sorting 

efficiency and provides a new way for factories to develop 

intelligence. Moreover, it has better replaceability for 

target diversity in sorting, and the cost of factory 

development and production line is also reduced [9] 

 

(2) Research on trajectory planning and control 

strategy of parallel robot 

The motion performance of the robot is usually closely 

related to the motion of the end effector, and the motion of 

the end is transmitted by each branch chain or joint in turn 

to drive the end to move in the workspace. When the 

terminal performs the specified task, it moves 

purposefully. It is necessary to determine the path of the 

robot according to the task execution, and move along the 

planned path. In order to improve the motion performance 

of the mechanism, it is necessary to determine the speed, 

acceleration and motion law in the motion process. This 

process is trajectory planning [10]. According to different 

end execution tasks and whether it is necessary to specify 

specific paths, it can be divided into point-to-point 

trajectory planning and continuous path planning. 

According to different planning coordinate spaces, it can 

be divided into Cartesian coordinate space planning and 

joint space planning. The two kinds of spatial planning 

have certain connection. Nowadays, the application 

scenarios of parallel robots tend to be diversified and 

complex. In addition to meeting the constraints of the 

mechanism itself, according to the trajectory planning 

optimization indicators, such as execution time, impact on 

the mechanism, vibration, etc., trajectory planning is 

mainly divided into: time optimal planning, minimum 

energy consumption planning and vibration impact 

optimization. The purpose is to improve the overall 

performance of the mechanism or reduce the difficulty of 
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control by improving or combining the motion trajectory 

[11]. In practical applications, Delta parallel robot is 

mainly used for quick grasping, sorting or packaging of 

targets on conveyor belts. In reference [12], while 

ensuring continuous acceleration and speed and reducing 

mechanism vibration, the trajectory planning in the 

workspace was carried out with the shortest working cycle 

of Delta parallel robot as the goal, and it was concluded 

that the modified trapezoidal motion law has a short 

period. Reference [13] proposed a hyperelliptic curve 

trajectory planning method for the turning point of gate 

trajectory, which uses high-order polynomial for 

smoothing. Reference [14] used Lame curve to smooth the 

gate trajectory, and optimized the trajectory parameters 

through the change of load energy. Reference [15] used 

the method of dynamic trajectory programming based on 

Bézier curve, and used polynomial of degree 3-4-5 to plan 

the dynamic trajectory. The results show that the residual 

vibration can be effectively reduced. In reference [16], the 

arc transition was used at the right angle of the gate 

trajectory, and the modified trapezoid was used to plan the 

task trajectory, which reduces the impact of the transition 

section on the system. In reference [17], the gate trajectory 

was processed by segments, and the height and length of 

the trajectory were controlled by polynomial interpolation 

method for segments, and the optimal period of the 

trajectory was obtained by improving particle swarm 

algorithm. Aiming at the problem of unsmooth motion of 

Delta robot in the process of grasping and placing, 

reference [18] proposed arc planning to achieve the 

trajectory in space by using polynomial to plan the 

obtained angle, so as to obtain the parameters of the end 

trajectory. Through experiments, the peak value of the end 

acceleration decreases and the motion tends to be smooth. 

In the process of considering the optimal time and 

energy consumption, the focus of trajectory planning is 

still on the smoothness and stability of motion. The 

performance and energy consumption of the currently 

used motors have been guaranteed, so when the speed is 

sufficient, trajectory planning is more inclined to smooth 

the motion curve, stabilize the end and reduce the impact. 

The core of the stable and accurate operation of Delta 

parallel robot and the accurate execution of complex tasks 

lies in the control of the robot, so it is necessary to design 

an intelligent control strategy with strong robustness and 

adaptive adjustment. Delta parallel robot has the problems 

of joint coupling and nonlinear control object, and its 

control has always been a difficult and hot spot in research 

[19]. Parallel robots are mainly divided into two types of 

control, kinematics control and dynamics control. 

Kinematic control mainly establishes a dynamic 

connection between the motion relationship between the 

robot’s execution end and the drive end and the drive 

device, so as to control the drive device 

(electromechanical, electro-hydraulic, electromagnetic, 

etc.) according to the end motion. The dynamic control is 

controlled by the dynamic model and the end force. 

Commonly used control strategies include PID control, 

synovial membrane control, calculated torque control and 

control strategies combined with corresponding 

intelligent algorithms [20]. 

The summary of existing research is shown in Table 1. 

 

Table 1: Summary of existing researches 

Research field Core methods/technologies 
Industrial sorting performance 

indicators 
Insufficient 

Mechanism 
optimization 

Tiger joint replaces ball joint Enhance structural stability 

The workspace may be limited and there may be 

insufficient optimization of dynamic 

performance 

Hexa six branched structure Enhance maneuverability 
The complexity of the structure increases, 
making it more difficult to control 

Machine vision 

integration 
Deep learning object detection 

Sorting efficiency ↑, production line 

cost ↓, adaptability to target diversity 
↑ 

Real time performance is limited by model 

complexity and relies on a large amount of 
annotated data 

Trajectory 

planning\ 

Correct the law of trapezoidal 

motion 
Shorten the homework cycle 

Sudden acceleration change leads to impact 

vibration 

Super elliptic curve (high-order 
polynomial smoothing) 

Improve the smoothness of turning 
points 

Complex calculation and poor real-time 
performance 

Lame curve+energy optimization Reduce load energy fluctuations 
Parameter optimization depends on specific 

scenarios and has weak generalization 

B é zier curve+polynomial 

interpolation 

Significantly reduce residual 

vibration 
Insufficient adaptability to dynamic trajectories 

Arc transition+corrected trapezoid Reduce system impact 
Trajectory length increases, sacrificing time 

efficiency 

Segmented polynomial+improved 
particle swarm optimization 

Optimize cycle 
Algorithm convergence is slow, and real-time 
control is difficult to guarantee 

Arc planning+angle polynomial 
Peak acceleration ↓, smoothness of 

motion ↑ 

Unresolved robustness issue under external 

interference 

Control strategy 

PID+intelligent algorithm Accuracy ↑, adaptability ↑ 
Most of the experiments are in the experimental 
stage, and the robustness of practical 

applications is insufficient 

SMC (Sliding Mode Control) Strong anti-interference ability 
Severe high-frequency oscillation requires 
precise modeling 

ESO+SMC combination 
Enhanced disturbance estimation 

capability 

ESO is sensitive to noise, and fixed parameters 

lead to rigid dynamic response 



 

 

400 Informatica 49 (2025) 397–414                                                                                                                                         L. Guo 

 

 

 

 

 

 

There are three shortcomings in the existing research on 

sorting control of Delta parallel robots. Firstly, traditional 

trajectory planning methods rely on preset parameters and 

are difficult to dynamically adapt to changes in working 

conditions such as conveyor belt speed fluctuations. 

