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H I G H L I G H T S

• Fault diagnosis under varying conditions using impedance spectroscopy.

• Probabilistic model captures operating point effects on system behaviour.

• Distribution comparison enables robust detection of system deviations.

• Achieves 97% fault detection and 96% fault isolation accuracy.

• Validated on 90-day electrolysis stack experiment with 600+ spectra.
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A B S T R A C T

This work presents a probabilistic diagnostic framework for solid oxide electrolyser cell systems based on elec­

trochemical impedance spectroscopy. Instead of assuming a fixed operating point, the framework explicitly 

accounts for variations in operating conditions. Spectral data are deconvoluted using an equivalent circuit model 

whose parameters are obtained via variational Bayes inference, resulting in probabilistic estimates. Parameters 

inferred under nominal (healthy) operating conditions are then described by a Gaussian process model and sub­

sequently used to check for faults. Specifically, deviations from nominal behaviour are quantified by means of 

the Wasserstein distance, which measures the discrepancy between the predicted and experimentally obtained 

parameter distributions. These distance-based residuals form a set of features that enable fault detection and fault 

isolation using a support vector classifier. The complete framework is validated on data from a 6-cell solid oxide 

electrolyser short stack collected over a 90-day experimental campaign comprising more than 600 electrochem­

ical impedance spectroscopy spectra. On the test set, the proposed approach achieved 97% accuracy for fault 

detection and 96% accuracy for multiclass fault isolation under variable operating conditions, demonstrating 

robust diagnostic performance in dynamically operated solid oxide electrolysis cell systems.

1 . Introduction

Solid oxide electrolysis cell (SOEC) systems have emerged as a 

promising technology for efficient hydrogen production with low or 

potentially zero carbon emissions. Operating at high temperatures 

(700–1000 ◦C), they offer excellent electrical efficiency and potential 

for integration with renewable energy sources [1,2]. Despite these 

advantages, the long-term durability and reliability of solid oxide elec­

trolysis cells (SOECs) remain major obstacles to large-scale deployment 

[3,4]. High operating temperatures accelerate multiple degradation 

mechanisms such as material decomposition reactivity of the O2 elec­

trode with the electrolyte, microstructural evolution of the fuel elec­

trode, and contact loss and degradation of the protective coating layer 

of the interconnect [5]. These degradation processes significantly im­

pact system performance over time, as observed in long-term operation 

studies [6]. This makes health monitoring, early fault detection, and 

degradation-aware operation critical for enabling field deployment of 

solid oxide electrolysis cell (SOEC) technology. Recent work has further 

emphasised that SOEC degradation is governed by cross-scale coupling 

mechanisms, linking microstructural evolution with macroscopic system 
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Acronyms

ARD automatic relevance determination

BIC Bayesian information criterion

DRBS discrete random binary signal

DRT distribution of relaxation times

ECM equivalent circuit model

EIS electrochemical impedance spectroscopy

ELBO evidence lower bound

GP Gaussian process

PEM proton exchange membrane

SOEC solid oxide electrolysis cell

SVC support vector classifier

VB variational Bayes

WD Wasserstein distance

behaviour, thereby motivating the integration of multiscale modelling 

and data-driven approaches for improved diagnosis and mitigation [7].

Inferring the origin of faults and degradation strongly depends on 

the quality of features, i.e., quantities (directly measurable or indirectly 

evaluated from available process data) that should be sensitive only to 

the presence of faults in the system, while being insensitive to external 

disturbances.

Feature generation can be categorised into three main approaches 

[8]: the passive approach (using only available sensor data), the ac­

tive approach (using additional perturbations applied to the operational 

signals), and a combination of both. The choice of approach depends 

on several factors, in particular the required diagnostic performance 

indicators and the cost of implementation.

Several review papers highlight the taxonomy of passive diagnostic 

approaches in hydrogen electrochemical devices in general, and in solid 

oxide fuel cell and electrolyser systems in particular, as discussed in the 

early paper by Barelli et al. [9]. A plethora of model-based approaches 

for passive diagnosis has been recently reviewed in Yang et al. [10]. 

They span physical models (0D to 3D) as well as data-driven models 

[11].

The problem with passive approaches, in general, is twofold. First, 

they can cope only with the slowest dynamic modes of the stack, i.e., 

modes visible at the system level. Second, many different faults and 

degradation modes may result in similar feature signatures, rendering 

passive approaches insufficient for inferring the full range of possible 

fault modes. This is consistent with observations, reported indepen­

dently by several authors, that passive approaches primarily cope with 

stack faults affecting the area-specific resistance as reported in Gallo 

et al. [12] and more recently Yazbeck et al. [13].

To achieve better discrimination between faults, insight into the fast 

dynamic modes of the stack is required. This implies the need for addi­

tional, deliberate perturbations of the stack that can elicit the response 

of its higher dynamic modes. This is the aim of active diagnosis. The 

most widely used active approach relies on electrochemical impedance 

spectroscopy (EIS).

EIS is widely recognised as a powerful tool for analysing the dynamic 

processes within electrochemical devices [14,15]. It reveals character­

istic signatures of charge transfer, gas diffusion, and mass transport 

phenomena that can be associated with underlying physical degrada­

tion modes. To derive useful diagnostic information, electrochemical 

impedance spectroscopy (EIS) spectra are typically interpreted using 

equivalent circuit models (ECMs), whose parameters reflect ohmic resis­

tance, electrode polarisation, diffusion effects, and related mechanisms 

[16]. In recent years, fast EIS methods based on discrete random binary 

signal (DRBS) have enabled the acquisition of high-quality impedance 

spectra under realistic dynamic operation [17,18], thus making EIS-

based diagnostics feasible in varying environments.

A central challenge, however, remains unresolved. Namely, conven­

tional EIS-based diagnosis is mostly applied under laboratory conditions 

and assumes fixed operating conditions. How to conduct consistent EIS 

interpretation under variable operating conditions in situ and in operando

is rarely discussed. There are only a few papers that point out short­

comings of the conventional EIS in practical applications, e.g., [19,20]. 

Under this assumption, deviations in equivalent circuit model (ECM) 

parameters are attributed to faults or degradation. In real SOEC opera­

tion, where current, temperature, gas composition, and flows could vary, 

this assumption does not hold any longer. As demonstrated in Dolenc 

et al. [21], even healthy SOECs exhibit substantial variations in EIS spec­

tra solely due to changes in operating conditions. Consequently, ECM 

parameters cannot be treated as fixed but must instead be modelled as 

functions of the process variables. Failing to account for this dependency 

leads to a high rate of false alarms and unreliable diagnostics.

Surprisingly, the attempts to account for the operating conditions in 

the online diagnostic applications are rather limited. An attempt in the 

domain of batteries can be found in Cho et al. [22] where the authors 

explicitly model the ECM parameters as a function of operating temper­

ature and state of charge as two most significant process variables that 

define the operating point.

In the context of proton exchange membrane (PEM) fuel cell system 

in Martín et al. [23] the authors analyse the interaction between elec­

trical and thermal models to simulate the system behaviour at different 

operating regimes. They model the dependence of the ECM parameters 

on thermal conditions to capture the dynamic behaviour of the system. 

