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Dorota Janczewska, Peter Zentel, and Mitja Lustrek

People with profound intellectual and multiple disabilities (PIMD) are a vul-
nerable and often marginalized group of people, commonly without the ability of
symbolic communication. This makes expressing and recognizing their inner
state and desires challenging and requires in-depth knowledge and under-
standing of each individual. Use of standard assistive technologies is thus
infeasible due to lack of personalization. This challenge is tackled by the
INSENSION system—a novel intelligent decision support system leveraging state-
of-the-art noninvasive audio-visual sensor technologies together with machine
learning algorithms and expert knowledge, to detect and interpret behaviors and
communications (nonverbal signals—NVSs) of people with PIMD in challenging
real-world scenarios. The detection of NVSs supports caregivers and allows the
people with PIMD a form of communication through a communicator application.
Furthermore, the system enables them to control and adjust their environment
through a smart room and multimedia player. According to quantitative and
qualitative evaluation, good recognition accuracy is achieved, and the system

empowers people with PIMD and increases their quality of life.

1. Introduction

People with profound intellectual and multiple disabilities
(PIMD) are characterized by below average intellectual function-
ing and adaptive behavior typically accompanied by sensory or
physical impairments as well as complex health needs."? Their

quality of life (QoL) is influenced by a com-
plex interaction of personal and social envi-
ronmental factors as described in the
International Classification of Functioning,
Disability and Health (ICF) by the World
Health Organization (WHO). People with
PIMD mostly communicate on a presym-
bolic level using unconventional behavior
signals like specific vocalisations or body
movements, which are meaningful to
express their personal needs.®! Therefore,
these meaningful behaviors are highly indi-
vidual, leading to a strong dependence on
others in perceiving and adequately inter-
preting these communication attempts in
all areas of life across the whole life span.*
This high individuality complicates finding
a common way of mutual understanding
between people with PIMD and their
environment.

Should the gap not be bridged and some
level of understanding not attained, this
group of people remains unfulfilled in terms of their wishes
and feelings, which in turn negatively influences the satisfaction
of their physiological and social needs, their cognitive, emotional,
and communicative development, as well as general QoL.>®!
At the same time, this puts a large burden on caregivers as well
as the process is demanding, slow and sometimes frustrating.”!
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In the age of omnipresent sensory and computational devices,
the process of mutual understanding can be accelerated and
enhanced with the use of technology;**! however, people with
PIMD cannot use existing interactive assistive technology (AT)
due to their condition, as discussed in the following section.

1.1. Existing Assistive Technologies

Many ATs have been developed to enhance inclusion, accessibil-
ity to services, and the teaching-learning process for individuals
with disabilities. These technologies aim to foster autonomy,
independence, and the acquisition of social skills.'"'] While com.-
plex digital ATs are utilized by individuals with visual, hearing,
and physical impairments, those with intellectual or behavioral
disorders, including autism spectrum disorder (ASD), are less
likely to use such technologies.!"")

Common examples of digital ATs encompass Web 2.0 inter-
active applications, mobile learning platforms, adaptive digital
boards, and custom wearable hardware. More specialized instan-
ces include robotics, which have been shown to enhance cogni-
tive and social skills. Dor example, the NAO humanoid robot has
been used to augment learning and communication skills in chil-
dren with ASD, demonstrating promising outcomes for young
individuals with severe intellectual disabilities."? Socially assis-
tive robots (SARs) have been developed to perceive and respond
to the emotional states of children with ASD, facilitating
improved social interactions.'* However, the implementation
of such robotic technologies is often hindered by high costs
and accessibility challenges.

In addition to robotics, VR applications compatible with com-
mercial headsets have been developed to improve social interac-
tion, communication barriers, and behavioral restrictions in
individuals with disabilities."*'*!

In the context of rare genetic disorders, such as KIF1A-
associated neurological disorder (KAND), Angelman, Cornelia
de Lange, Fragile X, and Rett syndromes, assistive technologies
have been tailored to address specific needs and formidable chal-
lenges of such people. These include communication devices
and personalized interventions that consider the unique cogni-
tive and affective profiles of individuals with such conditions.
Specifically, reinforcement learning is recently being utilized
for continuous interaction with such people, adapting complex-
ity, type of tasks, and gamification, to ensure user engagement
and effectiveness towards rehabilitation goals.[*®!

Many of these ATs, however, are not directly applicable for
people with PIMD, as they require some level of symbolic
understanding and independence. Instead, a more feasible
alternative for such people are technologies relating to affective
computing and mental state estimation"”! in order to determine
what pleases or displeases them and to infer what they want.
A large body of work again dealt with different levels of
ASD—the most commonly investigated intellectual disability—
where physiological signals (electroencephalogram—EEG,
electrocardiogram—ECG, galvanic skin response—GSR,
photoplethysmogram—PPG) were used to train deep learning
(DL) systems to classify affective states of people with
ASD."®" Physiological data are most often obtained from wear-
able sensors and have been extensively used to recognize stress
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or emotional states such as happiness, sadness, anger, and fear,
achieving significant accuracy.?>*"! More recent approaches pro-
pose contact-free alternatives for data capture to obtain rich phys-
iological information in an unobtrusive manner via cameras and
eye trackers.*

Another noninvasive alternative to physiological signals is
audio, which can be captured unobtrusively. This is still challeng-
ing, as many people with disabilities are minimally or nonspeak-
ing; however, nonverbal vocalizations are very valuable in terms
of affective information. They were shown to allow for training
of binary valence classifiers achieving average F1 scores above
0.7 in a leave-one-subject-out experiment, even with relatively
few instances.*’!

Noninvasive ATs have overall been successfully presented to
families of people with disabilities to enhance the understanding
and treatment (especially in cases of ASD), offering more afford-
able and user-friendly technology that can complement conven-
tional or robot-based therapy.*"

Approaches relying exclusively on brain signals (EEG) are
mostly encompassed under brain-computer interfaces and were
also proposed for classification of emotions of people with dis-
abilities.”*! Recent effort is also being put towards understanding
the black-box DL algorithms for EEG-based emotion classifica-
tion for people with ASD, by proposing novel interpretability
methods such as RemOve-And-Retrain (ROAR).”®! Such meth-
ods support the recovery of highly relevant features from pre-
trained neural network, increasing trust and improving model
understanding in this challenging domain.

Importantly, several datasets have been introduced and made
available to support the development of systems for detection and
analysis of affective states, tailored for people with disabilities.
One example is CALMED (Children, Autism, Multimodal,
Emotion, Detection), which provides multimodal data, including
audio and video features, to aid in the creation of better affective
computing applications and systems.”*”) Another audio-focused
example is ReCANVo (Real-World Communicative and Affective
Nonverbal Vocalizations), which provides nonspeech vocaliza-
tions labeled by function from minimally speaking individuals,
collected in real-world settings with inclusion of close family
members. Such datasets are rare and highly valuable, facilitating
development of novel ATs for people with disabilities.?®!

1.2. Unresolved Challenges and Our Contributions

As mentioned, many existing solutions heavily focus on ASD and
often assume homogeneity of such people, limiting evaluation to
existing datasets, often collected in controlled experiments.
There is a distinct lack of work and more importantly practical
real-world implementations dealing with heterogeneous PIMD
people. Wu et al.”® recently developed a contactless emergency
assistance system designed for individuals with severe physical
disabilities (tetraplegia without voice) in which they aimed to
replace traditional emergency bells for emergency situations.
This system confirms the trend of using contactless technologies
for people with profound disabilities but is limited to a specific
use case.

We can see that existing work in AT for people with intellec-
tual disabilities only partially addresses the issues faced by people
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with PIMD, so we designed and implemented a holistic system,
including sensoric setup, data processing and machine learning
(ML) algorithms, and real-world validation. In this article, we give
a complete overview of the proposed INSENSION system—a
novel intelligent decision support system (IDSS) leveraging
state-of-the-art noninvasive audio-visual sensor technologies
together with ML algorithms to detect and interpret behaviors
(or nonverbal signals—NVSs) and communication of people
with PIMD in challenging real-world scenarios. INSENSION sys-
tem was developed using a holistic interdisciplinary approach.
Behavioral experts initially worked directly with caregivers to
model the needs of people with PIMD (primary users) and their
caregivers (secondary users). Computer vision (CV) and ML
experts were then included in the loop to design a feasible unob-
trusive sensing setup and develop ML models for detection of
inner states and communication attempts. Contextual informa-
tion was also considered during monitoring. Finally, the system
executed applications manipulating the environment (e.g.,
stopped music, changed lighting, etc.) in an attempt to address
the identified needs of primary users and increase their QoL.