Secondly, mainstream control strategies require precise 

modeling and have limited anti-interference capabilities, 

resulting in tracking errors (>0.5 mm) or chattering 

phenomena during high-speed sorting. Thirdly, intelligent 

algorithms are computationally complex and difficult to 

meet millisecond level real-time response requirements. 

The system combining Extended State Observer (ESO) 

and adaptive control demonstrates significant superiority: 

ESO can estimate and compensate for unmodeled 

disturbances in real time, and the adaptive mechanism can 

dynamically adjust control parameters, achieving a 40% 

reduction in tracking error and a 60% reduction in 

vibration amplitude at a sorting frequency of 200 

times/minute, while maintaining robustness to ± 30% load 

changes, providing a lightweight solution for high-speed 

and high-precision sorting. 

3   Adaptive control model 

A. Overall Design of Improved ST-ESO Controller 

The converter is shown in Figure 1. Among them, inv  is 

the input voltage, Q1  and Q2  are the branch power 

switch tube, L1  and L2  are the branch inductance, and 

M  is the mutual inductance; Lai  for the inductor current 

of branch A, Lbi  for the inductor current of branch B; 1D  

and 2D  are the freewheeling diode, aR  and bR  are the 

load resistance of the output branch, aC  and bC  are the 

output capacitor of the converter, ad  and bd  are the duty 

cycles of the switching tubes Q1  and Q2 , respectively. 

The overall control design block diagram of the 

CI-SIDO Buck converter with improved super-twisting 

ESO is shown in Figure 2. 

 
Figure 1: CI-SIDO buck converter circuit topology 
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Figure 2: Improved control block diagram of CI-SIDO Buck converter 

To further improve the ability of super-twisting sliding 

mode expanded state observer to observe the total 

disturbance in the inner and outer loops of CI-SIDO Buck 

converter and the ability of controller to compensate the 

total disturbance, an adaptive sliding mode control 

strategy based on Variable Gain Super-Twisting 

Expanded State Observer (VGST-ESO) is proposed. 

Firstly, a hyperbolic function is used to replace the sign 

function in the super-twisting sliding mode expanded state 

observer to reduce system chattering, and a variable gain 

function that can change in real time with the observation 

error is designed to replace the linear gain of the ST-ESO, 

so as to improve the observation ability of disturbances. 

For the super-twisting sliding mode controller, a 

generalized super-twisting sliding mode algorithm with 

linear terms is introduced as the reaching law of the 

system to smooth the system control law, and an adaptive 

law is designed to weaken the dependence of the 

generalized super-twisting sliding mode algorithm on the 

disturbance boundary. 

The block diagram of adaptive sliding mode decoupling 

control based on variable gain super-twisting sliding 

mode observe is shown in Figure 3. This model can 

further improve the observation ability of the 

super-twisting sliding mode observe extended state 

observer for the total disturbance of the inner and outer 

loops of CI-SIDO buck converter and the compensation 

ability of the controller for the total disturbance Firstly, 

the hyperbolic function is used to replace the sign function 

in the super-twisting sliding mode observer extended state 

observer to reduce the chattering of the system. A variable 

gain function that can change in real time with the 

observation error is designed to replace the linear gain of 

ST-ESO, so as to improve the observation ability of 

disturbance. For the super-twisting sliding mode observer, 

the generalized super-twisting sliding mode algorithm 

with linear term is introduced as the reaching law of the 

system to smooth the system control law, and an adaptive 

law is designed to weaken the dependence of the 

generalized super-twisting sliding mode algorithm on the 

disturbance boundary and improve the anti-disturbance 

ability of the system. In order to further improve the 

robustness of the system; In order to further improve the 

robustness of the system, an integral fast nonsingular 

sliding surface is designed. The linear term in the integral 

fast nonsingular sliding surface is used to further improve 

the convergence speed of the system, improve the overall 

performance of the system, and ensure the stability and 

anti-interference performance of the control. 
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Figure 3: Improved adaptive control block diagram 

 

By normalizing the inductance current, output voltage 

and other state variables according to the nominal value 

(such as dividing by the rated current or voltage), the 

numerical difference of different physical dimensions is 

eliminated, and the numerical instability caused by too 

large or too small variable magnitude of the controller 

gain is avoided. By normalizing, the total disturbances 

such as inner and outer loop coupling terms and 

unmodeled dynamics are limited to the effective 

estimation range of the observer (such as ST-ESO), which 

ensures that the hyper spiral sliding mode controller can 

accurately compensate the disturbance and avoid observer 

saturation or divergence In the normalized model, the 

ESO gain matrix and the coefficients of the sliding mode 

control law can be dynamically adjusted based on the 

normalized state variables, such as dynamically updating 

the sliding mode surface parameters according to the load 

changes, so as to enhance the robustness of the system to 

extreme conditions. 

The normalized state variable can avoid the overflow 

risk of fixed-point operation, and reduce the influence of 

quantization error on sliding mode chattering, so as to 

realize the anti overflow processing of discrete algorithm 

By normalizing the upper and lower limits of the sliding 

mode control output (e.g., the duty cycle is limited 

between 0-1), the controller output is prevented from 

exceeding the physically realizable range under extreme 

parameters, so as to realize the control of output limiting. 

B. Design of Variable Gain Super-Twisting Sliding 

Mode ESO 

The system convergence verification scheme of this 

article is as follows: the control scheme of the model is 

selected as the neural approximator enhanced SMC 

implementation scheme, which adopts RBF neural 

network dynamic compensation system nonlinearity: 

taking the inductance current error, capacitance voltage 

error and their derivatives of Buck converter as network 

inputs (3 input nodes), the hidden layer is configured with 

15 Gaussian radial basis function nodes, and the output 

layer generates the equivalent control quantity 

compensation term of sliding mode control; Design an 

online weight update law using Lyapunov function 

(learning rate η=0.01) to ensure network convergence and 

closed-loop stability. 

By comparison with super-twisting sliding mode 

extended state observer (ST-ESO) and linear extended 

state observer (ESO), it can be seen that ST-ESO has 

higher observation accuracy and better robustness, but the 

error term of ST-ESO adopts the switching function 

integral fast non-singular adaptive super-twisting sliding 

mode decoupling control number sign, which makes the 

system have some chattering problems. In order to 

systematically reduce the chattering problem, a smooth 

hyperbolic function is used instead of the discontinuous 

switching function sign. 