The entire model is used only for simulation and not for diagnosis.

An approach addressing variable operating conditions is presented 

in Maradesa et al. [24], where the authors developed an EIS decon­

volution method that can take into account experimental conditions 

of the observed device. The approach builds on the deconvolution by 

means of distribution of relaxation times (DRT), whereas a stochastic 

Gaussian process (GP) model is developed to relate DRT characteristics 

with the operating parameters in nominal healthy conditions. In this 

work, diagnosis is not considered.

Despite these efforts, a comprehensive diagnostic framework that ex­

plicitly accounts for varying operating conditions remains lacking. To 

address this challenge, we build on recent advances in probabilistic 

modelling for EIS-based diagnosis. First, we estimate ECM parameters 

from each EIS measurement using a variational Bayes (VB) approach 

Žnidarič et al. [25]. It provides full posterior distributions rather than 

point estimates. These distributions naturally quantify the uncertainty 

in the impedance fit and form the basis for principled residual computa­

tion. Second, we model the dependency of ECM parameter distributions 

on operating conditions using GP regression. GP models have previ­

ously demonstrated strong performance in energy and electrochemical 

systems due to their ability to capture nonlinear relationships and de­

liver calibrated uncertainty estimates [26]. In this work, GP models are 

trained solely on healthy data to represent the nominal behaviour under 

varying operating points.

The discrepancy between predicted (GP-based) and measured (VB-

based) ECM parameter distributions is quantified using the Wasserstein 

distance (WD), which measures the dissimilarity between probability 

distributions. Finally, support vector classifier (SVC), coupled with Platt 

calibration for probabilistic outputs [27], is used to detect and isolate 

faults based on the WD-derived features. Classification methods have 

already shown strong potential in fuel-cell diagnostics [28,29].

The objective of this paper is to demonstrate that such a probabilistic, 

set-point-aware framework enables accurate fault detection and isola­

tion in dynamically operated SOEC systems. Using experimental data 

from a 6-cell short stack subjected to both induced and spontaneous 
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Fig. 1. Comparison of EIS spectra measured at different operating conditions 

(current, temperature, and fuel flow). Variations in the operating point lead 

to significant changes in the impedance, highlighting the need for diagnostic 

methods that take such variations into account.

faults, we show that the proposed method reliably detects and isolates 

faults while properly accounting for variations in operating conditions. 

The results confirm that set-point-aware modelling is essential for reli­

able EIS-based diagnosis and that the integration of VB, GP modelling, 

WD residuals, and SVC classification yields a robust diagnostic pipeline 

suitable for in-field operating conditions.

The remainder of this paper is organised as follows. Section 2 formu­

lates the diagnostic challenges that arise from variations in operating 

conditions. Section 3 presents the proposed modelling and diagnostic 

framework. Section 4 provides a detailed explanation of the underly­

ing methodology. Section 5 describes the experimental design. Section 6 

presents the results obtained from applying the algorithm to the experi­

mental data. The paper closes with conclusions and perspectives for the 

follow-up.

2 . Problem statement

The conventional EIS-based diagnosis procedure tacitly assumes that 

the process operates at constant operating conditions. During in-field op­

eration, however, it is not always possible to ensure identical operating 

conditions for EIS evaluation and, consequently, consistent comparison 

of the obtained spectra.

If spectra are evaluated under equal operating conditions, one can rel­

atively unambiguously associate changes in the spectra with faults or 

degradation modes. If, on the other hand, EIS spectra are taken at dif­

ferent operating conditions, these variations can significantly impact the 

spectra and the associated ECM parameters.

A natural question, therefore, arises: how can one consistently infer 

about the SOEC system from EIS curves measured at different operating 

conditions? To better demonstrate the problem, Fig. 1 shows EIS curves 

taken at different current, temperature, and fuel flow conditions. The 

differences can be rather substantial, for instance, in cases where higher 

steam conversion is reached.

3 . The proposed diagnostic framework

The key idea of the proposed framework is to take into account 

the variability of operating conditions when performing fault diagnosis. 

Instead of treating nominal ECM parameters as fixed, they are modelled 

as functions of the process variables Fig. 2.

Specifically, each ECM parameter 𝜃𝑖 is expressed as a function of the 

operating conditions

𝜃𝑖 = 𝑓𝑖(𝐱),

where process variable 𝐱 includes conditions such as temperature, 

current density, fuel flow, and voltage.

Fig. 2. The idea of modelling the ECMs as a function of the vector of process 

variables.

The model is static because it is assumed that during the EIS ses­

sion the process variables can be considered constant. Moreover, to 

cope with uncertainties in the process, we use GP regression 𝑓𝑖(𝐱) ∼
GP(𝑚𝑖(𝐱), 𝑘𝑖(𝐱, 𝐱′)), where 𝑚𝑖(𝐱) and 𝑘𝑖(𝐱, 𝐱′) represent mean and covari­

ance kernel functions, respectively. Both are selected and optimised 

during preprocessing.

The outline of the probabilistic diagnostic procedure, tailored for 

non-stationary operating conditions, is shown on the right side of Fig. 3. 

The conventional EIS-based diagnostic procedure applicable in station­

ary operating conditions is provided on the left side of Fig. 3. Both 

compare the measured ECM parameters to the predicted, but only the 

former can confidently attribute the resulting difference to an occurring 

fault in case of variable operating conditions.

The procedure proposed in this paper consists of the following steps:

1. EIS session. Both current and voltage are sampled under pertur­

bation of the current. To reduce the duration of EIS session and 

minimize the influence of noise and fluctuations, especially in fuel 

feed, the stack is perturbed by DRBS, see Appendix E for details.

2. Probabilistic deconvolution of EIS. EIS is interpreted by means of 

ECM. To account for inevitable uncertainties present in the pro­

cess, we use the probabilistic VB procedure proposed by Žnidarič 

et al. [25]. As a result of the procedure, we get the probability 

density distributions of the ECM parameters.

3. Predicting ECM parameters from process variables. A GP model is 

applied to predict the distributions of ECM parameters as the 

outcome of a new EIS session, given that the values of process 

variables are known. In case of no fault and no degradation, the 

predicted and the measured values are nearly the same, otherwise 

they should differ.

4. Fault detection. To quantify the discrepancy between the two re­

sulting distributions (the measured and the predicted) WD is 

utilised. The greater the dissimilarity between the two, the higher 

the WD, which makes WD act as a residual in a fault detection 

setting. Moreover, due to taking into account information about 

operating conditions, residuals become insensitive to variations 

of the set-point of the device.

5. Fault isolation. It is done by SVC trained on the WD-derived fea­

tures, enabling identification of specific fault types under varying 

conditions.

4 . Methodology

A detailed background on VB, GP, WD, and SVC is provided in 

Appendix A–D, respectively. The source code for results replication 

along with a demo case can be found at https://repo.ijs.si/lznidaric/

fault-diagnosis.