The rest of this article is organized as follows. In Section 2, we
give an overview of the INSENSION system design. We continue
by giving detailed explanations of the developed intelligent
methods in Section 3. The experiments and results are reported
in Section 6. Finally, conclusions and discussion are given in
Section 7.

2. System Design

We initially identified the base requirements of our system in
order to achieve our goal of improving the QoL of people with
PIMD. We started with the idea of a responsive environment
in the context of people with disabilities and adapted existing val-
idated pedagogical foundation relating user needs to required
system functionalities.

2.1. User Needs

Our main goal was to provide a system that recognizes NVSs
(comprising behavioral patterns), related them to the inner states
and communication attempts of primary users, and intelligently
responds. The categorization of possible inner states and com-
munication attempts was proposed by experts in special needs
education in collaboration with primary and secondary users.
It resulted from prolonged observations of primary users in
the early stages of the project and was based on theoretical foun-
dations from literature.

Specifically, inner state was modeled on a Likert scale from 1
to 9, where 1-3 signify displeasure, 4-6 signify neutral, and 7-9
signify pleasure. This scale represents the whole range of emo-
tional valence, which was recognizable in all people with
PIMD involved in our research. It was inspired by existing vali-
dated scales specifically towards individuals with severe intellec-
tual disabilities, such as the Disability Distress Assessment
Tool (DisDat),’” Mood, Interest, and Pleasure Questionnaire
(MIPQ),’Y and methodologies outlined by Roemer et al.*?
The granularity of the scale was matched to the caregivers’ ability
to judge the primary users’ inner state.
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Three main communication attempts were defined—demand,
protest, and comment. These were again inspired by existing vali-
dated scales, such as the Preverbal Communication Schedule
(PVBCS).¥! They are recognizable in most people with PIMD
and cover the majority of their communication—the desire for
something (demand), its opposite (protest), and engaging in social
interaction (comment).

Inner states and communication attempts of people with
PIMD are more nuanced than described here, but the recogni-
tion of these nuances is challenging even for the caregivers, and
they vary between people with PIMD.

Given the subtle differences between specific numeric labels
and ambiguity of some behaviors, we hypothesized difficulty in
the separation of such states and thus simplified the problem for
ML by merging fine-grained numerical classes into broader
categories.

These inner states and communication attempts are reflected
mainly in audio-visual NVSs of the primary users, such as
facial expressions, gestures, body movements, and sounds.
Pedagogical experts and caregivers defined an extensive list of
specific expressions and gestures, in part based on the litera-
ture,?*3?l which were known to be related to inner states or com-
munication attempts of a specific individual (e.g., widened eyes,
and shaky body). The caregivers then assessed the use of these
NVSs by individual primary users involved in our research via
questionnaires.** The caregivers were also invited to identify
additional NVSs.

In addition to the paper-based assessment, the caregivers and
experts in special needs education labelled inner states, commu-
nication attempts and NVSs in video recordings, specifically with
the Elan software. The inner states and communication attempts
were by necessity labelled subjectively, but both the caregivers
and experts were involved to maximize the quality of the labels.
Importantly, the assessment explicitly allowed for ambiguity—
caregivers were asked to report the same behavioral signals in
multiple affective states if applicable, to clarify ambiguous or
context-dependent behaviors. This mixed-method approach
(caregiver observation, structured questionnaires, video annota-
tion) was used to ensure robust, reliable labeling of highly indi-
vidualized communicative behaviors. The labelled NVSs were
later refined to those that can feasibly be detected using state-
of-the-art ML methods through RGB cameras and microphones.

In addition to the mentioned audio-visual NVSs, the physio-
logical state of primary users was also expected to change along-
side their inner state.*® We thus monitored physiological
parameters relating to heart rate (HR) and HR variability (HRV).
These were computed via PPG, using both a wearable device as
well as unobtrusively using only RGB camera recordings.

Furthermore, the interaction context is crucial to correctly
interpret inner states and communication attempts, since the
same NVS pattern can have a different meaning depending
on the context. The latter was monitored using environmental
sensors measuring brightness, loudness, and number of people.
The identified contexts influencing meaningful behavior of
primary users were grouped based on the effect they had
on the primary user, which could be positive or negative.
Example contexts eliciting positive responses included: swing-
ing, listening to music, singing, massage device, watching mov-
ies, playing with toys, specific locations (e.g., outdoors), specific
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people (e.g., mother, father), specific sounds (e.g., birds), and
changes in lighting. On the other hand, contexts eliciting nega-
tive responses included: changes in temperature (coldness),
crowds, loneliness, sudden loud noises, unknown people, and
changes in body position.

The specific assistive services to be provided were determined
in close cooperation with secondary users, who best understand
the primary users. The services were presented in the form of
applications closely connected with the adjustable contexts
described previously. The services included changes in noise/
audio, lighting, suggested use of specific items/toys, and sug-
gested changes in primary user body position. A specific service
was invoked based on the contextualized inner state or commu-
nication attempt detection, and suggestions were given to sec-
ondary users alongside the detections. This allowed secondary
users, who were caregiver experts most familiar with each pri-
mary user, to also evaluate the system in action and provide feed-
back, allowing the system to improve via active learning.

2.2. System Architecture

To address the requirements described in the previous section
and move from conceptual foundation towards practical imple-
mentation, we proposed the system architecture shown in
Figure 1.

At a high level, the proposed system comprises the following
components: data inputs for the IDSS at the bottom (blue), the
IDSS back-end system (orange), and the front-end applications
with which users interact (red).

At the first level of the system, the facial expression, identity,
and gesture recognizer worked with two RGB camera video
inputs collected from different angles and aimed to recognize
facial expressions and gestures of the primary users, alongside
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identification of primary and secondary users. Physiological sig-
nals were the inputs from the Empatica E4 wristband, specifically
the PPG. Early attempts included remote estimation of physio-
logical signals using RGB video to minimize obtrusiveness of the
sensor setup,*® but due to challenging real-world conditions, it
was later decided that a wearable was more reliable. Vocalization
recognizer aimed to recognize specific relevant voices and
sounds captured with microphones. Object recognizer again
used RGB camera video to detect relevant objects predetermined
to influence the primary users (e.g., favorite toys). Finally, context
sensors provided information about the environment, such as
lighting conditions, temperature, and humidity.

Once these data were prepared and processed, they were fed to
the machine learning IDSS and enhanced with detected contex-
tual information to produce a contextualized decision, which was
in turn executed via applications. The latter then influenced the
environment directly to respond to the NVSs of primary users
(smart room, media player). Caregivers could also evaluate the
suggestions and help improve the model via active learning.

We describe each component in more detail in the following
sections.

3. Intelligent Monitoring Methods

We first describe the NVS recognition models, which are the
individual data inputs for the IDSS and comprise several
state-of-the-art ML models working with sensor inputs, mainly
video and audio. The NVSs encompass behavioral patterns
and communicative signals, such as vocalizations, facial expres-
sions, and gestures. We will then discuss the IDSS backend,
comprising the context recognition models and ML models
for predicting inner state and communication attempt based

1

Contextualized behaviour pattern
recognition and decision support system

Identity
recognizer

Facial
expression
recognizer

Gesture
recognizer signals

Environmental
context
sensors

Physiological

Vocalization Object
recognizer recognizer

Figure 1. The architecture of the proposed system. Blue are the data inputs for the decision support system, orange is the decision support back-end

system, and red are the front-end systems alongside users.
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on the previously observed NVSs. Our pipeline also includes
active learning for model improvement.

3.1. Nonverbal Signal Recognition

Models for classification of each class described in this section
were trained on the data obtained in the first phase of the project
data collection, lasting several months and including 6 primary
users. Details are reported in Table 1.

In cases of data shortage for some specific gestures, additional
data was collected from other people who imitated specific ges-
tures. While the number of primary users is small, it should be
noted that it is exceptionally difficult to obtain data from people
with PIMD, as confirmed by very limited literature on such
people in the context of intelligent assistive technologies.
People with PIMD are rare and very sensitive to any changes
in their daily environment and routine, so any obtained data
is very valuable.

In terms of specific sensors, our data collection setup included
two Logitech C920 Pro HD cameras, recording at 1080p, two
Rode VideoMicro microphones with 100 Hz—20 kHz frequency
range, a Raspberry PI4-based custom sensing component with
an integrated Bosch Sensortec BME680 sensor for air quality
(including temperature, humidity and air pressure), and a
SparkFun TSL2561 luminosity sensor with a range of 0.1-40 000
Lux. Subjects were also equipped with an Empatica E4 wristband,
capturing a variety of physiological signals. The devices were
mounted in elevated positions, perpendicular to one another,
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placed on maneuverable extensions allowing for precise position
selection. The aim of this elevated placement was to capture as
much audio-visual information as possible, having good subject
exposure and less occlusion. An example setup with all the sen-
sors at one of the premises is shown in Figure 2.