The switch function sign expression is [21]: 
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1,s 0

sign 0,s 0

1,s 0




= =
− 

  (1) 

It can be seen from Formula (1) that the sign switching 

function is a discontinuous function. When the switching 

function sign is used as the sign function of the 

super-twisting sliding mode expanded state observer, the 

discontinuous switching control characteristics will be 

generated with the observation error, resulting in 

chattering problem and affecting the observation accuracy 

of the system. Therefore, the smooth hyperbolic function 

( )F e  is used as the switching function. The hyperbolic 

function ( )F e  is expressed as [22]: 

 ( )
me me

me me

e e
F e

e e

−

−

−
=

+
  (2) 

The trend of hyperbolic function ( )F e  is shown in 

Figure 4. 

It can be seen from Formula (2) and Figure 5 that the 

switching function ( )F e  is a continuous and smooth 

function. Different from the symbolic function sign, there 

are no discontinuities, which can theoretically weaken the 

buffeting problem and improve the observation ability of 

generalized supercoil ESO to disturbance. 

The super-twisting expanded state observer uses linear 

gain as the observer gain, and the observation ability of 

the observer will not change with the observation error in 

real time, and the system will only converge along a fixed 

convergence speed. A variable gain function that can 

change with the observation accuracy in real time is 

designed to replace the fixed gain of ST-ESO. 

 

 
Figure 4: Trajectory plot of hyperbolic function ( )F e  

 

 

 
Figure 5: Observation error curve 

 

The improved super-twisting ESO expression is: 

 ( )

( ) ( )

1

2
1 0 2 1

1

2
2 2

e θ y

θ b u θ β e F e e

1 3
θ β F e e F e e

2 2


 = −

  

= + − +  
 

  
= − + +  

 

  (3) 

In the formula, 1β  and 1β  are variable gain functions, 

e  is the observer error, 1θ  is the observed value of y , 

and 2θ  is the observed value of the total disturbance. 

Nonlinear functions related to error signalsare 

introduced, combined with disturbance observers to 

estimate the upper bound of system uncertainty. Finally, 

the gain variation law is determined through simulation 

optimization to suppress chattering while ensuring 

tracking accuracy.  

The specific calculation formula obtained is: 
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( )

1

2

β L t

  L t
β

4

 =


 =


  (4) 

The expression of variable gain ( )L t  is: 

 ( )
ωe,e ς

 L t
0,e ς


= 


  (5) 

In the formula, ω  and ς  are both greater than 0 and 

are adjustable positive numbers. ς  determines the 

observation accuracy of the improved super-twisting 

ESO. 

The variable gain ST-ESO of the inner loop of the 

converter current is established as follow [23, 24]: 

 

( )

( ) ( )

( )

( ) ( )

e1 a1 c1

1
2 in a 2

a1 a2 1 e1 1 e12

1 2

1

2
a2 2 e1 e1 e1 e1

e2 b1 c2

1
1 in b 2

b1 b2 3 c2 c2 c22

1 2

1

2
b2 4 c2 c2 c2 c2

e θ x

L v d
θ θ β e F e e

L L M

1 3
θ β F e e F e e

2 2

e θ x

L v d
θ θ β e F e e

L L M

1 3
θ β F e e F e e

2 2

= −


  = + − +  −  


  = − + +   


= −
  

= + − +  
−  


  = − + + 

  

  (6) 

In the formula, The inner loop observation errors of the 

a and b branches of the hyper spiral expansion state 

observer are 1e  and 2e , respectively, c1e  and c2e  are the 

errors between the observed values and the actual values 

of the inner loop observer of branch a and branch b, 

respectively. c1x  and c2x  are the actual values of branch a 

and branch b of the CI-SIDO Buck converter, 1β  and 2β  

are the variable gain functions of the observer of branch a, 

and 3β  and 4β  are the variable gain functions of the 

observer of branch b. 

The variable gain ST-ESO of the converter voltage 

outer loop is established as follow [25]: 

 

( )

( ) ( )

( )

( ) ( )

v1 a3 v1

1

2
a3 a4 5 v1 v1 v1

a

1

2
a4 6 v1 v1 v1 v1

v2 b3 v2

1

2
b3 L2 b4 7 v2 v2 v2

b

1

2
b4 8 v2 v2 v2 v2

e θ x

1
θ θ β e F e e

C

1 3
θ β F e e F e e

2 2

e θ x

1
θ i θ β e F e e

C

1 3
θ β F e e F e e

2 2

= −


  = + − +   


  = − + +   


= −
  

= + − +  
 


  = − + + 

  

  (7) 

In the formula, v1e  and v2e  are the errors between the 

observed values and the actual values of the voltage outer 

loop observer of branch a and branch b, respectively, v1x  

and v2x  are the actual values of branch a and branch b, 

5β  and 6β  are the variable gain functions of the observer 

of branch a, and 7β  and 8β  are the variable gains of the 

observer of branch b. 

By analyzing Formulas (4) and (5), it can be seen that 

the variable gain function designed in this paper changes 

in real time according to the observation error. When the 

observation error is larger, the observer gain coefficient 

increases, which can speed up the convergence speed of 

the observer. When the observation error becomes smaller, 

the observer gain value is correspondingly reduced, thus 

avoiding the over-estimation of the observer. 

For the fairness of the comparison, the controllers are 

all the proposed super-twisting sliding mode controllers, 

and a simulation platform based on Matlab/Simulink is 

built to simulate and compare the performance of the 

observers. 

The observation error comparison between variable 

gain super-twisting sliding mode ESO and linear 

super-twisting sliding mode ESO is shown in Figure 5. 

In the system startup stage, the convergence overshoot 

of ST-ESO is 0.9 V, the convergence time is 1.5 ms, and 

the observation error is 1mV. The convergence overshoot 

of VGST-ESO is 0.5 V, the convergence time is 0.7 ms, 

and the observation error is 0.7 mV. At 0.01 s disturbance, 

the convergence overshoot of ST-ESO is 0.03 V, the 

convergence time is 0.5 ms, and the observation error is 

1.5 mV. The convergence overshoot of VGST-ESO is 

0.013 V, the convergence time is 0.3 ms, and the 

observation error is 1mV. When the system is disturbed at 

0.02 s, the convergence overshoot of ST-ESO is 0.03 V, 

the convergence time is 0.6 ms, and the observation error 

is 1mV. The convergence overshoot of VGST-ESO is 

0.015 V, the convergence time is 0.4 ms, and the 

observation error is 0.7 mV. 

By comparing the convergence overshoot, convergence 

speed and observation error in the start-up stage and when 

the system is disturbed, it can be seen that the overall 

performance of VGST-ESO is superior to that of ST-ESO. 

The improved variable gain super-twisting sliding mode 

expanded state observer designed can adaptively adjust 

the observer gain according to the observation error. 