(i) Probabilistic EIS deconvolution via VB

We interpret the measured impedance spectrum 𝑍(𝑗𝜔) using an ECM 

built from a sum of a resistor and two RQ elements

𝑍(𝑗𝜔) = 𝑅𝑠 +
𝑅1

1 + (𝑗𝜔)𝛼1𝑅1𝑄1
+

𝑅2
1 + (𝑗𝜔)𝛼2𝑅2𝑄2

+ 𝑗𝜔𝐿, (1)

where 𝑅𝑠, 𝑅1, 𝑅2 are resistances, 𝑄1, 𝑄2 are constant phase elements, 

𝛼1, 𝛼2 are fractional exponents (0 < 𝛼 ≤ 1) and 𝐿 is inductance, which we 

fixed to a constant term using high frequency data (10−9). This topology 
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Fig. 3. Comparison between the conventional EIS procedure applicable in stationary operating conditions (left) and the novel EIS-based diagnostic procedure tailored 

for the non-stationary operating conditions (right).

corresponds to a commonly used extension of the Randles circuit, where 

multiple RQ elements represent distinct electrochemical relaxation pro­

cesses [30]. The constant phase elements account for the depressed 

semicircles typically observed in impedance spectra. Alternative circuit 

topologies were also considered in earlier work, but the chosen ECM 

provided the best balance between model simplicity and quality of fit. 

RQ elements are widely used to model a range of electrochemical sys­

tems, from fuel cells [31] and batteries [32] to corrosion phenomena 

[33].

Let

𝜽 = [𝜃1, 𝜃2,…]⊤ = [𝑅𝑠, 𝑅1, 𝑅2, 𝑄1, 𝑄2, 𝛼1, 𝛼2]⊤

denote the model parameters and D = {𝑍(𝑗𝜔𝑘)}
𝑁
𝑘=1 the measurement 

data. Exact Bayesian inference of 𝜽 turns out to be computationally pro­

hibitive, so we instead opt for an approximate method to bypass these 

bottlenecks.

Variational Bayes (VB) facilitates inference by approximating pos­

terior probability distribution 𝑝(𝜽 ∣D) with a parametrised distribution 

𝑞𝜙(𝜽). A parametrised distribution is limited to a fixed family of distribu­

tions, i.e., log-normal distribution for 𝑅𝑖, 𝑖 ∈ {𝑠, 1, 2} and 𝑄𝑖, 𝑖 ∈ {1, 2}, 
and beta distributions for 𝛼𝑖 ∈ {1, 2}, which transforms inference into a 

tractable optimisation task.

To allow direct comparison with the GP model outputs, we applied 

a logarithmic transformation to log-normal posteriors, which converts 

them into an equivalent normal distribution.

(ii) Modelling the nominal ECM parameters with GP

A GP model is derived for each ECM parameter. It defines a 

distribution over functions

𝑓𝑖(𝐱) ∼ GP(𝑚𝑖(𝐱), 𝑘𝑖(𝐱, 𝐱′)), (2)

where 𝑚𝑖(𝐱) is the mean function (here assumed to be zero) and 𝑘𝑖(𝐱, 𝐱′)
is the covariance or kernel function. The kernel function determines 

the smoothness and correlation structure of the modelled function. For 

common kernel function options see Appendix B. 

Operating conditions influence ECM parameters. Therefore, we 

model them as functions of process variables 𝐱 (temperature, current 

density, flows, etc.)

𝜽̂𝑖 = 𝐟𝑖(𝐗) + 𝜺𝑖, (3)

where 𝜽̂𝑖 = [𝜃̂1𝑖 , 𝜃̂
2
𝑖 ,… , 𝜃̂𝑛𝑖 ]

⊤
 denotes 𝑛 (log transformed) noisy measure­

ments of 𝑖-th ECM. 𝜺𝑖 denotes white measurement noise with corre­

sponding matrix of variances 𝐃𝑖 = diag(𝜎21 , 𝜎
2
2 ,… , 𝜎2𝑛 ). Both 𝜽̂𝑖 and 𝐃𝑖

are provided by running VB on the impedance data. 𝐗 = [𝐱1, 𝐱2,… , 𝐱𝑛]⊤
denotes the matrix of our inputs, which is provided by measuring the 

process variables.

The set of kernel function hyperparameters, denoted by 𝝑𝑖, is learned 

by maximising the log marginal likelihood

log 𝑝(𝜽̂𝑖 ∣ 𝐗,𝝑𝑖) = − 1
2 𝜽̂

⊤
𝑖
(

𝐊𝑖(𝐗,𝐗) + 𝐃𝑖
)−1𝜽̂𝑖−

1
2 log

|

|

|

𝐊𝑖(𝐗,𝐗)+𝐃𝑖
|

|

|

− 𝑛
2 log(2𝜋),

where entries of matrix 𝐊𝑖 are given by the chosen kernel function 𝑘𝑖

[𝐊𝑖(𝐗,𝐗)]𝑗,𝑘 = 𝑘𝑖(𝐱𝑗 , 𝐱𝑘), 𝑘′𝑖s hyperparameters given by 𝝑𝑖. (4)
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Optimisation is done using ADAM optimizer [34]. From measured 

𝜃̂𝑖 and optimised 𝜗𝑖, we infer the posterior distribution of the latent 

function values 𝜃∗𝑖  at unseen inputs 𝐗∗

𝜽∗𝑖 |𝜽̂𝑖,𝝑𝑖 ∼ N
(

𝐦∗
𝑖 ,𝚺

∗
𝑖
)

, (5)

where

𝐦∗
𝑖 = 𝐊𝑖(𝐗∗,𝐗)[𝐊𝑖(𝐗,𝐗) + 𝐃𝑖]

−1𝜽̂𝑖, (6)

𝚺∗
𝑖 = 𝐊𝑖(𝐗∗,𝐗∗) −𝐊𝑖(𝐗∗,𝐗)[𝐊𝑖(𝐗,𝐗) + 𝐃𝑖]

−1𝐊𝑖(𝐗,𝐗∗).

To select the most appropriate kernel function we applied Bayesian 

Information Criterion (BIC) [35]. Bayesian Information Criterion (BIC) 

was chosen due to its sound theoretical background, simplicity and wide 

applicability in the Bayesian setting. In our case, the best trade-off be­

tween bias and variance was obtained by Matérn-3∕2 kernel with a 

white-noise term (see Appendix B for details).

(iii) Wasserstein distance between the distributions

To detect changes in 𝑖-th ECM parameter we compare new measure­

ments (obtained as VB posterior) 𝜽̂∗𝑖  with the nominal GP predictive 

distribution 𝜽∗𝑖 |𝜽̂𝑖,𝝑𝑖 using squared WD of order two, denoted as 𝑊 2
2 .