3.1.1. Identity Recognizer

This component was based on video from RGB cameras, and it
was added due to the need to identify and exclusively monitor the
movements, gestures, vocalizations and physiological parame-
ters of the primary user, as well as identify other important
people (e.g., secondary users, and parents).

To do this, we performed face detection, face encoding/
embedding, and person identification. Firstly, the histogram
of oriented gradients (HOG) descriptor’®” was used to detect
all the faces that appear in a video frame. These were then
cropped and passed to the FaceNet model,*® which produced
facial embeddings. Based on the distances between these embed-
dings, a threshold method and traditional ML classifiers were
used to recognize the primary user and other people for which
we had reference images, as well as discard other people in the
scene. We investigated eight well-established algorithms for
classification of specific individuals with PIMD: naive Bayes,
k-nearest neighbors (kNN), support vector machines (SVMs),
logistic regression, stochastic gradient descent (SGD), simple
fully connected neural networks (NNs), random forest (RF),
and eXtreme Gradient Boosting (XGB).

Table 1. Data collected in the first phase of the project to train recognizers in preparation of the pilot study.

Participant X1 Participant X2

Participant X3 Participant X4 Participant X8 Participant X9

Sex M M
Age ] 9 7
Recorded sessions 7 14
Total time [h] 03:04:37 06:27:20
Neutral/none inner state instances 51 n7
Pleasure inner state instances 342 930
Displeasure inner state instances 134 28

F M M M
18 9 3 16
13 34 9 1
04:00:30 10:04:57 04:05:09 04:38:30
1407 3540 1081 779
827 530 1279 2058
156 410 98 78

Figure 2. An example sensor setup at one of the premises. Yellow rectangles are cameras, blue are microphones, and red is the Raspberry Pl4-basd

sensing component.
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Additionally, a cropped image of the face obtained in this stage
was also needed for facial expression recognition discussed in the
next subsection.

3.1.2. Facial Expression Recognizer

The recognizer was designed to recognize the facial expressions
indicative of inner state or communication attempts, which were
identified as described in Section 2.1. The general approach was
based on the use of the facial landmark positions of the identified
primary user in each frame of the video. The extraction of these
landmarks was made using OpenPose,[39] which is able to
provide facial landmarks and body keypoints in real time, as
shown on the example in Figure 3. A standardization strategy
of centering and scaling was used in order to assure the robust-
ness to zooming, camera proximity and subject movements,
as well as to facilitate the performance in people with different
body sizes.

An LSTM-based classification model was developed for the jaw
appearance recognition. In particular, the system was able to
detect the jaw-related classes of neutral, biting, grinding, and
drooping. To train this model, a combination of data from the
INSENSION project and a subject providing this set of expres-
sions was labelled and then used to train an LSTM network.
The inputs for jaw appearance were composed of the distances
between the aligned landmarks of the chin and the mouth, for a
sequence of 40 consecutive frames. First, the distance between
the top-mid point of the mouth (obtained with OpenPose) and
the bottom-mid point was calculated. Then, the difference
between the X coordinates and the y coordinates of selected
points of the mouth and the chin, and the bottom-mid point were
obtained. In total, the input vector was formed by concatenating
seven computed values for a sequence of 40 frames.

visibility eyebrows: 0.82
APPEARANCE OF MOUTH:

wide open: 1.00
corners up: 0.00
corners down: 0.51
lips movements: 0.00
visibility mouth: 0.84

APPEARANCE OF NOSE:

nose movements: 0.14
visibility nose: 0.83

APPEARANCE OF JAW:

grinding: 0.00
biting: 0.00
droopi .00
visibility jaw: 0.89

www.advintellsyst.com

The facial expression recognizer consisted of further classi-
fiers with the same underlying idea as described for the jaw
appearance. Concerning the mouth, four different classes were
of interest: corners up (smiling), corners down (frowning), wide
open, and lip movements. For this purpose, another LSTM network
was trained, achieving good performance.

The system recognized four different classes of eye appear-
ance, i.e., closed, semi-closed, widened, and winking, by calculating
the distances between specific eye-related landmarks and using
hand-crafted rules. Furthermore, an LSTM network has been
trained to detect the movements of eyebrows, resulting in detec-
tion of frown and raised expressions.

The nose region was the most challenging due to the incon-
sistent landmark detection by OpenPose in this part of the face.
Some movement of the nose keypoints implies changes in the
lateral wings of the nose, which was not consistently captured
by the system. Nevertheless, an LSTM-based classifier was pro-
posed to deal with the nose movement recognition.

Different people composed the train and test datasets in order
to assure that the experiments with facial expressions were
person-independent. More specifically, the dataset has been split,
for each facial expression, into a training dataset and a testing
dataset, in such a way that the samples for four randomly selected
people were used to train and the samples for the remaining one
(a different person) were used to test. We experimented with net-
work configurations comprising 2-6 LSTM layers and a softmax
output layer. The number of neurons per layer depended on the
size of the input. The input size ranged from 50 (5 values in 10
consecutive frames for the movements of eyebrows and mouth)
to 280 (7 values in 40 consecutive frames for the slower-changing
jaw appearance). The widest internal layers had three times the
number of input neurons (150-840) and the narrowest a quarter of
the input (12-70). The best-performing configuration was always
chosen to be used.

2: Right Shoulder
3: Right Elbow
4: Right Wrist

10: Right Knee

11: Right Ankle

12: Left Hip

13: Left Knee

14: Left Ankle

15: Right Eye

16: Left Eye

17: Right Ear

18: Left Ear

19: Left Big Toe

20: Left Small Toe
: Left Heel
: Right Big Toe
: Right Small Toe

24: Right Heel

Figure 3. Facial and body keypoints detected by OpenPosel®® and used for facial expression and body gesture recognition.
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3.1.3. Gesture Recognizer

This component aimed to detect the body poses and motions for
each primary user. The following groups of poses and gestures
were investigated: body posture (jerky and leaning), appearance of
the head (floppy, shaking, nodding, raised, turned, and leaning),
appearance of each arm (rigid, floppy, jerky, stretched, flexed, raised,
and close to body), appearance of the hands (hand on hand and
hand on head), appearance of each leg (stretched, flexed, raised,
and rubbing), and appearance of the feet (foot on foot). Similarly
to other design choices, this chosen set was based on a combi-
nation of existing literature, pedagogical experts and caregivers
who knew these children the best. A set of poses and gestures
that was determined to be informative and clear by the focus
groups consisting of caregivers and pedagogical experts was
used. Detections were again based on keypoints detected in each
frame of the videos using the DL OpenPose framework, as
shown in Figure 3.

In practice it often happens that keypoint detections have low
probability or are simply not detected due to occlusions. In such
cases, the whole frame was discarded for subsequent pose and
gesture estimation. While this limits responsiveness and gener-
alization of the system in real-world scenarios, we focused on
clear, unambiguous, and useful detections for the recognizers
and IDSS. This decision leads to cleaner data coming to the
IDSS and increases trust in the system by the secondary users
(caregivers), which is important. As before, the keypoints were
also standardized, including scaling and centering.

Some gestures can only be detected through several frames
in which locations of the keypoints change, so the gestures
were split into static poses and dynamic actions. The former
can be inferred from a single frame and the latter requires a
sequence of frames without missing data. Traditional ML
classification models (random forest, SVMs, logistic regression,
and k-nearest neighbors) based on keypoints were developed
for gestures that do not have clear anatomical rules (jerky
movement of the body, head movements, jerky movement
of the arms, and legs rubbing). On the other hand, for
the remaining cases, rules were designed by following the
reasoning about the anatomical working of the human body
joints.

For example, in the case of the pose related to the flexibility of
the arm, the approach consists of calculating the angle between
the shoulder, the elbow, and the wrist. Thus, functions were
defined to establish a value between 0 and 1 for each pose (flexed
or outstretched in this example) depending on the angle. A thresh-
old was then experimentally determined to separate such classes
and finalize the rule. For gestures that change in time, the angle
change was temporally tracked and a pattern was determined that
defined a specific movement (e.g., raising arm).