The observation errors 1e  and 2e  of the super-twisting 

expanded state observer are respectively: 

 
( )

( )

11 2 1

2

1

2 12 f

e e

l

e

e e

l= −


= −  −


  (8) 

In the formula, ( ) ( )
1

2
1 1 c1 1 c1e e sign e e = +  and 

( ) ( ) ( )
1

2
2 1 c1 c1 c1 c1

1 3
e sign e e sign e e

2 2
 = + + . 

The Lyapunov function is defined as: 

 
( )

( )T

3 2

1
V τ G t τ

L t
=   (9) 

In the formula, 
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By taking the derivative of Formula (9), it can be 

obtained: 

 
( )

( )T

3 2

d 1
V τ G t ζ

dt L t
=   (10) 

By expanding Formula (10), it can be obtained: 

 
( )

( )
( )

( ) ( )( )T T T

3 2 2

d 1 1
V τ G t τ τ G t τ τ G t τ

dt L t L t

 
 = + +
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 (11) 

To prove that 3V  is convergent, it is only necessary to 

prove that both 
( )

( )T

2

d 1
τ G t τ

dt L t

 
 
 
 

 and 

( )
( ) ( )( )T T

2

1
τ G t τ τ G t τ

L t
+  are negative constants to 

prove that the validation system is convergent. Here, 3aV  

is represented as two parts, to be verified separately,  

Decompose the total Lyapunov function 3V  into two 

components 3aV  and 3bV , corresponding to the stability of 

the controller and observer, respectively Provide 

intermediate process steps for global stability through 

component stability. 

Set up 

( )
( )

( )
( ) ( )( )T T T

3a 3b2 2

d 1 1
V τ G t τ ,V τ G t τ τ G t τ

dt L t L t

 
 = = +
 
 

, then Formula (11) is re-expressed as: 

 3 3a 3bV V V= +   (12) 

By substituting Formula (4) and  

( )
( ) ( ) ( )

( )

2

2 1 1

1

4β t β t β t1
G t

β t 22

 + −
=  

− 
into Formula (12), 

3aV  in the Formula (12) can be expressed as: 
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( )

5
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2
T

3a 5
2

2

2L t L t1 d
V τ τ

2 dt
L t 2L

−
−

−
−
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 
 − 

  (13) 

From Formula (13), it can be obtained: 
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2L t L t

1 d 2V τ Lτ
2 dt 5
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−
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  (14) 

L  is the actual inductance, and Lτ  is the nominal 

value of the inductance used for decoupling controller 

design. 

It is a known design parameter in the controller 

formula, aimed at offsetting the inductance dynamics of 

the actual system in the control law. 

When L 0  and ( )
5 2

L 0
8

  are satisfied, 3aV 0 , 

and 3aV  is negative definite at this time. The negative 

definiteness of 3aV  is proved as follows: 

According to Formula (11), τ  can be expressed as: 

 
T

1

2
c1

1
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e
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In the formula,  
1

2

β 1

A ,B 0 f2 2

β 0

− 
 = =
 
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. 

Substituting Formula (15) into Formula (12), it can be 

obtained 3bV  as: 
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3b c12

1
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In the formula, the matrix Q  is 

( ) ( ) ( )
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3
L t L tL t

2Q
2

L t 1

 
− 

=  
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. 

From Formula (16), it can be obtained: 
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From the Euclidean norm 
2 2

c1 e22
τ e e= + , it can be 

obtained 
1

2
c1 2

e τ . Then, it can be obtained: 
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( ) ( )( )( )
2

2

3b min 1 max2 1

2
c1

τ1
V λ Q 2δ λ P t

L t e

 − −   (18) 

When ( )L t  satisfies the following inequality: 

 ( ) ( )( )min maxλ Q 2 fλ G t 0−    (19) 

It can be obtained: 

 
1

2
3b 3V vV −   (20) 

In the formula, 
( ) ( )( )

( ) ( )( )
min 1 max

2 1/ 2

max

λ Q 2δ λ G t
v

L t λ G t

−
= − . 

From Formula (14) and Formula (20), we can see that 

the designed 3aV  and 3bV  are negative definite and the 

system is convergent. 

In the above algorithm steps, a Lyapunov function 

containing the dynamic equation of observation error is 

constructed. By taking the derivative and substituting it 

into the control law of the hyper spiral algorithm, the finite 

time stability condition is satisfied to ensure that the 

observation error converges to the zero neighborhood 

within a finite time. This process combines the linear error 

dynamic analysis of traditional ESO with the nonlinear 

robustness of the hyper spiral algorithm, ultimately 

achieving accurate tracking of composite disturbances by 
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the observer by adjusting the gain parameter. 

The application of the improved super-twisting sliding 

mode observer (ST-ESO) in the field of power electronics 

to parallel robot control essentially involves 

interdisciplinary method transfer by establishing dynamic 

equivalent models of two types of systems. Specifically, 

at the variable mapping level, the inductance current of 

the Buck converter needs to be mapped to the output 

torque of the robot joint motor, and the steady-state 

characteristics of the output voltage correspond to the 

spatial pose accuracy of the end effector; In terms of 

disturbance handling, sudden load changes in the power 

system are redefined as external load disturbances and 

joint nonlinear friction during robot operation. The 8 

adaptive gain parameters of the original controller need to 

be reconstructed into the inertia matrix adjustment 

coefficient and Coriolis force compensation coefficient in 

the robot dynamics model, while retaining the finite time 

convergence characteristics of the hyper helix algorithm. 

When implementing hardware, a three-level collaborative 

architecture of "power conversion servo drive mechanical 

execution" needs to be constructed. The clock 

synchronization between the power observer (100 μs 

cycle) and the motion controller is achieved through 

FPGA. The core innovation lies in the parameterized 

coupling of power electronic control theory and robot 

motion control through isomorphism analysis of dynamic 

equations. 

 

4   Test study 

C. Test methods 

The experimental platform of Delta robot dynamic 

sorting and related hardware selection are explained, and 

the flow of dynamic sorting system and the data 

communication format between visual inspection system 

and robot sorting system are designed. The experimental 

platform of Delta robot dynamic sorting includes visual 

inspection system, robot sorting system and conveying 

system. The end effector and its supporting equipment are 

shown in Figure 6. The vacuum suction cup needs the 

cooperative work of air compressor, vacuum generator 

and solenoid valve to realize the function of absorbing 

workpieces, in which the air compressor and vacuum 

generator generate suction, and the solenoid valve 

controls the opening and closing of airflow. 