Since the compared distributions are both normal 𝜽̂∗𝑖 ∼ N (𝒎̂∗
𝑖 , 𝚺̂

∗
𝑖 ), 

𝜽∗𝑖 |𝜽̂𝑖,𝝑𝑖 ∼ N (𝒎∗
𝑖 ,𝚺

∗
𝑖 ), in that case 𝑊 2

2  simplifies to 

𝑊 2
2
(

𝜽̂∗
𝑖 ‖ 𝜽∗

𝑖 |𝜽̂𝑖,𝝑𝑖
)

= ‖𝐦̂∗
𝑖 −𝐦

∗
𝑖 ‖

2
2+tr

(

𝚺̂∗
𝑖 + 𝚺∗

𝑖 − 2
(

(

𝚺∗
𝑖

)1∕2𝚺̂∗
𝑖

(

𝚺∗
𝑖

)1∕2
)1∕2

)

(7)

see Appendix C for further details. This simple closed-form solution 

makes implementation in real applications computationally feasible and 

affordable on standard control platforms.

The WD is treated as a residual, which is close to zero if the two 

distributions are close and different from zero otherwise. For the specific 

application below, the residual feature vector is defined as

𝐰𝑑 =
[

𝑊 2
2,𝑅1

, 𝑊 2
2,𝑅2

, 𝑊 2
2,𝑄1

, 𝑊 2
2,𝑄2

]⊤,

and serves as the basis for the subsequent fault-detection and fault-

isolation classifiers. It turned out that limiting the number of free ECM 

parameters to be identified alleviates the problem of excessive fluctu­

ations in the parameter estimates. As a result of the compromise, 𝑅𝑠
was not used in regression but was fixed to 10−5, similarly 𝐿 was fixed 

to 10−9. We decided not to regress on the remaining ECM parameters 

𝛼1, 𝛼2, since their inclusion in the learning process did not significantly 

improve the results.

Redundancy in 𝛼 suggests that shape changes are likely aligned with 

variations in other features.

(iv) Calibrated classification with SVC

We trained an SVC on a set of 𝐰𝑑  for fault detection and isolation. 

To obtain reliable class probabilities, we applied Platt scaling to the SVC 

decision scores, with parameters (𝐴,𝐵) fitted by cross-validated logistic 

loss. This supports thresholding and decision policies under uncertainty 

(see Appendix D).

Algorithm implementation

The algorithm was implemented in Python. The variational Bayes 

component was developed using the PyTorch framework [36], whereas 

the Gaussian process regression and support vector classification were 

implemented using scikit-learn [37].

5 . Experiment design

5.1 . System and instrumentation

The experimental study was carried out on a 6-cell anode-supported 

short stack manufactured by SolydEra and operated at the CEA labo­

ratory within the H2020 REACTT project (https://www.reactt-project.

Fig. 4. (a) The 6-cell short stack from SolydEra and (b) the associated test bench 

at CEA used for thermal management, reactant delivery, electrical operation and 

data acquisition.

Fig. 5. Simplified flowsheet of the SOEC system with the 6-cell short stack and 

the principal instrumentation used for monitoring process variables and defining 

operating points.

eu/). Each cell has an active area of 80 cm2 and is arranged in a cross-flow 

configuration, with steam–hydrogen supplied to the cathode inlet and 

air supplied to the anode inlet. The short stack is housed inside a furnace, 

whose temperature governs the overall stack thermal environment.

Fig. 4 shows the short stack and the corresponding test bench. A 

simplified process flowsheet with the main instrumentation is presented 

in Fig. 5.

5.2 . Measured signals

During the 90-day (∼ 2000h) campaign, a comprehensive set of 

process variables was recorded with a sampling interval of 1 s. These 

measurements include the stack current, individual cell voltages, fur­

nace and stack temperatures, inlet and outlet temperatures on both 

the air and fuel sides, inlet/outlet pressures, reactant flow rates (air, 

steam–hydrogen mixture), and the hydrogen outlet flow.
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Table 1 

Descriptions of the measured signals used in the diagnostic 

framework.

Name Description

Voltage Cell voltage [V]

Current Stack current [A]

P_Air_Inlet Air inlet pressure [mbar]

P_Air_Outlet Air outlet pressure [mbar]

P_Fuel_Inlet Fuel inlet pressure [mbar]

P_Fuel_Outlet Fuel outlet pressure [mbar]

MFC_Air Air inlet flow rate [slph]

MFC_Auxiliary_H2 Auxiliary hydrogen inlet flow rate [slph]

MFC_Main_H2 Main hydrogen inlet flow rate [slph]

MFC_N2 Nitrogen inlet flow rate [slph]

MFC_H2O Water vapour inlet flow rate [slph]

MFM_H2_Outlet Hydrogen outlet volumetric flow [slph]

T_Stack_Bottom Temperature at stack bottom [◦C]

T_Stack_Top Temperature at stack top [◦C]

T_Air_Inlet Temperature at air inlet [◦C]

T_Air_Outlet Temperature at air outlet [◦C]

T_Fuel_Inlet Temperature at fuel inlet [◦C]

T_Fuel_Outlet Temperature at fuel outlet [◦C]

T_Furnace Furnace temperature [◦C]

The complete list of measured quantities, along with their identi­

fiers used throughout this paper, is provided in Table 1. These variables 

form the operating-condition inputs to the GP models and are used to 

characterise the system state during EIS acquisition.

We did not pick the minimal adequate set of input variables by hand, 

since during the optimisation an unnecessary input can be rendered ir­

relevant by the optimizer inflating the length scale of the pertaining 

GP kernel [38]. We did, however, focus on only one electrolyser cell 

out of six to limit the scope of our paper. Cell 1 was selected arbitrar­

ily, solely because it was the first in the sequence. The analysis in this 

study is performed on a single cell to enable a controlled evaluation of 

the proposed diagnostic framework. This choice isolates the relationship 

between measured features and fault conditions without the additional 

complexity introduced by stack-level gradients. The methodology itself 

is not limited to single-cell measurements and can be extended to multi­

ple cells or the entire stack. However, due to thermal and gas distribution 

gradients, measurements from a single cell are primarily sensitive to 

local faults, while faults in distant cells may be less pronounced. In 

practice, the framework can be applied flexibly, i.e., to individual cells, 

selected subsets, or aggregated stack signals, allowing for a trade-off 

between diagnostic resolution and system complexity.

The evolution of process variables over the course of the experiment 

is shown in Fig. 6. The variable names in the figure correspond directly 

to those listed in Table 1, ensuring consistent mapping between the raw 

measurements and the diagnostic framework.

5.3 . Description of the experimental campaign

The stack was operated continuously for approximately 90 days 

under a variety of operational regimes.

Throughout the active campaign EIS measurements were acquired 

every 2 h. In total, more than 600 EIS spectra were recorded, each 

followed by ECM identification to obtain parameter posteriors for the 

diagnostic framework. The timeline of operational regimes and faults is 

summarised in the list below:

• Fault-free nominal operation [Day 1–31 and Day 49–68]: at 750 ◦C 

with fuel flow 6 N ml/min/cm2. Fuel’s steam/hydrogen mixture is 

90/10 (a common setting, see [39]), where hydrogen is present to 

avoid Ni reoxidation [40];

• Fault-free performance mapping [Day 32–48]: changing current 

(∼1A to ∼60A), temperature (750 ◦C, 725 ◦C, 700 ◦C) and fuel 

flow (5,6,7,8,9 N ml/min/cm2) to map set-point behaviour;

• Humidification of O2 electrode [Day 69–72]: a slow increase of hu­

midification from 0% to 12% over the course of a few days. Air that 

is feeding the O2 electrode is usually dry. Humidification of the 

air is suspected to accelerate the performance degradation of the 

electrode [41]. Post-mortem analysis of cells exposed to humid air 

revealed the formation of SrO [41–43], Sr(OH)2[44], SrSO4 [45], 

and SrCO3 in the presence of CO2 [46], for instance;

• Hydrogen starvation [Day 74–78]: changing the composition of 

fuel from 90/10 to 97/3, 99/1, 100/0, where fractions indicate 

steam/hydrogen ratios, to try to observe a change in performance, 

similarly to [47,48];

• Steam pump failure [Day 78–79]: fuel flow was impeded by faulty 

pump behaviour, which resulted in rising steam conversion rates. 