Moreover, for poses that change in 3D space, especially those
relating to the face, the camera keypoint coordinates had to be
mapped between 3D world coordinates using existing coordi-
nates and camera properties (focal length, optical center, and
radial distortion). The procedure we used is called direct linear
transform (DLT) and is illustrated in Figure 4 alongside a real-
world example of 3D head movements. For details on DLT, we
refer the reader to [40].
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3.1.4. Vocalization Recognizer

Vocalizations of primary users cannot be mapped to “words” of
any language and might not have any distinct sequences of pho-
nemes as is typical for people without PIMD. This means that
traditional automatic speech recognition (ASR) methods are
not feasible. Instead, two main methods of vocalization recogni-
tion were considered: hidden Markov models (HMM) supported
with Gaussian mixture models (GMM) and neural network-
based (NN) classifiers. Both methods took well-established
Mel-frequency cepstral coefficients (MFFC) representation of
recorded audio as input vectors. These were computed using
a sliding window where different lengths between 50 and
1000 ms were investigated. These lengths were determined
based on shortest detected vocalization length. The feature vector
was then extended by the 1st and 2nd order derivatives of the
MFFC vector and by its maximum autocorrelation coefficient.
The labelled vocalizations for initial models took 6 possible
values in total, across two subjects (laughs, snores, wails, squeals,
hums, and vocalizes). The labelling was done by caregivers as
described in Section 2.1. Only vocalizations that occurred
frequently enough were considered.

In the HMM approach, every unique vocalization type was
stored as a list of distinct states of the vocalization event and
the state transition matrix. Each state was assumed to correspond
to one stationary segment of audio observations (a segment that
was expected to appear within a modeled event); the stationary
signal in a given state was thus represented by its GMM that
describes distribution of features mentioned before. The training
procedure included two phases. The first unsupervised audio
frame clustering was conducted using the GMM method, fol-
lowed by HMM parameter estimation until convergence using
expectation-maximization (EM) method. The NN-based approach
investigated recurrent neural networks (RNN), specifically
LSTMs with different architectures (number of layers and neu-
rons). In the end an LSTM with 5 layers, each containing 100
neurons was chosen as the best-performing model. This was
developed later as an alternative to the HMM + GMM approach
and was evaluated on an updated set of audio recordings, again
belonging to two subjects. The subjects were new because the
two from the earlier data collection were not available. The
subjects’ availability was an issue throughout our research
because people with PIMD experience frequent health problems.
Moreover, the data was collected during the COVID-19 pan-
demic, resulting in longer periods of unavailability due to parents
taking measures to lower the risk of their children getting in
contact with the virus. The new recordings were labelled with
9 possible values in total (laughs, coughs, grunts, moans, aaa,
eee, aeaeae, eeh, and nge). The labels differed from earlier ones
in part because vocalizations are highly individual and the two
subjects in this data collection voiced different ones and in part
because they were labelled more specifically in an attempt to cap-
ture more information. The instances were still short windows
between 50 and 1000 ms, and the audio in each window was rep-
resented using MFFCs.

Moreover, the vocalization recognizer”” was extended with
two additional components. First was called ambient sound rec-
ognizer and it used the same LSTM architecture, which was

[41]
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Figure 4. 3D coordinate mapping and real-world example. Ellipses relate to pitch, roll, and yaw of the head.

trained to detect 9 ambient sound classes: ambulance fire brigade,
animals, massager, music instrument sounds, singing, toy noises,
vehicles, violin, and background. Data was augmented by multiply-
ing original instances and imposing different noise on the origi-
nal recordings and the model was trained and evaluated in a
5-fold cross validation experiment using different window
lengths between 50 and 3000 ms. The second component was
used for detecting sudden loud noises in the environment.
We used a simple root mean square of the audio signal, which
further amplified extreme amplitude variations corresponding to
sudden loud noises. Detector was based on average loudness at a
given time, compared to preceding period, and was used to signal
occurrence of loud sounds.

Vocalization classification has seen large progress since
the project, especially relating to disabilities. Updates to the
proposed methodologies via state-of-the-art DL methods
should be considered. A recently proposed multilevel fusion of
wav2vec2, mel-spectrograms, and other descriptors showed
impressive performance across 7 vocalization classes from
the open-access ReCANVo dataset,*?! outperforming traditional
approaches used in INSENSION. We believe building on
these ideas and incorporating such datasets into foundation

Adv. Intell. Syst. 2025, 2400925 2400925 (8 of 19)

models for audio-based affective state classification is a promis-
ing direction.

The individuality of the vocalizations requires adaptation of
the recognizer to each primary user, making vocalization recog-
nition more challenging than recognition of facial expressions or
gestures. The ambient sound classes were also defined based on
the environment and toys the specific individuals used and/or
encountered often (e.g., during play time or physical therapy).
This information originated from the caregivers with experience
and knowledge of specific individuals. So, again, should a new
user or rather a new environment be included, or existing envi-
ronment changed, this would require updates of corresponding
recognizers.

3.1.5. Physiological Signals

As briefly mentioned previously, we initially attempted contact-
free estimation of physiological signals using remote PPG
(rPPG); however, such methods are still difficult to implement
in challenging real-world conditions with inconsistent lighting
and exposure, which was apparent in our early results.>*! We
thus decided to use the PPG obtained with an Empatica E4
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wristband, as it was more stable and reliable. Empatica was worn
on the wrist in accordance with device guidelines. Some
participants initially had trouble tolerating a wearable tightly
equipped to their wrist; however, acceptance was relatively
high after the introduction period. Importantly, there were some
physical challenges in regards to equipping the wristband, as
many users were exceptionally thin and fragile given their
condition. It was sometimes challenging to ensure consistently
good connection between the sensors and the skin, inevitably
leading to some low-quality data, which we tried to salvage
through preprocessing.

The obtained PPG was first band-pass filtered to remove
movement noise. It was then segmented into standard 30-s win-
dows, which are long enough to capture the periodic cardiac
activity and any physiological changes caused by a change in
affective state. The latter do not usually change very often and
abruptly. Accordingly, the majority label for each window was
considered as ground truth. In the next step, the systolic peaks
in the PPG signal were determined using a state-of-the-art
derivative-based algorithm.**! Differences between subsequent
peak locations were then used to obtain HRV, which was in turn
used to compute features widely used in literature, such as stan-
dard deviation of peak-to-peak intervals (SDNN), root mean
square of successive peak differences (RMSSD), and standard
deviation of successive peak differences (SDSD).1*”!

The computed features were then used to classify the inner
states and communications attempts defined in Section 2.1,
using standard ML classifiers (k-nearest neighbors, random for-
est, eXtreme Gradient Boosting, SVMs, and AdaBoost) each with
a set of optimized hyperparameters obtained through 5-fold CV
grid search. We then performed 5-fold CV experiments predict-
ing inner state or communication attempt (in separate experi-
ments), monitoring standard classification metrics. Additional
details on features, models, and evaluation are reported in. 3%
These physiology-based classifications were in turn fed to the
IDSS as additional information to produce a decision.

3.2. Context Recognition

Contextual information was obtained from video (interaction
with specific objects or people) and ambient sensors (noise levels,
temperature, and lighting conditions). Relevant contexts for each
primary user were provided via questionnaires that were filled by
the secondary users and pedagogical experts. The identified
(interaction) contexts and known NVSs were modelled and
stored using an ontology, which contained a codification of
our limited world. We chose the Protégé framework!**—an
open-source ontology editor and knowledge management frame-
work developed by Stanford University, widely used for building
and visualizing semantic ontologies through formal representa-
tions to present this ontology. In our assistive monitoring context,
we had several classes representing the main entities present in
the system, including PIMD user, Sensors, and Applications, along-
side corresponding interactions between them. A graph of inter-
actions in the ontology is shown in Figure 5; however, precise
details are omitted for brevity. We mention it as an important step-
ping stone leading to identification of relevant contexts described
in the following sections.

Adv. Intell. Syst. 2025, 2400925 2400925 (9 of 19)

www.advintellsyst.com

To facilitate recognition of relevant contexts listed in
Section 2.1, we relied on previously described components,
which allow for identification of persons and objects of interest
and their interaction within the environment. The proposed
ontology also served as guidance for formalization of expert
knowledge described in the next section.

3.2.1. Object Recognizer

A set of objects that were known to elicit behavioral changes in
primary users was provided by secondary users. Examples of
such objects included guitar, vibrating toy, and mug. A number
of ground-truth images of these objects were made from several
perspectives in order to finetune a neural network for object
recognition.

To recognize these objects in each frame of the video streams,
we used the pretrained CNN-based You Only Look Once (YOLO)
architecture,'*! which we finetuned with the provided images of
objects of interest. We also performed standard data augmenta-
tion (rotations, scaling, cropping) to increase the number of
learning examples. The network is relatively light-weight and per-
forms well in real time, making it suitable for a complex system
with high computational requirements.

Given recent progress in CV, especially with the emergence of
foundation models (e.g., SAM2) and Vision Transformers, we
believe such fine-tuning on specific objects might no longer
be necessary and an out-of-the-box solution will be usable for
most objects and environments.

3.2.2. Environmental Context Sensors

While some contextual information could be obtained from pre-
viously described components, the NVSs of primary users can
also be importantly influenced by environmental conditions.
For instance, the primary user can close their eyes either due
to the room being too bright or due to them being frightened,
which is an important distinction when modelling their inner
state. The monitored set of such environmental contexts
included luminosity level, air temperature, and air humidity.
These were monitored with a dedicated RaspberryPi microcom-
puter equipped with suitable sensors for each of the parameters.

