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Abstract 

To improve the performance and lifetime of Low Temperature Polymer Electrolyte Membrane Fuel Cell (LT-PEMFC), a 

good monitoring is necessary to detect and recover faults. In this paper an online diagnosis method able to detect the 

most frequently reported faults in LT-PEMFC, namely flooding, drying, starvation and poisoning is proposed. This 

method is based on the use of the Electrochemical Impedance Spectroscopy (EIS) as a monitoring tool and a fuzzy C-

means classifier to automatically identify the faults at an early stage. To validate the proposed methodology and 

emphasize its genericity, the algorithm has been tested on data extracted from two different stack technologies: one 

fed with hydrogen and pure oxygen and another one with hydrogen and air. The experimental tests were carried out 

by two different laboratories using different test benches. 

 

Introduction 

Hydrogen is one of the main candidates as an energy carrier the future of clean energy. Thanks to the ability to produce 

it by electrolysis from renewable energies, its high energetic potential and its suitability as a fuel for fuel cells, the 

interest in hydrogen increases strongly. Currently, Low Temperature Proton Exchange Fuel Cell (PEMFC) is the most 

mature technology. The principle of PEMFC is to produce water, heat and electricity from an oxidation-reduction 

reaction of hydrogen and oxygen. Despite a good efficiency (#50% - 50% electrical- thermal), a low operating range 

temperature (0 – 80 °C) and low pollution (waste is the produced water), PEMFC still suffer from a too high cost and 

short lifetime. In addition, even if it is possible to produce hydrogen by water electrolysis, currently 96% of the 

hydrogen produced comes from the reforming of natural gas (HJ, 2019). One of the objectives of the Department Of 

Energy (DOE) is to increase lifetime of fuel cells for stationary and transportation up to 40 000 and 5 000 hours 

respectively under realistic operating conditions (“Fuel Cells,” n.d.). Realistic operating conditions include impurities 

in the air, startup and shutdown, but also freezing and many other conditions that affect fuel cell operation.   

(membrane degradations, corrosion of catalyst …). These faults can impact fuel cells by degrading internal components 

such as the PEMFC membrane or corroding the catalyst ... but can also damage the entire system. 
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One of the keys to increase the lifetime of PEM is an early detection of faulty operating conditions and the 

implementation of mitigation strategies to avoid irreversible degradations. The objective of diagnosis is to regularly 

assess the state of health of the fuel cells in order to detect a fault as soon as practicable. Currently, there are many 

diagnostic methods using different approaches to detect faults in systems (Lin et al., 2019; Petrone et al., 2013; Zheng 

et al., 2013).  

This paper presents a method of diagnosis developed during the European project HEALTH CODE (“Real operation 

pem fuel cells HEALTH-state monitoring and diagnosis based on dc-dc COnverter embeddeD Eis,” n.d.) and continued 

by the European project RUBY (“RUBY – EU project,” n.d.) whose objective is to design and realize an embedded 

Monitoring, Diagnostic, Prognostic and Control (MDPC) tool. The monitoring tool developed during HEALTH CODE 

project permits to measure the Electrochemical Impedance Spectrum in PEMFC online, based on a relevant control of 

the DC/DC converter. The acquisition of the electrochemical impedance spectrum is then possible online with a low 

additional cost. The description of the modified DC/DC converter is beyond the scope of this article. EIS can be used 

as a monitoring tool because several phenomena occurring in the fuel cells are sensitive to the solicitation frequency 

and then have a characteristic signature on the Nyquist and Bode diagrams. Diagnostic and monitoring tools have been 

tested on two stacks: a hydrogen - oxygen stack and a hydrogen - air stack. Experimental tests were carried out by two 

different laboratories using different test benches.  

In the first section, a state of the art of different existing diagnostic methods is introduced. In the second section, a 

presentation of diagnostic algorithms developed is proposed. The third section is devoted to the explanation of the 

experimental trials carried out on both stacks as well as the presentation of the collected data.  Finally, a presentation 

of result and the discussion about the designed algorithm is done in section 4. 

 

1 State of the art of PEM fuel cell diagnostic methods and Fault monitoring 

Currently, one of the limitations to the democratization of fuel cells is their short lifetime. Beyond the technological 

aspect (materials of components, design and stack assembly), a good diagnostic algorithm should be present to 

improve performance and increase the lifetime of fuel cells. Diagnosis is useful to detect and identify abnormal 

conditions such as for example contamination, starvation and water management dysfunctions (Giurgea et al., 2013; 

Hinaje et al., 2009; Li et al., 2008; Taniguchi et al., 2008; Yousfi-Steiner et al., 2009, 2008). In this section a brief 

presentation of main fault detection and identification (FDI) methods is done to introduce the chosen method in 

section 3. 

Two approaches to detect and identify faults in fuel cells exist: “model-based” and “non model-based”. 

The first type (i.e. model-based) needs a deeper understanding of the studied system. In case of black box-models, an 

analytical model referred to a database. Measurements on the real system are then compared to the model outputs, 

given the same inputs: residuals are analyzed, and gaps are interpreted as symptoms of an occurring fault.  

Non model-based methods can be signal-based, data-based or knowledge-based type. This model is executed in two 

steps: an offline step where the algorithms learn with known data (faults associated with each data are known) and 

an online step where the new data is classified into classes learned offline to give the SoH of the system. Non-model-

based approaches is used to obtain information and determine state of health of fuel cells by using heuristic knowledge 

and/or signal processing to determine the state of health of fuel cells.  In (Mouzakitis, 2013), an overview of several 

methods of classification for control systems is given, while a recent review on hydrogen fuel cell fault diagnosis and 

prognostic methods is made in (Lin et al., 2019). The thesis in references (Li, 2014) presents several diagnosis 

approaches. In Figure 1, a global presentation of main diagnostic families for fuel cells is proposed, this figure will be 

detailed below. 
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1.1 Model-based approaches  

1.1.1 Generalities 
As explained previously, model-based diagnostic measure outputs given by a functioning system and a model with the 

same inputs.  Residuals between these both outputs are analyzed and it permits to determine the SoH of the analyzed 

system. Figure 2 shows the principle of model-based diagnosis: 

 

Figure 2 : Principle of model-based diagnosis 

The main difficulties generated by the model-based approach are: the definition of normal and abnormal operating 

thresholds, the generation of enough residuals to isolate a fault which may require a large number of sensors. 

Moreover, the reliability of the model is the crucial point of this approach. In order to optimize model-based 

algorithms, different types of methods have been developed. Each has its strengths and weaknesses even though they 

all follow the same basic principles. The following section details several types of model-based methodologies. 

1.1.2 Details on model-based approaches 
Three types of model based diagnosis can be found in the literature: "white box", "black box" and "grey box" (Ding, 

2008; Petrone et al., 2013).  

The first type called "white box” uses algebraic and/or differential equations to describe phenomena occurring in fuel 

cells system. In the case of PEMFC modelling, the most used physical laws are Nernst, Planck, Butler-Volmer and Fick’s 

which reproduced the charge transports and mass transfers phenomena. In (Bernardi and Verbrugge, 1991) a macro 

Figure 1 : Presentation of the main families used for fuel cell diagnostics 
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homogeneous description of a membrane air-fed and the predicted polarization are compared with experimental 

results. 