After the failure, the pump was overhauled and restored to func­

tion;

• High steam conversion [Day 82–84]: fuel flow was lowered (4,5,6 N 

ml/min/cm2) so the device could achieve a high conversion rate 

within the operating constraints. High rates of utilisation can allow 

for higher efficiency of SOEC [49], but they may also introduce 

higher degradation rates [50].

5.4 . Dataset partitioning

For model development and evaluation, the available dataset was di­

vided into training, validation, and test subsets. To preserve the temporal 

integrity of the experiment and prevent leakage of fault information, the 

splits were performed per operating regime rather than randomly. The 

resulting partition is illustrated in Fig. 7. The data from the nominal 

regime is separated into training and validation sets, and the test set is 

constructed from the remaining testing period data. The test, therefore, 

contains nominal operation data as well as the measurements obtained 

during induced and spontaneous faults.

6 . Results on experimental data

The objective of this section is to evaluate the performance of the 

proposed diagnostic pipeline across the experiment.

6.1 . Gaussian process modelling of ECM parameters

The GP models were trained exclusively on healthy operating data 

and were used to predict the expected values of the ECM parame­

ters under varying operating conditions. Specifically, they predicted 

the (natural) logarithm of ECM parameters, since the parameters are 

non-negative numbers and Gaussian processes (GPs) are in general not 

bounded.

The ECM parameters selected for the final diagnosis were 𝑅1, 𝑅2, 

𝑄1, and 𝑄2. The parameters 𝛼1 and 𝛼2 were excluded, as they did not 

contribute significantly to improving diagnostic performance. The pa­

rameters 𝑅𝑠 and 𝐿 were fixed to 10−5 and 10−9, respectively, since their 

estimated values were nearly constant, and fixing them resulted in a 

more stable EIS deconvolution. The proposed diagnostic algorithm does 

allow the addition of extra parameters if the specific case calls for it, i.e., 

if the added parameters increase the quality of the diagnosis.

During nominal operation, the GP predictions closely match the VB 

estimated parameter distributions, while clear deviations emerge dur­

ing fault intervals, as shown in Fig. 8. For clarity, a close-up of the test 

regime is provided in Fig. 9, highlighting the model behaviour under 

fault conditions.

We observe that the algorithm responds clearly to the investigated 

fault scenarios. For the first fault (humidification), the variance of the 𝑄1
and 𝑅2 parameters increases rapidly, while the mean predictions remain 

relatively stable. H2 starvation also induces a pronounced increase in the 

prediction variance of 𝑄1 and 𝑅2, accompanied by a substantial rise in 

the variance of the 𝑅1 parameter. In this case, the mean predictions de­

viate significantly from their nominal values as well. The spontaneous 

pump failure leads to a change in system behaviour, which is reflected 
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Fig. 6. Measured process variables recorded during the 90–day REACTT experiment. These signals define the operating condition inputs to the GP models. A full 

description of each variable is provided in Table 1.

Fig. 7. Schematic representation of the dataset split into learning, validation, 

and test subsets. The partition respects the temporal structure of the 90–day 

campaign and prevents fault-event leakage into the training data.

in the steadily increasing prediction error throughout the fault inter­

val. The prediction variance remains relatively low, indicating that the 

operating-condition inputs remain largely nominal, while the system it­

self has changed. After the pump replacement, the prediction variance 

increases, as expected, since the post-replacement data were not part of 

the model’s training set. Finally, the high steam conversion fault primar­

ily manifests as increased prediction error in the 𝑅1 and 𝑅2 parameters, 

while the remaining parameters remain comparatively consistent.

In the training and validation subsets, prediction variance remains 

low and deviations are limited. In contrast, the test subset (contain­

ing fault events) exhibits pronounced departures from the nominal GP 

predictions.
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Fig. 8. GP predictions for the logarithm of ECM parameters across training, validation, and test datasets. The model accurately follows nominal behaviour and exhibits 

clear deviations during induced and spontaneous fault periods.

6.2 . Wasserstein distance-based residuals

To quantify deviations between predicted and measured ECM param­

eter distributions, the squared WD was employed. This metric remained 

stable across varying operating conditions while remaining sensitive to 

deviations caused by faults. For a quantitative assessment of predictive 

performance, we additionally report dataset-level summary metrics. In 

particular, the fit between the GP predicted and VB derived distribu­

tions is evaluated using the averaged WD, while the relative root mean 

square error (rRMSE)1 is used to assess the accuracy of the predictive 

means. Table 2 summarises these metrics across the training, validation, 

and test datasets. The results show low errors on the training set, mod­

erate degradation on validation data, and a more pronounced increase 

on test data, indicating reduced accuracy under distribution shift while 

maintaining consistent qualitative behaviour.

Fig. 10 shows the WD values for the four observed ECM parame­

ters. Induced fault periods show significant increases in the WD, and 

the spontaneous fault is also clearly reflected in the residual behaviour. 

Occasional spikes in the WD values are observed during the nominal 

operating regime. These primarily occur during performance mapping 

and other tests involving rapid changes of the operating point. Since 

such transient operating conditions are only sparsely represented in the 

training data, the GP model is not well constrained in these regions, 

which can lead to temporary increases in the residual values. These 

1 Defined as the RMSE normalised by the standard deviation of the reference 

values.

results confirm that the WD serves as an effective and interpretable in­

dicator of system deviations under varying operating conditions. We 

note that after the pump failure, the replacement of the pump intro­

duced a constant offset in the WD values due to a permanent change in 

the system configuration. This offset was estimated and subtracted from 

the affected WD values to restore comparability across the dataset and 

preserve continuity of the analysis.

6.3 . Fault detection results

The WD-based residuals were used as inputs to a binary SVC classifier 

for fault detection. The classifier was trained to distinguish nominal from 

faulty operation across the full range of operating conditions.

The model achieved an accuracy of 97% on the 137 test samples (76 

nominal, 61 faulty). Both classes reached a precision, recall, and F1-

score of 97%, demonstrating balanced discrimination performance under 

varying and noisy conditions. The classification report is provided in 

Table 3.

Fig. 11 shows the confusion matrix. Only two false positives and two 

false negatives occurred, likely due to transient noise in the VB estimates 

near fault transitions.

Fig. 12 displays the calibrated probabilities obtained via Platt scal­

ing. Elevated fault probabilities closely coincide with induced and 

spontaneous fault intervals.