4. Contextualized NVS Detection and Decision
Support System

The core of this component of the INSENSION system was the
developed IDSS, whose purpose was to use all the other behav-
ioral and context data to recognize the inner state and commu-
nication attempt of the primary user. We initially investigated
traditional ML classification methods. In later stages we devel-
oped a new approach that instead used rule sets based on ML
and formalized expert knowledge.

4.1. Traditional Machine Learning

The first approach implemented several traditional ML algorithms
(linear discriminant analysis—LDA, k-nearest neighbors—kNN,
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Figure 5. A graph of interactions between classes in our ontology.

support vector machines—SVMs, Bayes, decision tree, and ran-
dom forest). All models were trained using the previously
described facial, gesture, physiological, and vocalization features,
which were obtained as averages in a 10-s sliding window of each
video. Specifically, these features included the three following
main groups: a) facial expressions, gestures, and postures, directly
based on the outputs of the recognizers described in Section 3.1;
b) vocalizations corresponding to individual vocalizations relevant
for each user; and c) physiological signals represented by a range
of HRV features, together with inner states and communications
attempts recognized from physiological signals only. The feature
set could be extended with the detected contextual information,
but we limited ourselves to primary user information as the con-
text information (such as which caregivers or objects are present)
is likely to be specific to the situations in our recordings and thus
not suitable for models that should be useful in a broader range of
contexts (e.g., primary user moved to new location or new second-
ary user present).

Furthermore, we added some derived features, such as aver-
age of all values above 0 and histograms of behavioral values in a
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window—for each basic feature, we obtained 10 histogram and
histogram density features. If the inputs were not present (no
detection in a window), we imputed the data using decision tree
regressor models. In total, this brought the size of our feature set
to over 100 (depending on the number of recognized ambient
sounds, which varied based on location), so we decided to reduce
the feature set using correlation analysis, removing highly corre-
lated features with Pearson’s correlation coefficient over 0.7.
Additionally, we also investigated hyperparameter tuning for
the best-performing model.

We removed instances without detections for facial expres-
sions, gestures and postures—which were deemed the most
important group based on experts and caregivers—and obtained
the distributions reported in Table 2 and 3.

We can see that the data was quite imbalanced in terms of
inner state and communication attempt labels. This is mostly
because the objective of caregivers is to prevent displeasure,
protest and to some degree demand, and it would not be ethical
to elicit these inner states and communication attempts on purpose.
We resolved this using two methods: a) random oversampling,
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Table 2. Distribution of instances in regards to inner states.

Inner state All instances Instances with physiological data
User A User B User A User B
Neutral 561 307 291 307
Pleasure 102 154 18 154
Displeasure 82 / 27 /

Table 3. Distribution of instances in regards to communication attempts.

Comm. attempt All instances Instances with physiological data

User A User B User A User B
None (unrecognized) 648 433 319 433
Comment 79 9 13 9
Demand 18 14 4 14
Protest / 5 / 5

which randomly selects instances of the smaller classes and
generates copies of them until all classes are balanced, and
b) synthetic minority oversampling technique (SMOTE),"®
which is an established better-performing method for oversam-
pling. Balancing was always done on training data only, so it
could not happen that one copy of an instance would be in
the training data and another in the test data.

4.2. Expert Knowledge and Rules

To obtain expert knowledge, we initially encoded data from
questionnaires filled by secondary users, which contained the
connections between NVSs and inner states or communication
attempts. Rules were derived from a simple rule template
defined by the experts. According to the template, when a set
of NVSs are observed for a particular user, their inner state or
communication attempt belongs to a particular class. A snippet
showing an example of this initial expert knowledge is given on
left side of Figure 6.

Upon subsequent inspection and evaluation of the initially
proposed rules, it was determined that the initial set is too rigid
to describe the reality well, as some rules did not always hold true
or required ad-hoc modifications to accurately reflect the behav-
iors of primary users. We thus redesigned the rule template to be

Initial simple expert knowledge

Expert knowledge: ([rule, ..., rule,])

Rule: (user ="A’,
body posture = ‘tense’
=> class = ‘displeasure’)

www.advintellsyst.com

more flexible. According to the template, each rule can have sev-
eral conditions, and the class into which it classifies. Each con-
dition is defined with the attribute, i.e., the NVS that is observed,
the threshold that has to be met to trigger the condition, and the
condition weight. The thresholds are applied to probabilistic out-
puts of the recognizers, which correspond to how strongly a NVS
is expressed and how confidently it is recognized. The weights
determine how important a condition is for a particular rule.

The expert model then classified an instance as follows: for
each condition that was met, i.e., the attribute exceeded the
threshold, the condition’s weight was returned; otherwise, 0
was returned. The returned values were summed up for each
rule into a rule weight. The rule weights of all rules in the model
were summed up for each class value independently. In addition,
the maximum rule weights, i.e., the weights of rules in the case
when all conditions were met, were also summed up for each
class value. The maximum rule weights were then used to nor-
malize the actual rule weights (per class) as follows.

tan~1w,

(1)

Wenorm — 1
tan w,

where w, is the sum of rule weights per class and Wy, is the
sum of maximum rule weights per class. At this point, we had
normalized rule weight per class that corresponded to the evi-
dence we had for each class. Next, the normalized value was
weighted with class weight and compared to the class threshold.
If the weighted normalized value did not exceed the threshold, it
was set to 0. This was done for each class independently, to allow
for the possibility that some classes require more evidence to
be recognized than others. Finally, the class with the highest
weighted normalized value was assigned to the instance.

The experts could provide correct relations between NVSs and
inner states and communication attempts (i.e., the attributes and
classes), but they found it difficult to think in terms of exact prob-
abilities that a certain NVS will occur and be recognized within a
certain window (i.e., they could not provide the weights and
thresholds). These weights and thresholds were therefore opti-
mized computationally using the differential evolution algo-
rithm. This is a stochastic optimization method inspired by
biological evolution. It starts with a population of randomly gen-
erated solutions (vectors of weights and thresholds in our case).
Each solution mutates with a certain probability, which means
that the difference between two randomly selected solutions is
added to it (this is where the name differential evolution comes
from; the rationale is that the magnitude of the mutation is
the same as the magnitude of differences between solutions).

Enhanced composite expert knowledge

Expert knowledge: ([rule,, ..., rule,],
class_weights,
class_thresholds)

Rule: ([condition,, ..., condition ] => class)

Condition: (attribute, threshold, weight)

Figure 6. A partial example of extracted expert knowledge. Initial attempt on the left side, enhanced data-driven rule templates on the right side.
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The mutation is followed by crossover, meaning that pairs of sol-
utions are combined into new ones—their offspring. Mutation
and crossover yield a number of new solutions, which are evalu-
ated and compared with the previous ones, and the best are
selected for the next generation. The whole procedure is repeated
for a predefined number of generations, after which the optimi-
zation is concluded and the best solution returned.

The evaluation of a solution in the context of the differential
evolution was conducted as follows. The weights and thresholds
comprising the solution vector were used to complete the expert
ruleset. This ruleset was then applied to annotated recordings,
and the balanced accuracy was used as the evaluation metric
for the solution. Like traditional machine learning, expert rules
were evaluated using crossvalidation (CV; see Section 6.3). The
optimization was treated as training, so the evaluation that was
part of the optimization was always performed on the training
portion of the data only.

4.3, Decision Fusion and Ensembles

While we initially planned to fuse expert and machine-learned
rule-based models, we eventually opted for decision fusion
instead of model fusion. This means that we fused decisions
of individual models using an ensemble approach. There were
two reasons for this: on one hand, it proved difficult to develop
a well-performing method for rule fusion, while on the other
hand, ensembles are an established, flexible and typically well-
performing approach.

Ensembles were built by combining the best machine learn-
ing and expert models mentioned previously. More precisely,
machine learning and expert models were tested with various test
settings in respect to Primary User, Class label, and Set of attributes
(three possible sets: a) facial expressions, gestures and postures,
b) vocalizations, and c) physiological signals).

For each of the tested settings, the previously mentioned six
ML models (LDA, naive Bayes, SVM, kNN, DT, and default RF)
in addition to expert system and a hyperparameter-optimized RF
were built (eight models in total). We used fine-grained informa-
tion for inner state and communication attempt classes, where
each label could take integer value on a scale from 0 to 10, with
the middle value indicating perfect neutrality. Afterwards, the
models were sorted according to their balanced accuracies.
Based on this, the ensembles were created by combining differ-
ent models based on performance, confidence and type (ML or
expert knowledge).