The main advantage of white box models is their accuracy. However, these models can be difficult to implement online 

and the complexity of the calculations leads to a high computational time. They often need to have internal 

information on the know-how of the stack supplier and stack design that are not always available. 

To replace some mathematical complex equations in white box models, a second type named “Grey box” was 

developed. This model replaces some physical laws by empirical formula or map tables. Main different approaches are 

defined below: 

- Parameter identification models 

The principle of parameter identification models relies on the fact that either components or physical phenomena 

are correlated with a nominal condition. Faults conditions are defined as system parameters. When parameters 

reach a certain limit, the correlation fault can be detected and isolated. One example of a parameter identification 

model is developed in (Rubio et al., 2007) where a correlation between the value of the diffusion layer resistance 

and the water content in the fuel cell was found. This model uses an equivalent circuit to calculate some relevant 

PEMFC parameters. 

 

Figure 3 : Schematic description of parameter identification scheme (Ding, 2008) 

- Observer-based models 

Observer models are based on mathematical equations to describe the system’s behavior. A model is implemented 

with the system and runs in parallel with it. This method uses an observer to generate residuals between the 

measured value of the system and the value obtained from the observer. It is the one of the most common 

approaches implemented for model-based diagnosis. Main of these models focus on state estimation without any 

diagnostic phase. FDI is done by an analysis of residuals. Model-based observer are divided into several categories 

: Kalman filter, Luenberger and sliding mode observers (Yuan et al., 2020).  

Kalman filter is a recursive filter which estimates internal state of a linear dynamic system (i.e. minimum mean 

square error) from noisy measurements acquired at discrete real-time periods. (Bressel et al., 2016) presented an 

Extended Kalman Filter to estimate the State of Health of a PEMFC. 

The Luenberger observer compares the measurable and estimated quantities of the system. It provides a 

convergent error dynamic through the feedback gain. (De Lira et al., 2009) used a linear parameter variation 

observer (LPV) with Luenberger structure is applied for the calculation of the residuals. This methodology allows 

linearizing the system equations and solve the analytical problem in a discrete time state space. 

Based on the control theory of the sliding mode variable structure, the sliding mode observer directs the dynamic 

response of the system in a continuous and targeted manner to follow the predefined trajectory and finally 

converge close to the surface of the predefined sliding mode to reconstruct the system states. (Liu et al., 2016) 

developed a nonlinear observer-based fault diagnosis approach for PEMFC. Model used to design the observer is 

a modified super-twisting sliding mode algorithm. 
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Figure 4 : Schematic description of the model-based fault diagnosis scheme (Ding, 2008) 

 

- Parity space methods 

Parity space methods adopt parity relations (i.e. the redundant relationship between variables) instead of an 

observer to generate residuals. In the FDI parity space, the generation of residuals, the dynamics of residual signals 

concerning defects and unknown inputs are presented as algebraic equations. The parity space method is based 

on the verification of the static relationship between the different measurements in the time window. (Hamaz, 

2014) defined a parity space as the orthogonal of the observability matrix. This method avoids the influence of 

state on the system. (Petrone et al., 2013) presented parity space as a useful method to linearize a system in a 

discrete subspace. This allows simplifying the computational cost. 

The main advantages of grey boxes are their calculation time and their simplification of the equations compared to 

white boxes. Nevertheless, these models require knowledge (like for white boxes) and the identification of the 

parameters in the grey boxes can require a significant numerical effort.  

Last type of model-based diagnosis is called “black box”. With this model, relationship between inputs and outputs 

are based on statistical data-driven approaches and not physical laws. Contrary to white box models, black box models 

are directly derived from experiments and are mainly used for complex system as fuel cells. A specification for black 

boxes models is the necessity to know the class of each data to create a link between input (data) and output (class). 

Different approaches for black box models are described below: 

- Artificial Neural Networks (ANN)  

Artificial Neural Networks (ANN) are models inspired by the functioning of animal brains. With data given as input, 

neurons models build in two steps a non-linear mapping of the system. First, each input is weighted and added, 

then result is used as argument of a function f (linear or non-linear). (Jemeı ̈ et al., 2003) propose an 

Matlab/Simulink ANN model to describe a proton exchange membrane fuel cell (PEMFC) integrated to a complete 

vehicle powertrain. 

 

- Fuzzy logic (FL) 

Fuzzy logic can be very powerful to describe complex systems, mainly with ambiguities and non-linearities. FL 

tends to represent the human reflection by combining: IF – THEN rules and logical operators AND – OR, with the 

objective to convert numeric value to fuzzy set (Fuzzification process). Thanks to “if – then” rules, a membership 

is assigned to each fuzzy set converted in numerical value (Defuzzification process). (Hissel et al., 2004) proposed 

a diagnosis model of PEMFC using fuzzy logic to detect water management problems. 

 

- Adaptive neuro-fuzzy inference systems (ANFIS) 

ANFIS model is a good mix between ANN and Fuzzy Inference System (FIS). FIS is the process of formulating the 

mapping from a given input to an output using fuzzy logic. ANFIS combines human like reasoning with the 

connectionist structure of artificial neural networks. This method is interesting for the diagnosis domain because 

it contains advantages of ANN and FL. In (Kaid et al., 2018) a diagnosis model based on ANFIS is used to detect 

failures in photovoltaic system. In (Sanchez, 2015), a method based on ANFIS is developed for the prognostic of 

fuel cells. 
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- Support vector machines (SVM) 

Another black box model is the Support vector machines SVM. This method is based on statistical learning theories. 

SVM concept is to map non-linear data into a high dimensional space (i.e. feature space) and then to use process 

to linear regression to perform the model. The reference (Li et al., 2016) presents a diagnosis model using SVM as 

a fault classifier for PEMFC systems. 

The main advantage of black box models is their efficiency with complex and non-linear system such as fuel cells. 

However, to be effective, it needs a large database, which is not always possible.  

 

1.2 Non model-based approaches 

1.2.1 Generalities 
In the field of diagnosis, to describe non-linear and multi fault system, it could be complicated to develop models 

based on the knowledge of a system. Due to this reason, the use of data driven methods and signal processing have 

been developed. Non model-based approaches process in two times: Firstly, the algorithm is trained with known data 

(off-line/training) and then it processes on-line with a new data using information from the training.  

Off-line section is composed of several steps. As a first step, it is important to obtain a large database with quality 

data. This step is important because methods that do not rely on models can only classify cases that they have 

encountered during offline learning. The database is expected to be as complete as possible and without biases. The 

database is therefore the heart of this methodology. The second step is the extraction of data from the experiments. 

Indeed, it may be necessary to extract interesting features from the acquired data (this is notably the case for signals). 

Thirdly, the features are standardized to put them all at the same scale and limit the influence of some of them in 

relation to the others. The next step is to select the most interesting features : the number of features has to be as 

small as possible to reduce the computation time and each feature should carry as much and independent information 

as possible in order to improve the quality of the results. The last step is to teach the algorithm how to classify the 

known data in order to have clusters in the features’ space able to represent the different states of health of the 

system.  