6.4 . Fault isolation results

To identify the type of deviation, the same WD-based feature vec­

tor was used as input to a multiclass SVC. The classifier assigned each 
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Fig. 9. Close up of the GP predictions for the logarithm of ECM parameters in the test dataset. Deviations between predicted and reference behaviour are clearly 

visible during fault conditions.

Table 2 

Quantitative performance metrics for the GP model. Wasserstein distances 

are reported between the GP-predicted and VB-derived distributions, 

while rRMSE is computed between the GP predictive means and the 

Corresponding VB reference means.

Metric Parameter Training Validation Test

Wasserstein 𝑅1 0.0357 0.0779 0.1715

𝑄1 0.2628 0.3419 0.5090

𝑅2 0.0903 0.1606 0.7420

𝑄2 0.0310 0.0532 0.2900

Mean over 4 parameters 0.1049 0.1584 0.4281

rRMSE 𝑅1 0.1591 0.5886 0.7861

𝑄1 0.2159 0.4002 0.9121

𝑅2 0.1346 0.2690 1.0465

𝑄2 0.0774 0.1898 0.7943

Mean over 4 parameters 0.1468 0.3619 0.8848

sample to one of five classes: No Fault, or Faults 1–4 corresponding to 

the induced fault scenarios.

The overall accuracy reached 96%. Nominal data were classified with 

99% precision and 95% recall. Faults 2 and 4 were identified perfectly, 

while Fault 1 showed minor confusion with nominal samples. Fault 3 

was the most challenging due to partial overlap of its WD signature with 

borderline nominal behaviour.

The classification report is given in Table 4. It is evident that some 

faults were heavily underrepresented, therefore, we applied the syn­

thetic minority oversampling technique (SMOTE) [51] to ensure a more 

balanced representation of all fault classes.

Fig. 13 shows the confusion matrix obtained for the multiclass iso­

lation task. The matrix highlights that the classifier achieves strong 

separability across most fault types, with the majority of samples lying 

on the diagonal. Only a small number of misclassifications occur, pri­

marily between the No-Fault class and Fault 1 or Fault 3. These errors 
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Fig. 10. Squared Wasserstein distances (blue) for all ECM parameters across the entire experiment. Periods Corresponding to induced faults are marked, demonstrating 

clear separation between nominal and faulty operation.

Table 3 

Classification report for fault detection.

Class Precision Recall F1-Score Support

No-Fault 0.97 0.97 0.97 76

Fault 0.97 0.97 0.97 61

Accuracy 0.97 137

are consistent with the partial overlap observed in the corresponding 

Wasserstein-residual patterns. Overall, the structure of the confusion 

matrix demonstrates that the classifier preserves high accuracy even 

when the different fault signatures exhibit subtle differences.

Fig. 14 provides further insight into the classifier behaviour by plot­

ting the calibrated class probabilities obtained through Platt scaling. 

For each sample in the test set, the figure illustrates how the classi­

fier distributes probability mass across the five possible classes. During 

fault intervals, the probability mass concentrates sharply around the 
Fig. 11. Confusion matrix for the fault detection task.
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Fig. 12. Probability of fault occurrence for each sample in the test dataset.

Table 4 

Classification report for fault isolation.

Class Precision Recall F1-Score Support

No-Fault 0.99 0.95 0.97 76

Fault 1 0.89 1.00 0.94 8

Fault 2 0.97 1.00 0.98 31

Fault 3 0.75 0.86 0.80 7

Fault 4 1.00 1.00 1.00 15

Accuracy 0.96 137

corresponding fault type, indicating strong discriminative confidence. 

Conversely, during nominal operation, the No-Fault probability remains 

dominant and stable. This probabilistic view confirms that the classi­

fier does not rely on hard thresholds but instead produces meaningful 

confidence scores that track the underlying system behaviour.

Finally, Fig. 15 presents the isolation results over the entire ex­

perimental dataset, including training, validation, and test sequences. 

This timeline-level view allows direct comparison between predicted 

fault classes, induced operational disturbances, and the correspond­

ing Wasserstein-residual trajectories. The figure clearly shows that the 

classifier assigns the correct class labels consistently across extended 

periods, with only short-lived misclassifications occurring near transi­

tions or during abrupt residual spikes caused by measurement noise. 

Importantly, all induced faults appear distinctly separated and correctly 

isolated, while the spontaneous fault is also captured without prior ex­

plicit training. This confirms the robustness of the proposed framework 

when applied to long-duration and varying SOEC operation.

6.5 . Summary of experimental results

The experimental evaluation confirms that the proposed diagnostic 

framework performs reliably across varying operating conditions and 

multiple fault scenarios. The GP models effectively normalise operating-

condition variability, the squared WD provides a consistent and infor­

mative residual, and the SVC models deliver accurate detection and 

isolation across both induced and spontaneous faults.

Overall, the results demonstrate that the proposed approach:

• reduces sensitivity of ECM parameters to operating-condition drift;

• provides robust and interpretable residuals via WD suitable for 

early anomaly detection;

• achieves 97% accuracy in fault detection and 96% accuracy in 

multiclass fault isolation;

• and offers reliable performance suitable for real-time implementa­

tion in SOEC monitoring applications.

Fig. 13. Confusion matrix for multiclass fault isolation.
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Fig. 14. Calibrated class probabilities for fault isolation in the test dataset.

7 . Conclusions

We presented a diagnostic framework for SOEC systems operating 

under variable operating conditions, a case that remains insufficiently 

addressed in existing SOEC diagnostic studies. The framework combines 

four main steps: (i) probabilistic VB deconvolution of EIS, (ii) GP mod­

elling of nominal ECM parameters as functions of process variables, (iii) 

feature extraction using WD-based residuals, and (iv) fault detection and 

isolation using a calibrated SVC.

The framework was validated on experimental data from a 6-cell 

short-stack SOEC collected during a 90-day campaign with more than 

600 EIS measurements. On the test set, it achieved 97% accuracy in 

fault detection and 96% accuracy in multiclass fault isolation. For fault 

detection, both the nominal and faulty classes reached precision, recall, 

and F1-scores of 0.97. In the isolation task, Faults 2 and 4 were identi­

fied with perfect recall, while the most challenging class, Fault 3, still 

reached a recall of 0.86. These results confirm that the proposed frame­

work can reliably distinguish healthy from faulty behaviour and isolate 

specific fault modes even when the operating point varies significantly.

An important advantage of the method is its low computational de­

mand and short training time, making it suitable for deployment on 

embedded monitoring platforms. The GP models are trained offline on 

a limited set of nominal data, while online inference is computationally 

lightweight and negligible compared to the EIS acquisition and process­

ing time, enabling real-time deployment. An important limitation of the 

present work lies in its reliance on a representative training dataset. 