4.4, Active Learning

The idea of active learning is that if a NVS is erroneously recog-
nized, caregivers may provide a correction, which is used to label
the respective instance, this instance is then added to the training
data, and models are retrained to improve the accuracy in the
future. We devised six active-learning strategies differing in
the instances that are added to the training data (all or only some
of the incorrectly classified ones, or also some correctly classified
ones) and the weight they are assigned (more weight to the newly
added instances or not). Specifically, the strategies differed as fol-
lows. 1) Strategy 1: All incorrectly classified instances are labelled
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and added to the training data. 2) Strategy 2: All incorrectly clas-
sified instances are labelled and added to the training data in five
copies. The idea is that corrections are emphasized in the hope
that the models are improved faster. 3) Strategy 3: Randomly
selected 50% of the incorrectly classified instances are labelled
and added to the training data. This simulates the caregiver
not having the time or inclination to correct all mistakes.
4) Strategy 4: Randomly selected 50% of the incorrectly classified
instances are labelled and added to the training data in five cop-
ies. 5) Strategy 5: Randomly selected 50% of all instances (cor-
rectly or incorrectly classified) are added to the training data.
The idea is that even new instances that can already be recog-
nized correctly can improve the decision models. 6) Strategy
6: Randomly selected 50% of all instances are added to the train-
ing data in five copies.

We tested the active learning by not using all labelled data for
training initial models, and using the rest to simulate caregivers’
corrections.

Active learning improved the accuracy of NVS recognition
compared to the initial models, however the final models were
not quite as accurate as models built from all the data, because
none of the active-learning strategies assumed the caregivers
would label all newly added instances.

5. Assistive Applications for Users

The previous section described detection of NVSs from the fea-
tures characterizing the user, i.e., facial expressions, gestures,
and vocalizations. However, the decisions to be made to improve
the users’ QoL typically involve the context of the users.
Therefore, in order to make meaningful decisions, we firstly
need to determine the relation between detected NVS and the
context, which we did using a statistical approach that asserts
the similarity between the context data and the target class.
First, for each context feature, a contingency table (i.e., a table
of frequency distribution of the variables) between the feature
and NVS was computed. Next, we assessed the amount of rela-
tionship between the feature and NVS using the chi-square test
for independence. We selected the maximal amount between the
one obtained with inner state and the one obtained with commu-
nication attempt. Finally, the context features were sorted based
on amount of relationship in descending order, which deter-
mined their rank.

This data-based approach is combined with expert-knowledge-
based approach in which experts define the relevance of the con-
text. They defined the order of the context features for each user,
similar to the output of the statistical approach. As the result, two
ordered list of features were stored in the knowledge base for
each user. They were then combined by assigning to each context
feature the highest rank among the two lists.

IDSS was designed to interpret the NVSs of people with PIMD
as their inner state or communication attempt and estimate the
probability of context features as causes of these behaviors. While
this is already valuable on its own, our system also provided a
mechanism that allowed it to undertake actions based on the
identified understanding of the behaviors—assistive applica-
tions. These were designed in such a way that they allowed
the caregivers to define rules that influence decisions of the
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assistive applications concerning what action to undertake in
what kind of situation. Such functionality was achieved by intro-
ducing rule-based decision making and prioritization lists of
identified causes within individual applications, which could
be modified by the secondary users. This is summarized in
Figure 7.

The available assistive applications in the system included
the communication application or communicator, multimedia
player, and smart room application.

5.1. Communicator

The purpose of this application was to translate what a person
with PIMD is experiencing (inner state) or attempting to commu-
nicate (communication attempt) into messages understood by
others. This especially concerns those that do not know the par-
ticular person with disability well (e.g., new caregivers). The com-
municator messages also relate to the context of the monitored
primary user, which may include for example the presence of
other people in the room or actions performed by other applica-
tions (e.g., a song played by the media player). The messages to
secondary or tertiary users are provided in natural language via a
graphical user interface (GUI).

The communicator additionally contained configurations
about each individual user, allowing for high personalization.
Each configuration consisted of a set of rules, which are the basis
for the decision of what message to show, given the detected
inner state or communication attempt and context. The second-
ary users can edit these configurations and rules. They can also
provide feedback on the detection and suggested action, in accor-
dance with active learning paradigm.

5.2. Multimedia Player

The main rationale for the multimedia player was to facilitate
independence of the primary users, keeping them happy without
direct involvement of a second party. One of the envisioned ways
was by focusing their attention on music and other sounds. Such
an autonomous service would empower the primary users, which

INSENSION System

sends intents
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priorities
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Intent

Primary User and their
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was hypothesized to cause short-term (satisfaction) and long-
term (sense of influence on the neighborhood) positive effects.
Furthermore, this would relieve some burden from the second-
ary users (not having to spend all their time next to the primary
user), which is seen as beneficial to the relationship between
the two.

The situations in which the media content was played again
depended on the configuration of the application entered by the
secondary user. This person was considered the expert in under-
standing what multimedia could be played (i.e., are liked or
potentially liked by the given primary user), in response to which
NVSs and within what context. They prepared playlists and rules
based on time of day and the recognized inner state or commu-
nication attempt.

5.3. Smart Room Application

The goal of this application was to enable direct interaction
between the electrical devices in the room and the person with
PIMD. To achieve this, this application provides means for con-
trolling electrical devices, through transforming detected NVSs
into specific actions, again according to a user-specific configu-
ration in the application. The control of devices included switch-
ing electrical or virtual devices on or off. Electrical devices
included a fan, a lamp, or a vibrating mattress (often used to
stimulate people with PIMD). Example of interaction via lighting
is shown in Figure 8.

6. Experimental Evaluation

It is important to note that while we conducted a pilot study in the
final stage of the project, individual component evaluation was
done at different earlier phases to validate their performance.
Following these individual results, we also provide system per-
formance overview on the pilot data. Importantly, despite low
number of involved subjects, such rich multimodal data of peo-
ple with PIMD is immensely valuable but difficult to collect. The
results are highly subject-specific, but still offer important
insights into the feasibility of such a complex system.

Assistive application

Inner state /
communication

attempt .
Cause v
Cause

detects inner state

or communication attempt

Cause

Primary User

detects context

Context
Cause Cause

Figure 7. The role of assistive applications in the proposed system.
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Figure 8. Interaction between the primary user and the smart room application via lighting.

The methodology of this study was oriented toward a single-
case design (SCD) approach,*”! which is the most common way
to deal with the high heterogeneity of the target group and the
resulting small sample size.*®) Current research on people with
PIMD uses SCD as methodology following the trend towards the
increased integration of technology. Inter alia, several studies
focused on the investigation of the emotional expression by ana-
lyzing physiological data with machine learning algorithms!*>!
or visual inspection,*®! the support of communication by classi-
fying the personal movements and environmental data with
machine learning algorithms (i.e., different data regarding loca-
tions, times or weather),”**! the enhancement of attention,
body movements and affective behavior using an interactive
technical ball,”? or the promotion of physical activity through
technology aids.”***

6.1. Primary Users and Ethics

The six individuals with PIMD participating in the project had
different specific conditions, including but not limited to
Sturge-Weber syndrome, cerebral palsy, epilepsy, hypotonic form,
quadriplegia, cytomegalovirus disease, and post-inflammatory
hydrocephalus. Four primary users had visual impairment
and two had hearing impairment. Five subjects were male
and one was female, with ages ranging from 3 to 18years
(mean = 10.9 y). During the duration of the project, participation
intensity of each primary user varied, depending in their condi-
tion and agreement of their legal representatives. In some early
evaluations, we only used more plentiful data of two individuals,
which was continuously collected through several recording ses-
sions. However, in the final pilot, 6 primary users participated.
This is the reason for differences in the data used for evaluation
of different components at different stages of the project.
Given exceptional sensitivity of the primary users and their
data collected in the INSENSION system, ethical clearance was
obtained before the project commenced. Importantly, informed
consents were also obtained from legal representatives of each
participant (most commonly parents) about their participation
in the project and subsequent use of data for model training
and project dissemination. In adherence with the consents,
the collected data was safeguarded and used only for model train-
ing and internal validation of the system. It was not distributed in
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any way outside of the project, except specific images that were
allowed to be used for scientific dissemination (e.g., Figure 3,4).

6.2. Evaluation of Individual Components

Individual components were evaluated offline with post analysis.
This meant that data was recorded and then annotated after the
recording took place, which was followed by individual evalua-
tions described in this section.

6.2.1. Identity Recognizer

The ML models were evaluated on a dataset containing frames
obtained with two RGB cameras at 1920 x 1080 resolution. In
total, it consisted of 3000 facial images of 6 individuals, split
evenly among participants. The dataset was split into five subda-
tasets of 100 images per person for a 5-fold CV approach. The
images of each subdataset have been extracted from different vid-
eos to assure the variability and to avoid overfitting. Thus, each
fold was composed of 400 images per person (2400 in total) for
training, and 100 images per person (600 in total) for testing.