In the on-line part, a new measurement is acquired. Features are extracted and processed to find the features’ cluster 

to which the set belongs, in order to assess the current state of health of the system. The several steps for off-line and 

on-line section are shown below: 

 

Figure 5 : Principle of non model-based algorithms 
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The main advantage of non model-based algorithms is their robustness with noisy data compare to model-based which 

need clean input to function correctly. These models are efficient tools due to their simplicity, flexibility and ability to 

handle non-linear problems. In addition, these models do not require any knowledge of the system structure. 

However, these algorithms can only handle situations already encountered during the learning phase. 

Non-model-based methods can be divided in three families: Artificial Intelligence, Statistical methods and Signal 

processing (Zheng et al., 2013). Each of these families is specialized in a field such as feature extraction, selection or 

classifier. In addition to the state of the art on these methods, comments on the selected methods will be provided in 

the following sections. 

1.2.2 Details on Features Extraction 
Signal based models are efficient tools to extract valuable features from a signal, that can be affected by the 

occurrence of certain types of faults. In general, the oscillations that can be viewed in PEMFC’s signals are of harmonic 

and/or stochastic nature. Signal processing needs two elements to be efficient: the selection of a relevant signal to 

use for monitoring, and a good signal analysis approach to interpret the obtained data. The known techniques for 

signal processing are described in this section: Fast Fourier Transform (FFT), Short-Time Fourier Transform (STFT) and 

Wavelet Transform (WT). 

- Fast Fourier transform (FFT) and Short-Time Fourier Transform (STFT) 

The idea behind FFT methods is to convert a stationary signal from a time domain into a frequency domain. The 

signal is then represented by a magnitude and a phase for each frequency. Thanks to FFT, an original signal can be 

transformed into a power spectrum. Interest of power spectrum is that significant components can be obtained 

by an analysis. (Chen and Zhou, 2008) used a FFT to correlate the stack voltage with the pressure drop across the 

cathode/anode of a PEMFC. The main limitation is that, in real life, signals are not stationary. 

The STFT method is then an upgraded version of FFT which decomposes a signal into a set of small segments with 

a given window length. This allows assimilating each segment as stationary and then processing to a traditional 

FFT. In (Yu and Lu, 1994), a discussion about STFT and Wavelet Transform (WT) is made. They have shown that 

one of the best substitutions of the Gaussian function in the Fourier domain is a square sinusoidal function that 

can form a biorthogonal window function in the time domain. The merit of a biorthogonal window is that it could 

simplify the inverse STFT and the inverse WT. 

- Wavelet Transform (WT) 

Another option to cope with the analysis of transitory signals is the Wavelet Transform WT. This method is useful 

to mix time and frequency resolution. The basic idea of WT is to represent any function as a superposition of a set 

of wavelets. This method can be performed by several types of wavelets. Unlike in STFT, WT uses an adjustable 

size for the window with the frequency of local area: the window is shorter for a high frequency than a low 

frequency, that permits to have the best trade-off between time and frequency resolution. Two types of WT are 

mainly found: Continuous Wavelet Transform (CWT) and Discrete Wavelet Transform (DWT). According to (Zheng 

et al., 2013) CWT is a more efficient method for the time and frequency resolution of signal however DWT needs 

less time calculation and has a powerful de-noising capability. One crucial point is the selection of wavelet type as 

developed in (Rafiee and Tse, 2009). In (Pahon et al., 2016) a presentation of a signal-based method using WT is 

made to detect and identify a high air stoichiometry fault. 

Signal-based models are effective tools for detecting and extracting relevant characteristics of the signal provided by 

fuel cells, such as polarization curves and electrochemical impedance spectra. However, signal based are not used in 

the designed algorithm. The monitoring by EIS is a well-known methodology and significant features can be found in 

literature (this part is described in section 2.2) has been preferred.  

1.2.3 Details on Standardization methods 
Standardization consists in transforming data form when they are not in the same range to eliminate distortions of 

the SoH space. Magnitude of features can affect algorithms, especially when some features have much larger values 

than others. This leads to distortion and can thus diminish or make the information contained in the others disappear. 
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Outliers and noisy data are the best example to illustrate the importance of standardization. Therefore, it is important 

to select the most suitable method to standardize data in the most usable and efficient form according to the dataset.  

For the purpose of this document, the algorithms have been developed in a Python environment using the Sklearn 

(Pedregosa et al., 2011) and Scikit-Fuzzy (Josh Warner et al., 2019) libraries. Six methods to standardize data are 

presented in Table 1: 

Table 1 : Main standardization method in Machine Learning (sklearn distribution) 

Type of transformation Method Principle 

Linear 

Min-Max Scaler Scale each feature in the range [0 – 1] 

Standard Scaler 
Scale features by removing the mean and scaling 

to unit variance 

Robust Scaler 
Scale features by removing the median and 

scaling according to the quantile range. 

Non-Linear 

Quantile Transformer 
Transform features to follow a uniform or normal 

distribution using quantiles information 

Power Transformer 
Transform features to make data more Gaussian-

like 

-  Normalization Scale individual samples to have unit norm 

 

Min-Max Scaler and Standard Scaler are two powerful standardization methods; however, they are very weak to cope 

with outliers. For that reason, the Robust Scaler was developed. It uses statistics to reduce the importance of outliers. 

Normalization scales samples and not features to have a unit norm. Non-linear transformations are based on 

monotonic transformation that permits to preserve the rank of values along each feature. They are very powerful with 

outliers. In the design step of the algorithm, all these methods were tested and it has led to select the “Quantile 

Transformer” which transform features to follow a uniform distribution. The comparison between standardization 

methods is not presented in this document. 

1.2.4 Details on Features Selection 
Statistics methods are mainly used as variable dimension-reduction methods which are needed to find relevant feature 

in Artificial Intelligence algorithms as explained previously. Usually, a lot of features are used in data-driven models 

but only a few of them contain real important information. Most of the database size reduction methods used are 

Principal Component Analysis (PCA) and Fisher's Discriminant Analysis (FDA) but these methods assume there is a 

linear correlation between features. Other method to reduce database size is based on the use of Correlation 

Coefficients and statistical test such as F-Test and Mutual Information.  

- Principal Components analysis (PCA) 

PCA is the most common dimensionality reduction method. With this method, correlated variables are converted 

into uncorrelated principal components which permit to save the largest variance among features. In (Zhao et al., 

2017) a fault classifier based on multi-sensor signals and using PCA method is used for the diagnosis of a PEMFC. 

The main advantage of PCA is that it improves results by reducing the number of correlated features (too many 

can create an overfitting phenomenon) without needing the label of data. It is an unsupervised dimensionality 

reduction method. A reduced number of correlated features not only accelerates the computer's calculation speed 

but also improves the visualization of results in 2D or 3D graphics. However, PCA modifies the basic features into 

main components (linear combination of the original features) which are more difficult to interpret. One of the 

constraints of PCA is that it must be used with "Standard Scaling" type standardization (mean = 0 and standard 

deviation = 1) to obtain optimal performance. 