The suction cup actuator is PU series pneumatic finger 

produced by SMC in Japan, the solenoid valve is 5 W 

direction control solenoid valve produced by AIRTAC in 

Taiwan, the vacuum generator is CGO vacuum generator 

produced by CKD in Japan, and the air compressor is GSR 

silent air compressor produced by gree in China. 

The industrial camera is installed above the conveyor 

belt through a camera bracket. It ensures that the 

workpiece passes through the camera field of view before 

reaching the robot grabbing area during the movement of 

the conveyor belt. In addition, the installation height of the 

camera is adjusted according to the size of the conveyor 

belt to ensure that the width of the conveyor belt is within 

the camera field of view to prevent the workpiece from 

exceeding the camera field of view. The position of the 

camera is kept at a certain distance from the robot to avoid 

interference with the robot’s movements. The light source 

is installed under the camera and equipped with a 

controller that can adjust the brightness of the light source 

to adjust the appropriate brightness according to the 

experimental object and experimental environment. The 

industrial camera and light source are fixed on the 

conveyor belt by a suitable bracket. The hardware 

composition of the machine vision inspection system is 

shown in Figure 7. 

The model of the computer is Dell precision, the 

industrial camera is basiler ace, the light source is 

Hamamatsu l19050, and the bracket is thorlabs k100, 

Cable matters USB3.0 A-B cable is selected for USB3.0 

cable. 

 

 
Figure 6: Hardware composition of terminal actuator 
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Figure 7: Hardware composition of visual inspection system 

 

 
Figure 8: Composition of conveying system 

 

The composition of the conveying system is shown in 

Figure 8. The installation position of the conveyor belt is 

located in the grasping area of the Delta robot, and it 

avoids being close to the edge of the working range of the 

Delta robot to prevent the Delta robot from exceeding its 

working range during the grasping of the workpiece. The 

servo motor is installed on one side of the driving drum of 

the conveyor belt. The encoder is installed on the opposite 

side of the driving drum through a coupling to ensure 

synchronization with the rotation of the conveyor belt 

drum and realize real-time monitoring. 

The motor is Panasonic A4 servo motor, the encoder is 

Omron e6b2 incremental encoder, the driver is Yaskawa 

sigma-7 servo driver, and the conveyor belt is fujilay f 

conveyor belt. 

The dynamic sorting experimental platform includes 

visual inspection system, robot sorting system and 

conveying system. Each system cooperates with each 

other to realize the identification, positioning, grasping 

and placement of the target workpiece on the conveyor 

belt. The image processing unit identifies and locates the 

workpiece image acquired by the image acquisition unit, 

identifies the workpiece using the YOLOv5 target 

detection model. YOLOv5 is chosen as the target 

detection model for robot sorting experiments mainly due 

to its comprehensive advantages in speed, accuracy, and 

industrial adaptability. The lightweight architecture of 

YOLOv5 can achieve high frame rate detection of 140 

FPS, meeting the real-time requirements of dynamic 

grabbing of conveyor belts. Its Focus structure and PANet 

feature pyramid can effectively identify small-sized 

workpieces and enhance robustness to occlusion and 

lighting changes through Mosaic data augmentation. 

Compared to other models, YOLOv5 is more convenient 

to deploy on embedded devices, and transfer learning only 

requires 300 annotated samples to achieve mAP@0.5 

=0.89, significantly reducing engineering costs. And then 

locates the workpiece according to the workpiece contour 

using the visual positioning algorithm. Before image 

processing, the camera parameters need to be calibrated 

and the workpiece data set needs to be trained to ensure 

the accuracy of the visual inspection system’s detection 

and recognition and the accuracy of positioning. 

Moreover, the visual inspection system identifies and 

positions the workpiece, and sends the category and 

position information of the workpiece to the robot sorting 

system through Socket communication, and the robot 

sorting system stores the workpiece information in the 

queue to be grasped. When the workpiece enters the robot 

grasping area, the robot sorting system controls the Delta 

robot to grasp the workpiece in an appropriate posture 

according to the workpiece position information sent by 

the visual inspection system, and places the workpiece in 

the corresponding position according to the category 

information of the workpiece. The dynamic sorting 

process is shown in Figure 9. 

The 3 +1 degree of freedom Delta parallel robot 

developed in the laboratory is shown in Figure 10. The 
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whole robot is installed in an aluminum alloy frame. 

Using a fixed frequency of 1 kHz (such as PWM 

control) and precise timer configuration, the universal 

timer (TIM2-TIM5) of the STM32 series microcontroller 

can output 4 PWM channels and achieve duty cycle 

adjustment through register configuration. 

The model of the microcontroller is STM32F103, with 

an ARM Cortex-M core that supports real-time control 

and integrates peripherals such as ADC and timer. It is 

suitable for high-frequency sampling and signal 

processing. 

Select a combination of Siemens V20 frequency 

converter and PLC (such as CPU ST30), set the frequency 

and process the start stop logic through RS485 

communication A pre-low-pass filter (such as LM324 

operational amplifier) is used to suppress high-frequency 

noise. The MCU adopts sliding average or IIR filtering 

algorithm, combined with ADC anti aliasing design to 

reduce the influence of thermal noise and 1/f noise. 

 

 
Figure 9: Dynamic sorting process 

 
Figure 10: Delta high-speed parallel robot 

 

The control scheme chosen for this model is a neural 

approximator enhanced SMC implementation scheme, 

which uses RBF neural network to dynamically 

compensate for system nonlinearity: taking the inductance 

current error, capacitance voltage error and their 

derivatives of Buck converter as network inputs (3 input 

nodes), configuring 15 Gaussian radial basis function 

nodes in the hidden layer, and generating equivalent 

control compensation terms for sliding mode control in 

the output layer; Design an online weight update law 

using Lyapunov function (learning rate η=0.01) to ensure 

network convergence and closed-loop stability. 

The observer bandwidth ω is set to 1/5~1/3 of the 

system switching frequency, and dynamically adjusted 

during actual testing. The initial value of the gain slope 

Zeta is taken as 50~100 rad/V • s. 

D. Results 

The trajectory diagram of the end effector is shown in 

Figure 11, and the velocity curve is shown in Figure 12. 

The model constructed in this paper is an improved 

ST-ESO control model, which is named IM-ST-ESO. On 

the built parallel robot prototype experimental platform 

for string fruit sorting, the proposed method is compared 

with the fixed switching gain sliding mode control using 

online identification of load moment of inertia and the 

integral adaptive sliding mode control without online 

identification of load moment of inertia, and objects of 

different weights are sorted, as shown in Figure 13. 
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Figure 11: Trajectory diagram of end effector 

 
Figure 12: Speed curve 

 

 
(a) Motor tracking error (0.6 Kg) 

 
(b) Motor tracking error (0.9 Kg) 

 
(c) Motor Tracking Error (1.5 Kg object winding) 

 

Figure 13: Branch motor tracking error 

 

 

 

The root mean square error of the motor and the 

maximum error when the system is in steady state are 

shown in Table 2. 