Furthermore, two more datasets were constructed for people
who are not primary users. The first included Related-Unknown
People (RUP), like relatives and caregivers, which included
images of 15 people. The second included General-Unknown
People (GUP) completely out of the scope of the project, which
included images of 395 people.

We monitored standard classification performance metrics,
including accuracy and F1 score. For classification of the primary
users (identification), all models achieved similar performance
within 3%, with SVM achieving the highest accuracy and F1
score of 99.2%. It similarly showed best performance in separat-
ing known and unknown people, while having one of the lowest
execution times due to using a linear kernel.

6.2.2. Facial Expression Recognizer

As highlighted in Section 3, most expressions were recognized
using ML techniques, while eye appearance was classified based
on anatomical rules. 1) Jaw appearance (4 class values: grinding,
biting, drooling, and no movement). For this case, we used the data
of 5 subjects who had these class values and performed a LOSO
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experiment again. The best-performing LSTM achieved average
accuracy and F1 of 80%. 2) Mouth appearance (5 class values: lip
movement, corners of mouth up, corners of mouth down, mouth wide
open, and neutral). Similar to the previous case, we used the col-
lected data of people with PIMD, augmented with the CK+ data-
set. We again split it into 70% for training and 30% for testing,
where the best LSTM model achieved 88% accuracy and 87% F1
score. 3) Eye appearance (5 class values: closed, semi-closed, widened,
winking, and neutral). We used an anatomical model based on
distances between eye keypoints. For training this models, we
used a dataset containing annotated recordings of people with
PIMD from the project (minority), as well as additional videos
where 5 people performed expressions of interest from three
points of view (frontal, semi-lateral, and lateral). The dataset
was split into a training and a testing subset in a leave-
one-subject-out (LOSO) manner. This allowed for a subject-
independent evaluation, which achieved average accuracy and
F1 score of 89%. 4) Eyebrow movement (3 class values: frown, raised,
and no movement). We again conducted a similar LOSO experi-
ment for the eyebrow movement, where the best-performing
LSTM model trained on sequences of 10 frames achieved
average accuracy and F1 score of 80% and 78%, respectively.
4) Nose movement (2 class values: movement and no movement).
Concerning the nose region, we augmented the limited data col-
lected from people with PIMD with the Extended Cohn-Kanade
Dataset (CK+).**! Due to subtle movements of the nose, we
opted for a binary classification. This dataset was split into train-
ing and testing using the 70-30% split, not following the LOSO
schema, since each instance in the CK+ dataset corresponds to a
different individual. The best-performing LSTM model here
achieved 73% accuracy and F1 score.

For the evaluation of facial expression and gesture recogniz-
ers, both PIMD and non-PIMD data was used for training. The
latter filled the gaps for specific expressions or gestures that were
under-represented in the former. This was further alleviated
using SMOTE oversampling.*®! In the final evaluation, only
PIMD data was always used in the test set.

6.2.3. Gesture Recognizer

Similar to facial expressions, we also had two types of models for
gestures—those based on ML techniques and those based on
anatomical rules. 1) Body posture (2 class values: jerky and leaning
to the side). For the case of leaning, we used an anatomical rule by
computing the angle between the hips-axis and the shoulder-axis.
We again used a dataset comprised of collected data from people
with PIMD and people purposefully doing these postures. Using
the mentioned rule, we achieved accuracy and F1 score of 84%
and 81%, when doing binary classification between leaning and
no leaning. For the jerkiness, we instead trained ML models,
which were fed sequences of keypoint characteristics as instan-
ces. A simple fully connected neural network performed best
with accuracy and F1 score of 81%. 2) Appearance of the head
(7 class values: floppy, shaking, nodding, raising, turns to side, leans
to side, and neutral). The first task included movements (shaking,
raising, turning, and nodding). As this was not consistently pres-
ent in collected data, we only used the data purposefully created
by people without PIMD. A LOSO experiment was conducted, in

Adv. Intell. Syst. 2025, 2400925 2400925 (15 of 19)

www.advintellsyst.com

which RF achieved the best average results of 89% accuracy and
F1 score. The second task included nodding, which is character-
ized by alternative up and down movement of facial keypoints.
Using a simple anatomical rule, we achieved accuracy of 98%
and F1 score of 87% in the same LOSO experiment. Next, for
the leaning of the head, we computed the angle between the
eyes-axis and the shoulder-axis, obtaining accuracy of 72% and
F1 score of 73%. Finally, the floppy head was also formed as
a binary problem, using a more complex set of anatomical rules
related to 3D positions as described in Section 3. We trained the
model on people without PIMD performing the action and vali-
dated it on data of people with PIMD, achieving accuracy and F1
score of 86%. 3) Appearance of joints (arms, hands, legs, and feet).
For brevity, we report the results of all joint appearances com-
bined. These were mostly (with the exception of jerkiness and
hand rubbing) detected using anatomical rules, with accuracies
and F1 scores between 79 and 98%. For jerkiness, a fully con-
nected neural network performed best with accuracy of 72%
and F1 score of 71%.

6.2.4. Vocalization Recognizer

We used a dataset of two primary users A and B, for whom we
had PCM 16bit 16 kHz mono audio. As briefly mentioned in
Section 3, the best-performing model was the 5-layer LSTM. It
was evaluated in a robust temporal 5-fold CV experiment, where
each recording was split into 5 subsequent parts with the aim of
minimizing overfitting. Instances of four parts were used for
training and the instances of the fifth part for testing. The short-
est window length of 50 ms (for each instance) achieved the best
results. Using this window length, the LSTM model achieved
accuracy and F1 score of 72% for subject A and 87% for subject
B, when classifying 9 possible vocalizations (aaa, eee, aeaeae, eeh,
nge, grunt, moan, laugh, and cough).

It should be noted that data augmentation was also investi-
gated, by multiplying instances of minority class and adding dif-
ferent noise. However, augmentation efforts yielded a worsening
of results by 2-3% on average, so it was ultimately not used.

Additional component of the vocalization recognizer—the
ambient sound recognizer—was also evaluated using the same
5-fold CV experiment. The LSTM-based ambient sound recog-
nizer achieved highest accuracy and F1 score of 0.91 and 0.90,
using a window length of 1000 ms, when classifying 9 groups of
sounds: ambulance fire brigade, animals, massager, music instru-
ment sounds, singing, toy noises, vehicles, violin, and background.
The loud noise detector was calibrated on each environment-
specific audio data and a threshold was determined each time
to signal a loud sound.

6.3. Inner State and Communication Attempt Recognition

Due to some evidence in literature on connection between car-
diovascular physiological parameters and inner states,***% we
initially attempted to classify inner states and communications
attempts of people with PIMD using physiological signals only.
We used the data of two subjects, which totaled 15 recording ses-
sions. We split the PPG signal obtained from the Empatica wrist-
band into 30 s windows and computed HR and HRV related
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features based on systolic peak locations. The data instances were
stacked temporally (to avoid overfitting) and a 5-fold CV experi-
ment was done. Six ML algorithms were compared (kNN, DT,
RF, SVM, AdaBoost, and XGB), and the best results were
obtained using the XGB classifier. It produced accuracy of
62% and F1 score of 59% for the inner state, and 48% and
45% for communication attempt, surpassing the baseline major-
ity classifier by 12% on average.

This simple early approach was later contrasted by the sophis-
ticated IDSS detailed in Section 3, which used the outputs of all
other components to predict inner state and communication
attempt. We used 5-fold CV for evaluation per-subject and
per-class. We used all the available data of 2 primary users for
evaluation. Initial observations showed that using SMOTE over-
sampling consistently outperformed random or no oversampling
in all experiments. It was additionally found that audio-visual sets
of features (from cameras and microphones) consistently outper-
formed physiological features, as the latter were unreliable due to
problems in signal quality (the subjects are often jerky and have
very thin wrists, making the PPG from wearable corrupted).
However, physiological signals can in some ensemble cases help
improve the results, depending on subject and ensemble, as seen
in Table 4. The results of individual models and ensembles are
shown in Table 4. Note that while we used balancing methods
(SMOTE) on training data, we did not balance the test data.
Considering that our test set classes remain imbalanced, we used
balanced accuracy as the evaluation metric. Balanced accuracy is
the average recall across all the classes, and recall is the fraction

Table 4. Summary of average balanced accuracies for different users and
predicted classes. We always used SMOTE on training set and used all
audio-visual inputs. bestN indicates the N best performing individual
ML models used in the ensemble. Best3 and best2 cases included the
3 and 2 individually best-performing ML algorithms from those
compared—these can be seen in the upper part of this table.