- Fisher Linear Discriminant Analysis (FDA) 
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FDA is a kind of supervised dimensionality reduction technique. In the case of diagnosis, data obtained from 

several states of health are collected and categorized in classes. The idea of FDA is to select a set of discriminant 

vectors by maximizing the scatter between classes and minimizing scatter among each class. In (Gharavian et al., 

2013) a comparison between PCA and FDA as feature selector methods is done for faults diagnosis of automobile 

gearboxes. FDA is a very powerful method for dimensionality reduction when they respect the assumptions that 

observation is normally distributed and that they share the same covariance matrix. However, FDA is limited in 

performance in the case of noisy and sparse data. 

- Correlations coefficients (Pearson, Spearman & Kendal) 

Correlations coefficients are statistical measures to catch relationship between variables. Relationship values are 

in the range [-1, 1]. The closer the relationship between two variables is to 1 or -1, the closer the correlation 

between these two variables will be perfectly positive or negative (depending on the sign of the value). There is 

no correlation between two variables when this value is equal to 0. It is interesting to know the relationships 

between the different variables for the sake of avoiding the presence of two variables giving the same information. 

It exists several types of correlations coefficients, but the three mains are: Pearson, Spearman and Kendal.  

Pearson product-moment correlation coefficient is the most used coefficient, it consists in the measure of how 

strong is of the linear correlation between two variables.  

Spearman rank correlation coefficient is a non-parametric measure of rank correlation between two variables. It 

consists in the assess of how well the relationship between two variables can be described by a monotonic 

function. 

Kendall tau rank correlation coefficient is a non-parametric hypothesis test used to measure the ordinal 

association between two variables.  

A comparison between Pearson, Spearman and Kendall Correlation Coefficients is presented in (Chok, 2010) 

- ANOVA F-Test 

Analysis of variance (ANOVA) is a tool to compare the means of several populations, based on random, 

independent samples from each population. It provides a statistical test to determine if population means are 

equal or not (i.e. came from the same distribution). ANOVA is a parametric test that assumes a normal distribution 

of values (null hypothesis).  

F-test is a class of statistical test that calculates the ratio between variances. F-Test is used with ANOVA to measure 

the ratio between explained and unexplained variances.  

Three assumptions must be satisfied with ANOVA F-Test: samples are independents, from normally distributed 

population and standard deviations of the groups are all equal (homoscedasticity). It permits the measure of the 

linear dependency between two variables. In (Johnson and Synovec, 2002) a feature selection based on ANOVA 

and PCA is done to classify jet fuel mixture. In (Yakub et al., 2016), a feature selection based on one way anova is 

used to classify microarray data. Main advantage of ANOVA F-Test is its straightforward computation and 

interpretation. The limiting factor is that its applicability is only valid with the specific assumptions. 

- Mutual Information 

Mutual Information also named information gain is a quantity which measure the mutual dependence (i.e. it 

quantifies the amount of information) between variables. It is a non-parametric test which significates that it 

doesn’t require a normal distribution to be analyzed. Contrary to correlation coefficient, mutual information is not 

limited to linear dependance. Mutual information is null if variables are independent, and it increases as 

dependency increases. In (Liu et al., 2008) a general criterion function for feature selection using mutual 

information is proposed. Mutual information are efficient tools to catch statistical dependency but because they 

are non-parametric, they need more samples to be accurate. 

In the designed algorithms, the features selection is based on the use of the Pearson product-moment correlation 

coefficient to filter redundant information and an ANOVA F-Test to select best features. This method is selected 

because it mixes both advantages of correlation coefficients and statistical tests. PCC deletes features highly linked 

and ANOVA F-Test captures the linear relation between features and targets.  
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1.2.5 Details on Classifiers 
Classification is the core of non-model-based algorithms. It consists in the creation of relations from a known database 

to class a new data in a class/pattern. In this section, five classifiers are presented. The first is a classifier based on 

statistics while all others are based on the use of data and more precisely on Artificial Intelligence.  

- Bayesian Networks (BNs) 

Bayesian Networks are graphical-probabilistic structures using database to process. They are constructed in two 

steps: finding networks structure and then calculating conditional probabilities from data. The relationship 

between the nodes of each layer is a cause and effect relationship that can be quantified by conditional 

probabilities. In (Riascos et al., 2007) a BN is used for PEMFC diagnosis. A graphical model presenting the cause-

effect relationship between features and another probabilistic method captures numerical dependence between 

variables. BNs are useful robust tools for dealing with diagnosis problem which are uncertainty, the decision and 

the reasoning. Nevertheless, time compilation can be very slow. 

- Artificial Neural Networks (ANNs)  

Even if ANN are model-based to generate residue, it is possible to use them a classifier. A famous ANN model 

working as a non-model-based is the Hamming Neural Network (HNN) which uses pattern recognition to find the 

closest class. Another possibility is to use the HNNs to determine the age of the fuel cells (Kim et al., 2012). 

Recently, a proposed brain-inspired computational paradigm called “Reservoir Computing” was developed for fuel 

cells diagnosis (Zheng et al., 2017). The considered “Reservoir” is made of a particular class of complex dynamics 

emulating a virtual neural network and modeled by a nonlinear delay equation. Non model based ANNs have the 

advantage of excellent nonlinear approximation ability, moreover, they are less sensitive to noise than ANN model 

based. However, non model-based ANNs have need high computation time for the training step. The higher the 

number of defects to be classified, the larger and more complex the network is. This can lead to a long and difficult 

training of all defects without significantly increasing performance. 

- Neural Fuzzy  

Neuro Fuzzy is a combination of human like reasoning of fuzzy system with the structure of ANN. ANFIS is one of 

the most popular form of neural fuzzy. ANFIS can be used as model-based method but it is also possible to process 

to pattern recognition. In reference (Escobet et al., 2014) a hybrid model based on fuzzy and pattern recognition 

techniques is proposed for PEMFC diagnosis. Neural Fuzzy algorithms is a powerful tool which is adapt to noisy 

data as for fuel cells system. However computational time for the training of ANFIS can be significant.   

- K-nearest neighbors (KNN) 

KNN is a non-parametric method used for classification. It is also one of the best-known classification algorithms. 

Principle is that known data are arranged in a space defined by the selected features. When a new data is supplied 

to the algorithm, the algorithm will compare the classes of the k closest data to determine the class of the new 

data. In (Medjahed et al., 2013) a study of a KNN algorithms is performed to classify breast cancer. Analysis consists 

in the observation of the impact of parameters such as distance and classification rules on classification results. 

The major advantage of the KNN classification is its simplicity, it is also an efficient method. However, despite its 

efficiency, computation times can be long with large databases, the determination of the number of neighbors to 

use (k) requires trial and error and the algorithm is weak with outliers which can strongly impact its efficiency. 