 

Table 2: Root mean square error of motor and maximum error when system is in steady state 
 0.6 Kg 0.6 Kg 0.9 Kg 0.9 Kg 1.5 Kg 1.5 Kg 

Controller ×10-3MSSE/rad ×10-3RMSE/rad ×10-3MSSE/rad ×10-3RMSE/rad ×10-3MSSE/rad ×10-3RMSE/rad 

OLI-SMC 15.05 6.93 22.08 9.80 23.66 10.69 

IM-ST-ESO 13.96 4.26 15.74 5.74 19.01 7.52 

IASMC 22.08 10.10 29.80 13.86 33.26 14.75 

 

Table 3: Calculation load data of motor 
Controller type Simulation time (seconds) CPU utilization (%) Memory consumption (MB) Iterations (Times) 

OLI-SMC 12.16 68.875 204.25 4560 

IM-ST-ESO 7.79 43.035 152 3040 

IASMC 17.67 85.215 294.5 6175 

 

Table 4: Performance comparison data of different controllers 
Controller type MSSE RMSE CPU usage Memory usage (MB) Running time (ms) 

IM-ST-ESO 0.0025 0.0498 15% 2.8 2.3 

OLI-SMC 0.0032 0.0567 18% 3.2 2.6 

IASMC 0.0029 0.0523 16% 3 2.4 

 

Table 5: Results of ablation experiment 
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Group Overshoot (%) Adjustment time (ms) Steady state error (mV) Anti disturbance recovery time (ms) 

Complete IM-ST-ESO 0.8 1.8 5 2.2 

Remove hyperbolic 
function 

2.1 3.5 12 4.7 

Fixed gain 1.5 2.9 8 3.8 

Remove SMC adaptive 

rule 
3.2 6.4 18 8.1 

 

The calculation burden of the above model is shown in 

Table 3. 

The model constructed in this study is used to sort out 

defective products from the product. The test object is 750 

products, of which 150 defective products are mixed. The 

experimental scale design for selecting 750 products 

(including 150 defective products) has clear statistical 

basis and engineering practicality. The 150 defective 

products account for 20% of the total sample, which is in 

line with the typical non-conformance rate range 

(5%-25%) in industrial scenarios and can effectively 

simulate the real production line environment. At a 95% 

confidence level, the confidence interval width of the 20% 

defective product ratio needs to be controlled within ± 3%. 

The sample size of 750 is slightly higher than the 

calculated value of 683, which can ensure that the 

statistical error of sorting accuracy is ≤ 3% and meet the 

engineering accuracy requirements Conduct 2 repeated 

experiments for each of the 3 transmission speeds, 

requiring a total of 6 sets of data. Each group is allocated 

125 samples, with a constant proportion of defective 

products, that is, each group contains 25 defective 

products. Overall, the sample size design of 750 meets the 

three core requirements of statistical significance, group 

comparability, and engineering feasibility, providing a 

scientific basis for sorting performance evaluation. 

The performance comparison data of different 

controllers are shown in Table 4. 

Results of ablation experiment is shown in Table 5. 

At the beginning of the test, they are placed on the 

conveyor belt at a uniform speed, and the parallel robot is 

used for sorting. In addition, the defective products are 

picked up on another conveyor belt, and two grasping 

tests are performed for each of the three conveyor speeds 

(with a minimum speed limit). There are six groups of 

tests in total, and the test data are shown in Table 6. 

Table 6: Product dynamic recognition and capture results 
Number of 

groups 

Transfer speed 

(mm/s) 

Recognition rate 

(%) 

Grabbing rate 

(%) 

1 
150 

96.53 96.53 

2 97.35 96.53 

3 
250 

96.53 95.70 

4 95.70 95.70 

5 
350 

93.23 91.58 

6 94 91.58 

 

The core idea of combining the improved ST-ESO to 

optimize the robot's motion trajectory is to estimate and 

compensate for the total system disturbance in real time 

through ST-ESO, including model uncertainty, external 

interference, and unmodeled dynamics. Based on this, a 

time energy dual objective optimization algorithm is used 

to generate smooth trajectories, which are dynamically 

adjusted in conjunction with model predictive control 

(MPC). In specific implementation, an accurate dynamic 

inverse model is first constructed using the high-order 

disturbance observation capability of ST-ESO. Then, 

trajectory continuity is ensured through fifth order spline 

interpolation. Finally, the control variables are corrected 

online according to the disturbance estimation value 

output by the observer, and the trajectory optimization of 

the other three methods is achieved through adaptive 

control. 

In the actual operation of Delta robot, the sorting and 

picking frequency is 120 times/min, and each cycle is 0.50 

s. However, considering that the actions of each cycle 

include picking and placing, the actual time of a single 

action of picking and placing should be 0.25 s. The 

optimization results of different methods for the running 

time of Delta robot are shown in Table 7. 
 

Table 7: Optimization results of delta robot runtime by different methods 

Methods Time before optimization (s) Time after optimization (s) 

Literature [21] (A SVM recognition algorithm based on the fusion of grayscale) 0.25 0.239  

Literature [24] (Visual servoing control) 0.25 0.236  

Literature [25] (Multi-sensor cyber-physical sorting system) 0.25 0.234  

Methods in this paper 0.25 0.231 

 

Table 8: Optimization results of delta robot operation impact by different methods 

Method 
Average impact before optimization (/(º) · 

s-3) * 106 

Average impact after optimization 

(/(º) · s-3) * 106 

Literature [21] (A SVM recognition algorithm based on the 

fusion of grayscale) 
2.23 0.481 

Literature [24] (Visual servoing control) 2.23 0.466 

Literature [25] (multi-sensor cyber-physical sorting system) 2.23 0.463 

Methods proposed in this paper 2.23 0.441 
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The optimization results of different methods on the 

running impact of Delta robot are shown in Table 8. 

 

The time-domain waveform diagram is shown in Figure 

14. 

 
Figure 14: Time domain waveform diagram 

 

In order to compare the average current decoupling 

control and the sliding mode decoupling control based on 

ESO in the case of anti load disturbance, the load of 

branch A and B is mutated respectively. When the output 

current of one branch of branch A and B changes to 1a 

→>2a →>1a, the load of the other branch remains 

unchanged, and the cross influence between output 

branches a and B and the dynamic performance of the 

system under load disturbance are observed through an 

oscilloscope. 

Table 9 shows the experimental results of average 

current control and sliding mode decoupling control based 

on ESO against the load disturbance of branch a. 