The experimental campaign did not encompass the full range of possi­

ble degradation modes or all nominal operating conditions that may 

arise in real applications. Consequently, future campaigns should be 

designed with explicit mapping of both nominal and faulty behaviour 

in mind. Future work will therefore focus on evolving diagnostic al­

gorithms that can update themselves as new data become available 

and thereby mitigate performance degradation caused by slow device 

ageing.
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Fig. 15. Fault isolation results over the entire dataset used for SVC-based fault isolation, including samples from the learning, validation, and test subsets. Different 

coloured dots represent different faults, while the blue dots represent no-fault nominal operation.
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Appendix A . VB for EIS/ECM parameter estimation

A.1 . Bayesian formulation

Let 𝜽 collect the ECM parameters and D = {𝑍(𝑗𝜔𝑘)}
𝑁
𝑘=1 the measured 

impedance data. The Bayesian posterior is

𝑝(𝜽 ∣ D) =
𝑝(D ∣ 𝜽) 𝑝(𝜽)

𝑝(D)
, 𝑝(D) = ∫ 𝑝(D ∣ 𝜽) 𝑝(𝜽) 𝑑𝜽.

In our case, obtaining 𝑝(D) directly is intractable.

A.2 . Variational approximation

Choose a tractable family {𝑞𝜙(𝜽)} (log-normal and beta in our case) 

and minimise the Kullback-Leibler divergence KL(𝑞𝜙‖ 𝑝(𝜽 ∣ D)) or 

equivalently maximise the evidence lower bound (ELBO) [52]

ELBO(𝜙) = E𝑞𝜙

[

log 𝑝(D ∣ 𝜽)
]

− KL
(

𝑞𝜙(𝜽) ‖ 𝑝(𝜽)
)

.

By minimisation we obtain optimal 𝑞𝜙(𝜽), which we take as the posterior; 

stopping is based on ELBO convergence.

A.3 . Mean-field and physically consistent variational families

A mean-field factorisation 𝑞𝜙(𝜽) =
∏

𝑖 𝑞𝜙𝑖 (𝜃𝑖) is adopted. To respect 

physical constraints:

• resistive and capacitive terms 𝑅𝑖, 𝑄𝑖 use log-normal variational 

factors;

• fractional exponents 𝛼𝑖 ∈ (0, 1] use beta variational factors.

A.4 . Posterior summaries and uncertainty

For each EIS session, the optimised 𝑞𝜙(𝜽) provides a posterior, which 

is put through a logarithm and then compared to the nominal GP 

predictions at the current operating point (Section 4).

Appendix B . GP model details

B.1 . Kernel functions

GP defines a distribution over functions, which is defined through 

its mean function (here assumed to be zero) and its kernel function. For 

latter, common choices include:

• squared exponential kernel (RBF)

𝑘RBF(𝑥, 𝑥′) = 𝜎2𝑓 exp

(

−
(𝑥 − 𝑥′)2

2 𝑙2

)

,

where 𝜎2𝑓  is the signal variance and 𝑙 is the characteristic length 

scale;

• Matérn kernel

𝑘Matérn(𝑥, 𝑥′) = 𝜎2𝑓
21−𝜈
Γ(𝜈)

(
√

2𝜈 |𝑥 − 𝑥′|
𝑙

)𝜈

𝐾𝜈

(
√

2𝜈 |𝑥 − 𝑥′|
𝑙

)

,

where 𝜈 controls smoothness, 𝑙 is the length scale, 𝜎2𝑓  is the signal 

variance and 𝐾𝜈 (⋅) is the modified Bessel function of the second 

kind;

• periodic kernel

𝑘per(𝑥, 𝑥′) = 𝜎2𝑓 exp

(

−
2 sin2

(

𝜋|𝑥 − 𝑥′|∕𝑝
)

𝑙2

)

,

with period 𝑝, signal variance 𝜎2𝑓  and length scale 𝑙.

B.2 . GP model (Kernel) selection via BIC

BIC was used to identify the most suitable kernel for the GP model

BIC = −2 log 𝑝(𝐲 ∣ 𝐗,𝜽) + 𝑐 log(𝑛),

where 𝑐 is the number of learned hyperparameters, and 𝑛 is the number 

of training samples. Lower BIC values indicate a better balance between 

model accuracy and complexity.

Ten candidate models were evaluated, each with the general kernel 

structure

𝑘(𝐱, 𝐱′) = 𝜎2𝑓

19
∏

𝑖=1
𝑘𝑖(𝑥𝑖, 𝑥′𝑖), (B.1)

where 𝑘s are the same kernels (each for one input variable), but with 

different hyperparameters. The best performing model was made from 

Matérn 3/2 kernels, which achieved the lowest BIC value (BIC =
109.135), indicating the best trade-off between predictive performance 

and complexity. Other kernel candidates (RBF, linear, periodic, etc.) 

yielded higher BIC values, as summarised in Table B.5. The structure of 

the selected GP structure for the 19-dimensional input data is therefore 

𝑘Matérn-3/2(𝐱, 𝐱′) = 𝜎2𝑓

19
∏

𝑖=1

(

1 +

√

3
𝓁𝑖

|𝑥𝑖 − 𝑥′𝑖|

)

exp

(

−

√

3
𝓁𝑖

|𝑥𝑖 − 𝑥′𝑖|

)

, (B.2)

where 𝑙𝑖 is the length scale for input 𝑖.
As mentioned, no input variable was deemed unimportant by hand. 

Since the structure (B.2) includes lengthscales 𝑙𝑖 as hyperparameters, the 

optimiser can automatically exclude any irrelevant input by inflating 

them, see [38] for extra information on so called automatic relevance 

determination (ARD).

Table B.5 

BIC scores obtained on the validation dataset for different 

kernel functions, ordered by performance.

Kernel Function Parameters BIC Score

Matern (𝜈 = 3
2

) + White noise 20 109.135

Matern (𝜈 = 5
2

) + White noise 20 110.064

Linear kernel + Matern (𝜈 = 5
2

) 20 195.925

Matern (𝜈 = 1
2

) 19 197.037

Linear kernel + Matern (𝜈 = 3
2

) 20 201.292

Linear kernel + RBF kernel 20 218.830

Matern (𝜈 = 3
2

) 19 273.772

Matern (𝜈 = 5
2

) 19 306.879

Squared Exponential (RBF) kernel 19 339.940

Periodic kernel 2 349.088

Linear kernel 1 5124.235

Appendix C . Wasserstein distance

WD, also referred to as the “earth mover’s distance” [53], measures 

the dissimilarity between two probability distributions, and can be in­

terpreted as the minimum cost of transportation required to transform 

one distribution into another.
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Specifically, WD between distributions 𝛼 and 𝛽 is given by Séjourné 

et al. [54]

𝑊 𝑝
𝑝 (𝛼, 𝛽) = min

𝜋∈U (𝛼,𝛽)∫𝑋2
𝑑𝑝(𝑥, 𝑦) 𝑑𝜋(𝑥, 𝑦), (C.1)

where 𝑑(𝑥, 𝑦) denotes the cost of transportation (generally the Euclidean 

distance between the transportation sites), 𝑝 is the order of the method, 

and U (𝛼, 𝛽) denotes all possible transport plans from 𝛼 to 𝛽.

(C.1) can be solved using a linear programming algorithm, like 

Simplex. However, for 𝑝 = 2 there is a closed-form solution available 

if 𝛼 and 𝛽 are both normal distributions, see (7) for the definition.