- Clustering (K-Means / C-Means)  

Principle of clustering is to divide unlabeled data into several groups called clusters. In the case of fuel cells 

diagnosis, cluster could correspond to faults such as flooding or drying at several levels. Two mains algorithms for 

clustering exist, the hardening K-Means and the C-means clustering (also named Fuzzy K-Means). The difference 

between hardening and fuzzy clustering is that C-means uses a weighted centroid based on probabilities whereas 

the membership assigned by the K-Means algorithm only depends on the closest cluster.  (Zheng et al., 2014) 

presented a double-fuzzy diagnosis methodology to detect online fault in PEMFC. Firstly, a fuzzy clustering 

approach is done before the use of a fuzzy logic approach (rules). (Liu et al., 2018) presented a model to diagnose 

PEMFC system of tramway based on K-Means clustering. K-Means is used to filter singular sample points, then the 

Lloyd's method is used to quantify sample vector sets and obtain the discrete code combination of training and 
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test samples. The Baum-Welch algorithm and the backtracking algorithm are respectively adopted to form and 

infer the DHMM. Clustering methods are effective tools for classifying data. Indeed, they are simple to implement, 

flexible, and perfectly suited to large databases. Unlike methods that use neural networks, the training phase does 

not require a large computational cost. However, this method requires a good analysis of the data to determine 

the most suitable number of clusters. Clustering algorithms proceeding by iterations in order to create clusters 

can affect the robustness of the algorithm due to local optimizations depending on the cluster initialization. Data 

standardization has a huge influence on clustering algorithms. Indeed, these algorithms use the distance between 

points and centers to define the membership. The standardization method and the metrics used to measure the 

distance between clusters and points are crucial parameters. 

The classifier used in this article is fuzzy-C-means. This choice is explained by its simplicity of use and its speed to 

process large databases contrary to other classifiers which are efficient also but need high computational time. This 

method is particularly adapted to a real-time diagnostic algorithm. 

 

1.3 Diagnostic tools for PEMFC faults monitoring 

In order to be able to observe the degradation of PEMFCs, diagnostic tools have been developed. These tools can be 

divided in two families: In Situ and Ex Situ. In situ method permits to observe electrochemical variables (voltage, 

current …) under operating conditions while Ex situ characterizes detailed structure and properties of each 

component. In this section, a presentation of the main In Situ diagnostic tools is proposed. Other In Situ methods exist 

such as current mapping, transparent cell or cathode discharge, however they are laboratory methods that are not 

yet adapted to an on-board commercial application. In addition, Ex Situ methods are not presented in this article 

because they are not adapted to on-board application.  

- Fundamentals of fuel cells 

From a thermodynamic point of view, the entire heat released by fuel cells reaction is defined by the enthalpy 

change ∆𝐻:  

∆𝐻 =  −𝑛. 𝐹. 𝐸𝑇   [1] 

n is the electron transfer number in the reaction (2 for H2), F the Faraday constant (96485 C.mol-1) and ET the 

theorical voltage if all H2 energy is consumed to produce electricity (1.48 V) which is impossible because heat is 

produced. 

Gibbs free energy (∆𝐺𝑟) permits to convert chemical energy directly into electrical energy. Variations in Gibbs free 

energy of the reaction corresponds to the electric work done by the reaction (n.F.E).  

∆𝐺𝑟 =  − 𝑛. 𝐹. 𝐸 [2]  

E corresponds to the theorical voltage. At standard pressure and temperature conditions, the theorical voltage 

available in fuel cells is egal to 1.23 Volts which is the maximal theorical voltage for a fuel cell (impossible to reach 

in reality). 

Because the pressure and concentration of reactants affect the Gibbs free energy (thus voltage), it is necessary to 

use equation taking account of these parameters. The Nernst equation takes account about pressure and 

concentration b and is expressed like: 

𝐸 =  𝐸0 −  
𝑅.𝑇

𝑛.𝐹
. ln(

∏ 𝑌𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑠

𝑣𝑖

∏ 𝑌𝑅𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠

𝑣𝑖
) [3] 

Where E0 is the voltage at standard pressure and temperature conditions (i.e. 1.23 Volts), R the perfect gas 

constant (8.314 J.mol-1.K-1), T the absolute temperature in Kelvin, Y is the activity of the products and vi the 

stoichiometric coefficients of species i. 
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In addition of equations to determine the voltage of fuel cells, it is interesting to take an interest in the different 

losses. In total, there are three different types of losses that govern fuel cells: activation losses, ohmic losses and 

mass transfer losses. 

Activation losses is a phenomenon which occur mainly in the low current densities. This can be explained because 

in the low current density region, the working potential decreases, mainly due to the charge transfer kinetics, (i.e. 

the rates of O2 reduction and H2 oxidation at the electrode surface). Activations losses can be expressed by the 

Tafel equation which is written as follows: 

∆𝑉𝑎𝑐𝑡 =  𝑎 + 𝑏. log(𝑗) =  −
2.303.𝑅.𝑇

𝛼.𝑛.𝐹
. log(𝑗0) +

2.303.𝑅.𝑇

𝛼.𝑛.𝐹
. log(𝑗)  [4] 

With j0 the exchange current density (electrode activity for a particular reaction at equilibrium) [A.cm-2].   

Ohmic losses occur in the intermediate current density range and are mainly caused by internal resistance. 

Internal resistance (Rcell) corresponds to the flow of electrons through material and electrodes, 

interconnections but also resistance to the ionic flow through the electrolyte. Ohmic losses can be written as: 

∆𝑂ℎ𝑚 = 𝑗. 𝑅𝑐𝑒𝑙𝑙 [5] 

Mass transport losses (also named concentration losses) operate mainly in high current density range. It 

corresponds to the losses due to the transfer speed of reactants which is slower than reaction rate. Mass 

transport losses can be expressed as: 

∆𝑐𝑜𝑛𝑐 =  
𝑅.𝑇

𝑛.𝐹
. ln(

𝐶𝑅
0

𝐶𝑅
∗ ) [6] 

Where 𝐶𝑅
0 is the bulk concentration of reactant and 𝐶𝑅

∗  is the reactant concentration on the catalyst layer. 

Accumulation of product is ignored in this equation. 

- Polarization curve (I-V) 

Polarization curve is the most popular electrochemical technique to evaluate fuel cells performances. It consists 

in a plot which show the cell (or system) voltage change with current density. I-V curves provide information about 

the voltage and are also used as indicators of overall performance under specific operating conditions. However, 

they do not give much information about the individual components within the cells. All performances losses can 

be view on I-V curve. 

 

Figure 6 : Schematic representation of an example of polarization curve 

Polarization curves are effective techniques for obtaining accurate information on the general health of the fuel 

cell, moreover, they do not need specific equipment compare to others diagnostic tools. However, this technique 
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cannot be used when the system is operating. In fact, I-V curves require the measurement of the system voltage 

at different current densities and therefore to wait for each measurement point to stabilize the voltage. 

In (Mohsin et al., 2020), PEMFC assemblies studied by an accelerated voltage cycle at several levels of relative 

humidity were characterized with polarization curves. 

- Cyclic Voltammetry  

In situ cyclic voltammetry is an electrochemical technique regularly used because it offers a multitude of 

experimental information and knowledge about the kinetic and thermodynamic details of many chemical systems. 

It measures the current response of an active redox solution to a linear-cycle potential (applied by a potentiostat) 

scans between two (or more) values. In situ cyclic measurement of voltammetry of fuel cells is carried out using a 

two electrodes device (working and counter electrodes), where the potential relative to a reference electrode is 

scanned at a working electrode while the resulting current flowing through a counter-electrode is monitored. 