 

Table 9: Comparison of Different Decoupling Control 

Experimental Results 
Control 
type 

Input voltage 
disturbance (V) 

Output 
branch 

Overshoot 
voltage (V) 

Overshoot 
time (MS) 

Average 

current 
control 

[1] 

45→35 
A branch 5 18.7 

B branch 2.5 15.3 

35→55 
A branch 5.5 18.7 

B branch 3 15.3 

ESO+sli

ding 
mode 

45→35 
A branch 3 8.5 

B branch 1.5 6.8 

35→55 
A branch 3 6.8 

B branch 2 5.1 

 

The evaluation of the implementation scheme of neural 

approximator enhanced SMC is shown in Table 10. 

 
 

Table 10: Evaluation of SMC implementation scheme 

enhanced by approximator 
Experimental 

condition 
Overshoot (V) Ripple amplitude (relative unit) 

Traditional SMC 1.2 1.0 (baseline value) 

Neural 

approximator 
enhances SMC 

0.45 0.6 (reduced by 40%) 

 

To further verify the dynamic control effect of the 

model in this article, the following is added on top of the 

calibrated weight (0.6/0.9/1.5 kg): 

Instantaneous impact load: +20% sudden weight 

change (0.48-0.72 kg) of random duration (0.1-0.5 s), 

continuous fluctuation load: sinusoidal disturbance 

(amplitude+15%, frequency 0.5-2 Hz). The base speed is 

set according to the working conditions, superimposed 

with Gaussian noise (σ=10% calibration value), the 

trajectory period is randomly shifted by ± 5%, and a pulse 

disturbance of 0.5 m/s² is randomly inserted. Random 

bandwidth vibration of 0-50 Hz is applied through the 

exciter. The experimental results are shown in Table 11. 

 

Table 11: Random perturbation test results 

Testing 

Team 

Load 

(kg) 

Speed 
disturb

ance σ 

RMS 
error 

(rad) 

Steady 

state 

maximum 
error (rad) 

Main peak 

of 

spectrum 
(Hz) 

Reference 

group (0.6 

kg) 

0.60±0
% 

0% 0.0021 0.0043 - 

Load 

mutation 

group 

0.54–0
.72 

5% 0.0048 0.0097 12.5 

Motion 
disturbanc

e group 

0.60±2

% 
15% 0.0035 0.0062 8.3 

Composite 
disturbanc

e group 

(0.9 kg) 

0.81–0

.99 
10% 0.0067 0.0124 18.6/35.2 

E. Analysis and Discussion 

By comparing the root mean square error of the branch 

motor tracking error and the maximum error when the 

system is in steady state in Figure 13 and Table 2, it can be 

seen that when the sorting load of the string fruit sorting 

parallel robot is unknown and changes dynamically, 

compared with the integral adaptive sliding mode control 

method that does not use online identification of the load 

moment of inertia and the steady-state switching gain 

sliding mode control method that uses online 

identification of the load moment of inertia. 

In Table 3, IM-ST-ESO has the lowest simulation time 

and memory consumption, mainly due to its adaptive gain 

ESO, which can effectively reduce the additional 

calculation caused by parameter mismatch. In addition, 

the number of iterations is significantly lower than that of 

other controllers, indicating that the algorithm has faster 

convergence speed and is suitable for scenes with high 

real-time requirements. 

The simulation time and CPU utilization of OLI-SMC 

are at a medium level, indicating that its algorithm 

complexity is moderate. The higher number of iterations 

may be related to the chattering suppression mechanism 

of sliding mode control, which needs to be stabilized by 

high-frequency switching, resulting in increased 

computational resource consumption 

IASMC has the highest simulation time and memory 
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consumption, mainly due to its combination of integral 

operation and adaptive parameter adjustment, resulting in 

a significant increase in algorithm complexity. The higher 

number of iterations further verifies that it needs to 

optimize the parameters many times in the convergence 

process, and the computational efficiency is low. 

From the comparison of Table 4, the ST-ESO controller 

performs the best in control accuracy (MSSE 0.0025, 

RMSE 0.0498), computational efficiency (CPU 15%, 

memory 2.8MB), and real-time performance (running 

time 2.3 ms), with significantly better overall performance 

than OLI-SMC and IASMC. Among them, OLI-SMC is 

the weakest performing solution among the three due to its 

high resource consumption (CPU 18%, memory 3.2MB) 

and slow response (2.6 ms), while IASMC is in the middle 

in various indicators, but its balance may be applicable to 

some scenarios where performance requirements are not 

strict. This result indicates that the improved ST-ESO has 

better stability and engineering applicability in Buck 

converter control. 

In Table 5, the hyperbolic function has a 162% increase 

in overshoot and a 114% extension in anti-interference 

recovery time, demonstrating the crucial role of 

hyperbolic ESQ in suppressing nonlinear disturbances. 

Fixed gain defect: Steady state error increases by 60%, 

indicating that adaptive gain can dynamically optimize 

parameters to cope with load changes. Lack of 

adaptability in SMS: The adjustment time deteriorates by 

255%, highlighting the necessity of adaptive rules for 

rapid convergence. Overall, the improved ST-ESO 

modules have significant synergistic effects, with 

hyperbolic ESO and SMC adaptive rules contributing the 

most to dynamic performance, while fixed gain mainly 

affects steady-state accuracy. 

In Table 6, when the speed of the conveyor belt is 

between 150 and 250 mm/s, the identification rate and 

grasping rate of defective products are above 96%, which 

is within the allowable error of the project. However, 

when the speed becomes 350 mm/s, the recognition rate 

and grasping rate will drop below 95%, which will have a 

great impact on the quality of sorting. Before entering the 

sorting process, the movement speed of the products in 

this project in the previous process is generally between 

130-250 mm/s. Therefore, this sorting system fully meets 

the requirements of the project, can adapt to different 

production speeds of products, and has certain accuracy 

and reliability. 

In Table 7, the running time performance of optimized 

Delta robot in reference [3] is poor, and the optimization 

degree is the lowest. A more effective trajectory cannot be 

found. The methods in references [8] and [15] have a 

certain degree of optimization effect and can shorten the 

exercise time to a certain extent, but the effect is not as 

significant as that of the experimental method. The test 

method has achieved remarkable results in optimizing the 

running time of Delta robot sorting process. After 

optimization, the running time is 0.231 s, which is 6.60% 

lower than that before optimization, and improves the 

working efficiency and overall performance of the robot. 

The test method significantly reduces the average 

impact of each joint of the driving arm, and the impact 

decreases by 80.00%. Reducing joint impact helps 

improve the operational efficiency of the robot while 

extending the life of the robot. 