WD was chosen over other distance measures as it provides a robust 

and truly metric distance, see [[55], p.11] for a discussion.

Appendix D . SVC

In this work, we employ SVC to discriminate between nominal and 

faulty operating conditions, as well as among specific fault modes, using 

features extracted from electrochemical diagnostics (e.g., EIS/ECM-

derived features). SVC learns a separating surface with maximum margin 

to promote generalisation [56,57].

D.1 . Decision boundaries and calibration

Let 𝐳 ∈ R𝑚 denote a feature vector. SVC defines a decision function 

𝑓 (𝐳) = 𝐰⊤𝜑(𝐳) + 𝑏, (D.1)

where 𝜑(⋅) is an implicit feature map induced by a positive-definite 

kernel 𝑘(𝐳, 𝐳′) = ⟨𝜑(𝐳), 𝜑(𝐳′)⟩ (e.g., RBF), 𝐰 is the normal vector of 

the separating hyperplane, and 𝑏 is the bias term. A hard yes/no de­

cision follows from sign
(

𝑓 (𝐳)
)

, but probabilistic outputs are preferable 

for uncertainty-aware diagnosis and decision support.

Platt scaling (logistic calibration). We converted margins 𝑓 (𝐳) into 

calibrated posteriors via a sigmoid (logistic) mapping [27,58] 

𝑝(𝑦 = 1 ∣ 𝐳) = 1
1 + exp

(

𝐴𝑓 (𝐳) + 𝐵
) , (D.2)

with parameters 𝐴,𝐵 ∈ R found by minimizing the regularised negative 

log-likelihood on a held-out validation set (or via cross-validation) 

min
𝐴,𝐵

−
𝑁val
∑

𝑖=1

[

𝑡𝑖 log 𝜎
(

𝐴𝑓 (𝐳𝑖) + 𝐵
)

+ (1 − 𝑡𝑖) log
(

1 − 𝜎
(

𝐴𝑓 (𝐳𝑖) + 𝐵
))]

, (D.3)

where 𝜎(𝑢) = 1
1+𝑒−𝑢 . Following [27], the binary targets 𝑡𝑖 were replaced 

by smoothed labels to avoid degenerate solutions 

𝑡𝑖 =

⎧

⎪

⎨

⎪

⎩

𝑁++1
𝑁++2

, if 𝑦𝑖 = +1,

1
𝑁−+2

, if 𝑦𝑖 = −1,
(D.4)

where 𝑁+ and 𝑁− are the counts of positive and negative samples in 

the validation set. For multiclass problems, pairwise one-vs-one SVCs 

have been calibrated individually and combined via probability coupling 

[59].

Calibration quality can be assessed with reliability diagrams and 

proper scoring rules (e.g., Brier score, log-loss), ensuring probabilities 

are well matched to empirical frequencies [58,60].

D.2 . Confusion matrix interpretation

Performance of the proposed fault isolation pipeline is summarised 

by the confusion matrix 𝐂 ∈ N𝐾×𝐾 , whose entries are given by 

[𝐂]𝑖,𝑗 = #{samples with true class 𝑖 predicted as class 𝑗}, (D.5)

where diagonal entries quantify correct classifications, and off-diagonals 

indicate specific confusion between classes.

From 𝐂 one derives evaluation metrics for each class 𝑘:

• recall = TP𝑘∕(TP𝑘 + FN𝑘), where TP denotes true positives and FN 

denotes false negatives;

• precision = TP𝑘∕(TP𝑘 + FP𝑘), where FP denotes false positives;

• accuracy score for imbalanced sets F1 = 2 precision×recall

precision+recall
;

• support = how many instances of each class were present in the 

true labels;

In the diagnostic context, these metrics indicate the reliability of:

• fault detection (nominal vs. faulty classes);

• fault isolation (assignment to specific faulty class);

• risk assessment (especially when combined with Platt posteriors 

from (D.2)–(D.3)).

Appendix E . Identification of SOEC

To successfully perform an EIS measurement the investigated system 

must be linear, causal, time-invariant [[61], p. 13-14] and stable [[61], 

p. 21]. Linearity was achieved by limiting the amplitude of the perturba­

tion, resulting in an approximately linear response. The data acquisition 

(DAQ) equipment was properly calibrated, so causality was not bro­

ken due to mistimed samplings of the voltage and current, for example. 

Control elements of SOEC and balance-of-plant (BoP) ensured that the 

device was approximately time-invariant and stable during the EIS ses­

sion. Any change in operating point was followed by a brief period (less 

than 10 minutes) of transient behaviour, which was waited out before 

continuing with the experiment.

To ensure the above conditions were met, the system was also tested 

using the Kramers-Kronig relations [62]. Furthermore, successful fitting 

of ECMs to the obtained data confirmed that the measurements were 

valid [63].

For perturbation DRBS was used [17]. It is a simple signal which 

randomly switches between values of ±𝑎. Moreover, it is a wide-sense 

random stationary signal designed to match the statistical properties 

of white noise [[64], p. 826]. Its power spectral density is given 

by [Isermann et al. [65] p. 163]

Φ(𝜔) = 𝑎2𝜆

|

|

|

|

|

|

|

sin
(

𝜔𝜆
2

)

𝜔𝜆
2

|

|

|

|

|

|

|

2

, (E.1)

where 𝜆 denotes the minimal time between two switches. DRBS can be 

thought of as white noise filtered by a low-pass filter, with its effective 

bandwidth given by 𝑓B = 1
3𝜆  [[66], p. 68].

For the purpose of this work, six different discrete random binary 

signals (DRBSs) were used. They provided information on six partitioned 

spectrum bands:

• 0.1 – 1 Hz (duration 200s, 𝑓B = 1Hz);

• 1 – 10 Hz (duration 30s, 𝑓B = 10Hz);

• 10 – 100 Hz (duration 3.3s, 𝑓B = 100Hz);

• 100 – 1000 Hz (duration 0.33s, 𝑓B = 1000Hz);

• 1000 – 6000 Hz (duration 0.060s, 𝑓B = 6000Hz);

• 1000 – 10,000 Hz (duration 0.035s, 𝑓B = 10000Hz).

Six different input signals were needed due to memory limitations of the 

DAQ equipment. Thus, each signal could have a custom sampling rate, 

tailored to both its frequency range and to avoid memory limitations. 

The total duration of a full EIS sequence is on the order of a few minutes, 

which is significantly shorter than the characteristic time scales of the 

thermal and flow dynamics of the SOEC system, typically ranging from 

several minutes to hours. During this time, the process variables remain 

nearly constant, exhibiting only minor fluctuations without observable 

drift. This justifies the assumption that the operating conditions can be 

considered quasi-stationary during the EIS measurement. An example of 

the measured signals during an EIS sequence is shown in Fig. E.16.
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Fig. E.16. Time-domain signals recorded during a representative EIS sequence. The applied DRBSs excite the system across multiple frequency bands, while the 

process variables remain nearly constant, supporting the assumption of quasi-stationary operating conditions during the measurement.

Data availability

Data will be made available on request.
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