Figure 7 shows a typical plot of a cyclic voltammogram:  

   

Figure 7 : Typical plot of a  voltage sweep nack and forth between two voltage limits (left) and a cyclic voltammogram(right) (Wang et al., 
2012) 

The electrochemical activity of the fuel cell cathode is generally the most interesting information due to the slow 

kinetics of the Oxygen Reduction Reaction (ORR). The fuel cell anode is used as a counter or reference electrode, 

with the inherent assumption that the polarization of this electrode is relatively low. Cyclic voltammetry is a 

powerful electrochemical tool used to determine the Electrochemical Active Surface Area (ESCA) change in an 

electrode. However, cyclic voltammetry gives mainly qualitative and not quantitative information. It is therefore 

impossible to study the reaction and degradation mechanisms in depth. 

In (Wang et al., 2014), the influence of PEMFC system contaminants on Pt Catalyst is evaluated via Cyclic 

Voltammetry. 

- Linear Sweep Voltammetry (LSV) 

Linear Sweep Voltammetry is an electrochemical method frequently used to estimate the gas crossover through 

membranes in PEMFC. It can be applied directly under different operating conditions. Full or supersaturated 

humidification conditions are generally used for fuel and inert gas to ensure that sufficient water is present for 

complete hydration of the membrane. LSV technique consists of applying a linear potential scan (thanks to a 

potentiostat) on the electrode to obtain a limit current. This limit current permits the calculation of the cross-over 

rate of hydrogen to cathode side. The use of linear sweep voltammetry is similar to cyclic voltammetry because it 

uses a counter-reference electrode (generally anode) and a working electrode (generally cathode). As with cyclic 

voltammetry measurements, in LSV measurements, the current response is plotted as a function of voltage rather 

than time. Figure 8 shows a schematic of the principle of LSV measurements and a typical LSV curve: 
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Figure 8 : Schema of the principle of LSV measurement in PEMFC (left) and typical LSV curve measured at 60 °C for a commercial Nafion membrane 
under 100% humidification (Wang et al., 2012) 

Hydrogen cross-over flux Jxover [mol.cm-2.s-1] is determined by Faraday’s law: 

𝐽𝑥𝑜𝑣𝑒𝑟 =  
𝑗𝑙𝑖𝑚

𝑛.𝐹
 [7] 

Where jlim is the transport limiting current density [A.cm-2], n the number of electrons which take part in the 

reaction (2 for H2 oxidation reaction) and F the Faraday’s constant (96 485 C.mol-1) 

LSV is a powerful analytical tool to characterize fuel cross-over through PEMFC membranes. It can give quantitative 

results for the membrane that cover the entire active surface without damaging the membrane. In addition, LSV 

technique allows the detection of short-circuit resistance.  

In general, LSV is an excellent diagnostic method for membrane evaluation and failure diagnosis in PEM fuel cells. 

Although it only reflects the crossing of gases at a medium level accuracy and sensitivity for membrane diagnosis 

are excellent. LSV is also useful for analysing mechanisms and predicting degradation, providing information prior 

to post-mortem analysis.  

In (Pei et al., 2018), an improved LSV methods to measured hydrogen cross-over current in PEMFC is developed. 

- Current Interruption (CI) 

The current interruption consists in supplying a constant current to the electrochemical system and then passing 

instantaneously at zero current, while recording the change in system or cell potential. Generally, the current is 

interrupted from microseconds to second level. Current interruption permits to measure the value of the 

membrane resistance because once the current interrupted, ohmic losses disappear almost immediately and 

activation losses overpotentials decline to Open Circuit Voltage (OCV) slowly. So, a rapid acquisition of voltage 

evolution is mandatory to separate ohmic and activation losses.  

Relationship between the membrane resistance and voltage step height is given by: 

𝑅𝑚𝑒𝑚 =
∆𝑈

∆𝐼
 [8] 

With ∆𝑈 is the voltage variation [V], ∆𝐼 the current drop [A.cm-2] and Rmem the membrane resistance [Ohm.cm-2] 
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Figure 9 : Schematic representation of current interruption 

Current interruption is a useful tool for characterizing the dynamic behaviour of electrochemical devices. Compared 

to other methods, power interruption has the advantage of being simple for data analysis. Nevertheless, the 

information obtained is limited to the membrane resistance and, moreover, it is difficult to determine the exact point 

where the voltage jumps. A fast oscilloscope is therefore required to record the voltage jump. 

In (Mennola et al., 2002), current interruption method is used to measure the ohmic voltage loss in a single cell PEMFC.  

- Electrochemical Impedance Spectroscopy (EIS) 

Impedance analysis is a popular and non-destructive measurement technique that provides detailed information 

on a wide range of electrochemical phenomena such as the charge transfer reaction for example. The EIS 

technique involves applying a low-level alternating current waveform to the fuel cell system (or any 

electrochemical system) and then measure the response of the system (or cell) to the stimulus. The impedance is 

measured using the ratio of AC voltage divided by AC current:  

|𝑍̅| =  
𝐴𝐶 𝑣𝑜𝑙𝑡𝑎𝑔𝑒

𝐴𝐶 𝑐𝑢𝑟𝑟𝑒𝑛𝑡
 [9] 

Figure 10 represents an EIS applied to a fuel cell system. 

 

Figure 10 : Schematic representation of EIS applied to fuel cell characterization (Wang et al., 2012) 

Because the AC stimulus application has a low amplitude, there is no perturbation or destruction of the monitored 

cell. Generally, frequencies used for EIS are in the range [0.1, 100.103] Hz, AC waveform is generated by a 

potentiostat which provides signal conditioning, amplification and DC/AC control to correctly apply the stimulus. 

In addition, the potentiostat provides a current-to-voltage conversion circuit to convert the alternating current 

flowing through the cell into an alternating voltage waveform that can be measured by a frequency response 

analyzer (FRA) to provide impedance analysis. The measured impedance can be represented in Nyquist and Bode 



15 
 

diagrams. In the section 3 , EIS measured are analyzed in Nyquist and Bode diagrams. EIS are very useful tools 

which can measure detailed parameters such as the polarization resistance used to determine the corrosion 

current density. The main advantage of this method is that it allows the capture of information that appears with 

different time constants (thus different frequencies), which is not possible with I-V curves. For example, mass 

transports phenomena occur at low frequency range while charge transfers at high frequency range. Nevertheless, 

EIS requires specific equipment that can be expensive and difficult to implement in fuel cell systems. 

In (Mérida et al., 2006), EIS has been used to distinguish between flood and dehydration failure modes. 

 

In this paper, the selected diagnosis tool is the electrochemical impedance spectroscopy. Interest in this choice is that 

EIS gives a lot of specific information for main fuel cells faults because it analyzes the dynamic response of several 

phenomena. Furthermore, a dedicated power converter at the output of the fuel cell has been developed in the 

HealthCode project to allow the online measurement in real life application. Voltammetry method (CV and LSV) are 

not suitable for the diagnosis of operating fuel cells because they need to introduce hydrogen and nitrogen through 

the anode and cathode of the cell, i.e. changing the feeding gas and interrupting the power supply to the application. 

Polarization curves can be used for on-board diagnosis however it contains less information than EIS even if it is an 

easier process. 