Subject A Subject A Subject B Subject B
inner comm. inner comm.
state attempt state attempt

Expert system (ES) 48.4% 33.3% 60.8% 35.0%
LDA 56.3% 73.3% 63.5% 62.3%
Naive Bayes 53.5% 58.0% 64.8% 44.8%
SVM 60.2% 57.0% 67.1% 48.8%
kNN 57.9% 51.1% 59.1% 44.8%
DT 54.0% 56.9% 59.5% 59.0%
RF 49.3% 52.4% 62.5% 35.0%
RF optimized (RFO) 59.8% 70.5% 65.5% 60.8%
best3 62.1% 72.5% 69.3% 53.6%
best3 + physio. 58.2% 75.3% 67.2% 56.0%
ES + best2 62.4% 72.2% 69.3% 50.6%
ES + best2 + physio. 59.2% 76.4% 66.9% 0.0%
RFO + best2 62.1% 72.5% 67.3% 53.6%
RFO + best2 + physio. 58.2% 75.3% 66.2% 56.0%
RFO + ES + best1 60.6% 72.2% 67.0% 50.6%
RFO + ES + best1 + physio. ~ 59.0% 76.4% 66.9% 56.4%
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of instances belonging to a class that are in fact recognized
as such.

We can observe that different models or ensembles perform
the best for different subject and class. Despite these variations,
the trend shows that most best results appear in the lower part of
Table 4, indicating that ensembles tend to outperform individual
models. This is however not the case for subject B when classi-
fying the communication attempt.

6.4. Pilot Evaluation of Assistive Applications

After the system was developed and offline evaluation was con-
ducted on per-component level, we also tested it live in a pilot
involving six primary users (people with PIMD) and eight sec-
ondary users (caregivers) to evaluate the correctness of the deci-
sions and their usefulness. We wanted to test each assistive
application twice per primary user; however, we only managed
to obtain partial results due to health-related absences.
Specific scenarios were designed to elicit certain states and vali-
date the behavior and influence of the applications in those spe-
cific situations, which were assessed by the secondary users.

The caregivers were asked for feedback through a survey
where they were asked “How do you rate the following app fea-
tures?” for the first four features in Figure 9 and “Please answer
to what extent you agree with the following statements” for the
last three features.

The users were generally satisfied with the design of the user
interface, as evidenced by high scores in language comprehen-
sion, transparency and visual readability, navigation, aesthetics,
and general ease of use. While the user interface was not as
refined as mature commercial software, the users felt that the
more mundane aspects were executed well, and most challenges
were due to the fact that our system was attempting to perform a
novel and difficult task. There was substantial variability in their
views on whether the application mirrored communication
methods of other known messengers (n=4 with positive
reviews). While being able to converse with people with PIMD
through a messenger-style application would be desirable, the
purpose of these applications is bidirectional communication,
which is not what our system does. So, perhaps the survey ques-
tion was not entirely appropriate. Most critically, the idea of inte-
grating the system into daily routines received divided opinions
(n = 3 with positive reviews). Some concerns were expressed over
the time required for setup. Considering the hardware used and
the need for personalization, complex setup is inevitable,
although some streamlining is possible. We believe, however,
that most secondary users would accept it the payoff was suffi-
cient, i.e., if the system was helpful enough. The most serious
concerns were over system reliability. Given the task of the sys-
tem, it can never work perfectly, although improvements are pos-
sible and certainly something to strive for in the future. However,
the fact that half of the (admittedly small group of) caregivers
could imagine using our system on a daily basis, even though
it was far from a mature product, can be considered a success.

A summary of the key results from the perspective of interac-
tion between primary users and the INSENSION system is given
in Table 5. The Summary column compares the primary user’s
inner states as annotated by the secondary users and the
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Figure 9. Secondary user feedback on the INSENSION application.

Table 5. Key findings in terms of interaction between primary users and the INSENSION system.

User Scenario/app Summary Evaluation
X1 Smart room Annotated neutral state. IDSS detected displeasure, triggered the application and then OK (incorrect but harmless detection, improved
detected pleasure. inner state if detection of pleasure was correct)
X2 Media player Annotated displeasure. IDSS did not detect it, so application was not triggered. Bad
X2 Smart room Annotated displeasure (two cases). IDSS detected one displeasure and triggered the Good
application.
X4 Smart room Annotated displeasure. IDSS detected the displeasure, but also other states, and OK (some unnecessary triggering of the
triggered the application several times. It is possible this contributed to subsequent application)
pleasure.
X8 Media player Annotated displeasure. IDSS did not detect it, so the application was not triggered. Bad
X8 Smart room Annotated displeasure (several cases). IDSS detected most cases and triggered the Good
application.
X8 Media player Annotated neutral and pleasure. IDSS detected several cases of displeasure and OK (incorrect but harmless detection, improved
triggered the application. It is possible this contributed to subsequent pleasure. inner state if detection of pleasure was correct)
X8 Smart room Annotated displeasure (two cases). IDSS detected the displeasure, but also other states, Good (triggering until pleasure is achieved)
and triggered the application several times. After some triggers it detected pleasure.
X9 Media player Annotated neutral. IDSS detected neutral and pleasure, did not trigger the application Good
X9 Smart room Annotated neutral. IDSS detected neutral and pleasure, did not trigger the application Good

detections of the INSENSION system. It also states the actions
taken by the system based on its detections. The Evaluation col-
umn provides our evaluation of the system’s performance. The
evaluation is good when the system detected the inner state with a
reasonable accuracy and acted appropriately. It is bad when the
system made a wrong detection and did not act appropriately. It
is OK when the system made an incorrect detection or did oth-
erwise not act as intended, but the result for the primary user still
appeared to be good.

From a pedagogical perspective, Table 5 shows that the IDSS
has potential to support people with PIMD by adapting to their
unique needs and improving their emotional well-being, as seen
in cases like X2 (Smart room) and X8 (Smart room). However,

Adv. Intell. Syst. 2025, 2400925 2400925 (17 of 19)

inconsistent detection, such as in X2 and X8 (Media player), can
lead to frustration and hinder development, highlighting the
need for reliable responses. Accurate feedback, like in X9, pro-
motes emotional regulation and autonomy, while unnecessary
triggers, as in X4, can create confusion. It should be noted that
sometimes even incorrect detections by the IDSS can lead to
good results, such as in the case of X1 and X8 (Media Player).
While these successes cannot be attributed to IDSS, they can
be attributed to the system as a whole, since most of the actions
it was designed to do are pleasurable for the primary users in
most circumstances. This fortunately gives the IDSS some lee-
way in its challenging tasks. Overall, the system requires refine-
ment and should be implemented for a longer period of time to
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Dbe able to make reliable statements about the effects of the appli-
cations on the behavior of the participants as well as their devel-
opment and QoL.

7. Conclusion

We proposed, developed, and validated a system for holistic sup-
port of people with PIMD. Using an interdisciplinary approach,
we incorporated knowledge of pedagogical experts and caregivers
to model inner states of primary users and relate them to their
subject-specific NVSs. The latter were detected using several
modules based on CV, audio processing, physiological signal
analysis, and environmental context. These multimodal signals
were used to train an IDSS, which detected inner states and com-
munication attempts of primary users, and responded via appli-
cations influencing their smart room environment.

The results obtained in the INSENSION project, being an
important novel step in proposing a technological solution sup-
porting interaction of people with PIMD with their surround-
ings, yielded a deep insight into solving this challenge. The
pilot trial confirmed that the developed platform achieves the
desired outcomes to an extent. Using the system in some of
the test scenarios increased the primary users’ chance of receiv-
ing the appropriate support. This was especially noticeable for
those scenarios in which the person with PIMD stayed alone
and was supported only by the system. Individual components
also worked in line with results of individual evaluations reported
earlier. Importantly, this study’s design was based on the
assumption that the person with PIMD understands to some
degree that the external circumstances (i.e., interaction with
the caregiver, music played, and function of the device started)
are or can be changed by their behavior. However, especially with
this target group, it can be assumed that it would take more time
for the primary users to fully grasp their ability to interact with
the environment via the system.

An important challenge that remains is fluidity of behavior
depending on context and environment. For instance, should
the environment or caregivers change, the NVSs of PIMD indi-
viduals might change as well—either completely or more subitly,
only in the meaning behind the same NVS.°”! Capturing such
changes would require recalibration and retraining of the system
based on new contexts.

INSENSION system is a pioneering approach in holistic unob-
trusive AT for people with PIMD, who are incapable of symbolic
communication and thus cannot use existing solutions. It repre-
sents an important stepping stone towards enabling such people
to interact with their environment using responsive technology,
which can ultimately increase their QoL.
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