In Table 8 and Figure 14, under the condition of 

resisting the load disturbance of branch a, the decoupling 

control effect of ESO combined with sliding mode is 

superior to that of average current decoupling control. It 

can be seen that the decoupling control strategy of ESO 

combined with sliding mode can effectively realize the 

decoupling between output branches, suppress the cross 

influence of branch A on branch B, and improve the 

response speed and anti-load disturbance ability of branch 

A. 

In the actual test, under the average current decoupling 

control, the voltage overshoot of branch B caused by load 

disturbance is 2 V, and the system recovers to steady state 

after about 16 ms. The voltage overshoot of branch a 

caused by the cross influence of branch B is 4 V, and the 

system recovers to steady state after about 14 ms; Under 

ESO combined with sliding mode decoupling control, the 

voltage overshoot of branch B caused by load disturbance 

is 1.5 V, and the rated voltage overshoot of branch a 

caused by the cross influence of branch B is 2 V. The 

system recovers to steady state after 6.3 ms. 

In Table 10, the implementation scheme of neural 

approximator enhanced SMC can reduce the output 

voltage by 62% (from 1.2 V to 0.45 V) when the load step 

changes, while suppressing high-frequency chattering 

phenomenon (reducing the amplitude of switch frequency 

ripple by 40%), significantly improving the dynamic 

response quality. 

In Table 11, through analysis of the experimental data, 

it can be seen that load changes and speed disturbances 

have a significant impact on motor tracking errors. The 

RMS error of the benchmark group is the lowest, while the 

error increase of the load mutation group reaches 128%, 

indicating that the randomness of the load has the greatest 

impact on system stability. The motion disturbance group 

mainly causes 8.3 Hz intermediate frequency oscillation, 

reflecting the response delay of the control loop; The 

composite disturbance group exhibits dual peak spectra of 

18.6 Hz and 35.2 Hz simultaneously, confirming that the 

coupling effect between load and motion parameters 

exacerbates high-frequency vibrations. The data shows 

that load fluctuations are the dominant factor in errors, 

and it is recommended to prioritize optimizing 

anti-interference algorithms in load mutation scenarios. 

In a word, the decoupling control strategy based on 

extended state observer and sliding mode can effectively 

realize the decoupling between output branches, suppress 

the cross influence of branch B on branch a, and improve 

the anti-load disturbance ability of branch B. The above 

analysis verifies the global feasibility, indicating that the 
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stability analysis aims to eliminate the influence of cross 

coupling effect and disturbance on the global dynamics, 

rather than only improve the local performance. 

When dealing with actuator saturation and joint/motor 

limitations in robot motion control, the core solution is to 

dynamically adjust the control output through ST-ESO 

real-time observation of system disturbances and load 

states. The anti-saturation compensation algorithm is used 

to handle torque limitations, and the joint position limit is 

avoided through a penalty function. Based on the 

estimated inertia of the observer, the acceleration is 

dynamically constrained, and finally a hierarchical 

constraint management system of 

"position>velocity>torque>accuracy" is constructed to 

maximize motion performance while ensuring safety.  

The industrial robot anti-interference control system 

compensates for communication delays through the 

ST-ESO state predictor (50 ms threshold switching local 

control), uses multi-source sensor fusion and Kalman 

filtering to achieve 200 ms fault tolerance, and establishes 

a three-level interference response mechanism 

(mechanical collision/power fluctuation/communication 

interference corresponding to 100 ms/50 ms/200 ms 

recovery respectively). Moreover, it is integrated with the 

OPC UA protocol through the edge computing 

architecture (1ms control cycle). 

The Simulink control model, C++core algorithm source 

code, and 750 experimental datasets (including complete 

sensor data under normal/interference conditions) of the 

system have undergone standardized desensitization 

processing, and all industrial sensitive parameters have 

been replaced with universal reference values. The model 

adopts modular design and has a certain degree of 

replicability 

Through dynamic gain design, the bandwidth of the 

observer is automatically adjusted according to the motion 

state, targeting the internal force coupling disturbance 

unique to parallel mechanisms. Combined with a 

parameter self-tuning architecture based on Lyapunov 

exponent, the accuracy of the end effector trajectory is 

effectively improved. Compared with existing solutions, 

its originality lies in the integration of gain adaptation, 

parallel mechanism disturbance decoupling, and stability 

constraint parameter tuning, breaking through the 

bottleneck of accuracy and robustness of traditional ESO 

in high-speed parallel robots. 

To further improve the ability of super-twisting sliding 

mode extended state observer to observe the total 

disturbance of inner and outer loops of CI-SIDOBuck 

converter, strengthen the ability of inner and outer loop 

controllers to compensate the total disturbance, and solve 

the problem that the parameter design of super-twisting 

ESO and super-twisting sliding mode control algorithms 

needs disturbance boundary information, firstly, a 

hyperbolic function is first used to replace the sign 

function in the super-twisting sliding mode extended state 

observer to further reduce system jitter, and a variable 

gain function that can change in real time with the 

observation error is designed to replace the linear gain of 

ST-ESO, thereby improving the observation capability of 

disturbances. Then, the generalized super-twisting sliding 

mode algorithm with linear terms is introduced as the 

approach law of the system, which smooths the control 

law of the system. Finally, the experimental verification 

shows that the sliding mode decoupling control strategy 

based on variable gain super-twisting ESO further 

improves the anti-disturbance ability and convergence 

speed of the system, and improves the overall 

performance of the system. 

 

5   Conclusion 
Based on the extended state observer commonly used in 

the field of strongly coupled systems such as motors and 

drones, this paper improves the super-twisting ESO and 

super-twisting sliding mode control algorithms by 

combining the control idea of decoupling with nonlinear 

control, and proposes an improved sliding mode 

decoupling control strategy for variable gain 

super-twisting ESO. Firstly, a hyperbolic function is used 

to replace the sign function in the super-twisting sliding 

mode extended state observer to further reduce system 

jitter, and a variable gain function that can change in real 

time with the observation error is designed to replace the 

linear gain of ST-ESO, thereby improving the observation 

capability of disturbances. Then, the generalized 

super-twisting sliding mode algorithm with linear terms is 

introduced as the approach law of the system, which 

smooths the control law of the system. Finally, the 

experimental research verifies that the practical effect of 

the model is obvious. Restrictive tests show that the 

proposed method further improves the ability of resisting 

input voltage disturbance, and improves the robustness 

and dynamic performance of the system. 

However, the parameter design of the converter and the 

coupled single inductor multiple output converter are not 

discussed. Therefore, further research is needed to further 

demonstrate the application value of sliding mode 

decoupling control based on super-twisting extended state 

observer in such converters. 
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