2 Designed diagnosis approach 

The method presented below uses a fuzzy C-means classifier to classify data recorded during EIS. Firstly, a global 

presentation of the method is made, then an explanation about the off-line and on-line section is proposed followed 

by the presentation of results obtained.  

2.1 General principle 

According to the explanations given in section 1, the developed algorithm is composed of several steps: An extraction 

of features from the data collected from the EIS, a standardization  using Quantile Transformer of the features followed 

by a selection of the ones containing the most information using the Pearson Correlation Coefficient (PCC) and the F-

Test ANOVA. The last step of this algorithm is the classification of data using the Fuzzy C-Means clustering. The 

principle of the designed algorithm is presented in Figure 11: 

 

Figure 11 : Schema of the developed classification algorithm 
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As the Figure 11 shows, the steps of features extraction, standardization and features selection are grouped in one 

global step named “Feature generation”. 

 

2.2 Off-line / Training 

As explained, off-line section of non model-based algorithms are composed of two steps: Generation of features and 

Classification. In the case of the designed algorithm, the data used are from electro-chemical impedance spectroscopy 

monitoring. Impedance information given by EIS is decomposed in a real and imaginary parts or magnitude and phase 

which are used to create several features. In the developed diagnosis, the first extracted features from EIS are: 

- the Minimal magnitude (mm) of the impedance which indicates the total Ohmic resistance of the stack, (1) 

- the Maximal magnitude (Mm) of the impedance (2), which is included to analyze stack incomplete spectra where 

polarization resistance is not given. 

- the difference between both magnitude (ΔMag), (3) which corresponds to the width of spectrum and gives 

information about the mass transport rate of reactants. 

- the polarization resistance (R_pola), which gives information about global performance of FC stack (4) 

- the maximal phase (Mp), which provides information on electrolyte membrane-related degradations (5) 

- the minimal phase (mp), which provides information about the charge transfer of Hydrogen oxidation reaction (6) 

- the phase at a frequency of 0.1 Hz (P1) to observe phenomena of diffusion. (7) 

- the difference between P1 and Mp (ΔPha) which permits to observe the height of phase spectrum. (8) 

- also, an analysis of phase is done using the Bode diagrams. The objective of this analysis is to describe the phase as 

a first order equation of frequency (f) in the low frequency range [1 – 10] Hz.  

𝑃ℎ𝑎𝑠𝑒 = 𝐴. 𝑓 + 𝐵1 [10] 

Coefficients A (Coeff A) and B (Coeff B) are determined for each sample and are used as features (9 & 10). They allow 

obtaining information on charge transfer of oxygen reduction reaction. 

Figure 12 shows an example of Nyquist and Bode diagram for a fuel cell. 

 
Figure 12 : Example of Nyquist (a) and Bode (b, c) plot for an EIS 

Feature extraction allowed switching from a two-dimensional space (Real and Imaginary parts) to a multi-dimensional 

space (10 features before the selection phase). 

Once the first dimensional space is created, each feature is standardized so that it follows a uniform distribution law. 

The "Quantile Transformer" standardization method used requires a certain number of quantile (number of reference 

points used to discretize the cumulative distribution function) to be filled in. Within the framework of the studied 
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algorithm, the number of available samples being small (less than 100) the number of quantiles to be used is equal to 

the number of samples. As a reminder, this standardization method has been selected because of its high capacity to 

handle outliers and noisy data which are generally present in experimental test of fuel cells. 

The last step to generate the best features to optimize the classification process is selection. As previously described, 

in this paper the selection is based on a data filtering step using the Pearson correlation coefficient followed by an 

ANOVA F-Test. For this study, the absolute value of the PCC that has been retained is 0.9, which means that features 

that have 90% correlation (positive or negative) are not directly selected. The variance of each feature is compared 

and only the feature with the highest variance is kept. Then the ANOVA F-Test is used to sort the features by analyzing 

the relationship of each feature with the associated fault. The optimal number of features for each technology has 

been determined through an iteration process. Section 4.2 shows the evolution of the classification results according 

to the number of features selected.  

Once best features selected, the classification step can occur. Fuzzy C-means clustering creates clusters (and 

determines coordinates of each cluster center) for each fault used in database. C-Means clustering is an unsupervised 

method in the sense that the centers and the labels of the clusters are not determined a priori. However, the expertise 

of the user is involved in the design of the database on which the learning is carried out, so available information is 

used to optimize the creation of clusters. Then, the user can provide the number of faults and the number of levels 

for each fault. For example, for the creation of clusters associated with three dryness levels, the user will only fill in 

the dryness data and the number of faults levels. In our case, we will define 3 levels for low, medium and high dryness. 

This allows an unsupervised operation which requires some knowledge of the database. Fuzzy C-means clustering is 

the chosen method because of its low computing time and good accuracy. However, the biggest drawback of this 

method is that it may lack robustness. This is due to its initialization when the algorithm associates each point to a 

cluster. Therefore, it is important to properly generate the features. In the following sections, the development of the 

training algorithm applied to the PEMFC diagnosis using EIS is presented. Figure 13 shows the off-line section of this 

algorithm diagnosis. 

 

 
Figure 13 : Principle of the off-line part of the designed diagnosis 

 

2.2.1 Specific case: Carbon Monoxide Detection 
Even if the principle of the algorithm is identical for the two stacks tested, it can be modified in order to adapt to the 

tested defects. In the case of the H2/Air technology the carbon monoxide (CO) poisoning defect of the cathode is 
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tested. This part is more detailed in section 3, however it is interesting to know that it is possible to detect high CO 

poisoning from a single feature which is the imaginary part at low frequency.  

To isolate this specific fault, a new step is added in the algorithm before the generation of features. This step doesn’t 

need any standardization or feature selection because of the specification of the fault. To detect it, the new 

classification step uses a FCM clustering algorithm to build two clusters using the imaginary part of EIS data at low 

frequency (i.e. 0.1 Hz): the first cluster is created using the EIS data with a high level of CO poisoning and the second 

one using all the other data. 

 

2.3 On-line / Validation 

The on-line algorithm is implemented onboard to perform the diagnosis all along the lifetime of the system. It consists 

the acquisition of a new EI Spectrum and the diagnosis algorithm is run in order to determine to which cluster 

determined in the training step it belongs. On-line is linked to off-line because even if it is in real time, it uses 

information imported from off-line. In the case of the developed diagnosis, information imported from off-line are:  

information contained in the standardization to transform the new characteristics to the same scale, the best 

characteristics selected, the coordinates of the clusters determined by the FCM grouping and their membership (i.e. 

the fault) assimilated to each cluster. To assign a defect to the new EIS, the algorithm will calculate the Euclidean 

distance between this point and all imported clusters. The fault associated with the closest cluster will also be the one 

assigned to the new EIS.  

In the specific case of carbon monoxide poisoning cluster coordinates of the two clusters (one for high CO poisoning 

and one for all other faults) are also imported. 

Figure 14 and Figure 15 show how the on-line part of diagnosis is done. 

 

Figure 14: Principle of on-line part of the designed diagnosis 



19 
 

 

Figure 15: Presentation of diagnosis algorithm  

In order to validate a diagnostic algorithm before implementing it in a system to test it experimentally, it is interesting 

to test the algorithm with data from the database.  

To proceed to this validation, it is possible to divide its database in two parts with for example 80% of data used for 

training (off-line) and 20% of data that will be used to validate it (simulation of an on-line part). This method of 

validating the algorithm is not optimal as the results can vary depending on the distribution of the data. It does not 

give a global idea of the performance of the diagnosis. In order to remedy this concern and to have a global idea of 

the performances, cross-validation is used. The following section is dedicated to the presentation of the cross-

validation method used. 

2.4 Cross-Validation 

Cross-validation is a statistical method for evaluating the generalization performance of a diagnostic algorithm. This 

statistical method consists in dividing the database into several parts (k parts) in order to train it with k-1 parts and 

test it on the last part. There are different methods of cross-validation such as "K-Fold" cross validation but the method 

that has been retained here is the "Leave One Out" (LOO). 

LOO method is an iterative process which consists of using all data for the training except one which is used for the 

validation. Thus, for n samples, there are n different training and n different test sets. For each loop, both accuracy 

results are extracted (i.e well classification of learning and validation dataset). At the end of LOO cross-validation, the 

mean of accuracy results for learning and validation is computed. This permits to have global results useful to 

characterize the generalization of the diagnosis. In reference (Shaikh, 2018) a presentation of several methodologies 

for cross validation is done. Figure 16 explains the principle of LOO methodology with a dataset composed of 5 data: 

 

Figure 16: Presentation of the Leave One Out methodology 
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2.5 Performance Index 

In order to be able to analyze the results obtained during cross-validation, it is important to define performance 

indices. These indexes correspond to all the parameters that will be analyzed in order to understand the functioning 

of the algorithm as well as possible. For this study three indices were defined: The confusion matrix, the precision 

score and the analysis of the features selected by the algorithm.  

These three indices allow having a global idea of the performances (accuracy score), to understand at best the errors 

that the algorithm can make when it assigns a fault to a data but also to make a link with the physics of the phenomena 

composing a fuel cell (analysis of feature selected). Indexes will be developed in the following section. 

 Confusion Matrix 
To analyze the results, metrics are considered to assess the performance of the diagnostic approach. For this purpose, 

the confusion matrix (also named as contingency matrix) is selected. The confusion matrix is very useful in diagnosis 

because for a specific condition “f” it permits to view the 4 specific cases which are: 

- “a” the number of samples correctly assigned to “f” 

- “b” the number of samples mistakenly assigned to “f” 

- “c” the number of samples mistakenly not assigned as “f” 

- “d” the number of samples correctly not assigned as “f” 

Figure 17 displays an example of confusion matrix: 

 

Figure 17: Example of Confusion Matrix 

Several indicators to evaluate a fault diagnosis performances are proposed(Cadet et al., 2014). 

 Accuracy score 
Besides the uses of confusion matrix, the accuracy score is selected to evaluate the diagnosis approach. It represents 

the percentage of good classification that the algorithm has achieved. Accuracy score can be defined using metrics 

presented in confusion matrix: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑑𝑎𝑡𝑎

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑎𝑡𝑎 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑
=

𝑎+𝑑

a+b+c+d
 [11] 

 Analysis of features selected during cross-validation 
Because the developed feature selection is based on an automatic process, it is possible to observe some modifications 

of features selected during the cross-validation. It is however interesting to look at the number of times each feature 

has been selected because it permits to determine which ones represent the best a database. In case of the whole 

database is sufficient, and there is not high difference of scaling between features, the same features should be 

selected at each loop of the LOO. However, if the same features are not selected, it may significate that the database 

is not sufficient and/or that a single data may impact the selection of the best features due to it difference of scaling 

with other data.  
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3 Experimental tests and acquired database 

The Electrochemical Impedance Spectroscopy (EIS) is a widely used technique at the laboratory scale to investigate 

the operation of electrochemical devices. The Health-Code project (“Real operation pem fuel cells HEALTH-state 

monitoring and diagnosis based on dc-dc COnverter embeddeD Eis,” n.d.) has demonstrated that the technique can 

be embedded through the use of the power converter of the fuel cell in real-life application and carried out on-line. 

The spectra measured that way can then be used for on-line diagnosis input.  

The data presented in this article and used for the training and the validation of the diagnosis algorithm have been 

acquired with laboratory devices on testbenches. The objective of experimental tests achieved is to characterize two 

different types of stack under several faulty conditions. The first is an H2 - O2 stack and the second is an H2 - Air.  

The diagnosed faulty conditions tested in this paper are the improper water management (drying and flooding), the 

reactants’ starvation (fuel and oxidant) and the altered fuel quality by contaminations (CO and S Poisoning).  

3.1 Presentation of faults tested 

According to (Wang, n.d.), during oxidation and reduction of reactants in a fuel cell, electrochemical reaction can occur 

in front or in the electrode. Moreover, mass transport hindrance and concentration gradient can impact FC 

performances. These different reactions occur with different time constants ranging from microseconds to months. 

Figure 18 shows these different time constants which are described in (Wagner and Friedrich, 2009) and Figure 19 

shows  the impact of these time constants in the frequency domain.  

In the next of this section, a presentation of fault tested and their mechanisms is done. 

3.1.1 Water management (Flooding & Drying) 
According to (Yousfi-Steiner et al., 2008), PEMFC performance, life-time and stability are highly linked to water 

management. Globally, two water flows can be observed in a fuel cell:  the electro-osmotic drag and the back-diffusion. 

Electro-osmotic drag corresponds to the water brought by proton transfer between anode and cathode side because 

of the apply potential across the membrane, while back-diffusion depends on water gradient between both sides. If 

the flow of water (from supplying/electroosmosis/back-diffusion) are not properly managed, two phenomena can 

occur: flooding and drying, which depends on whether the water balance is in excess or in defect.  

Drying results from the combination of high temperature, low current and poor water management. It is more likely 

to occur at the anode side of the membrane due to the production of water at cathode side. This leads to dehydration 

of the membrane and a decrease in proton conductivity through the electrolyte (sulfonic acid bond cannot be 

dissociated and the protons cannot jump between acid group) (Hickner et al., 2006). In addition, drying causes a 

Figure 19 : Overview of the wide range of dynamic processes in fuel cells (Wang, 
n.d.). 

Figure 18 : Bode plot of EIS measured at different current densities, 
PEMFC operated at 80°C with H2 and O2 at 2 bars (Wang, n.d.). 
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decrease in reaction sites (catalyst + protons + electrons + reactive gases) which leads to an increase in activation 

losses. Brief exposure to this phenomenon leads to losses that can be recovered. However, at high drying intensity, 

hot spots may appear that can pierce the membrane and create pinholes. Also, long-term drying may promote further 

chemical reactions at reactive sites that can no longer be properly moistened (Schmittinger and Vahidi, 2008).  

In contrast to too little water management, too much humidity in the reactive gases of a fuel cell can also lead to 

flooding. High reactants’ relative humidity (RH) combined with low gas flow rate and low temperature are the main 

causes of flooding. Accumulation of water in the gas diffusion layer (GDL) can prevent proper distribution of reactants 

to the reaction sites. Flooding takes place in two stages: first, drops of water will cause a slow decrease in voltage, and 

then the water accumulated in the channels causes blockage of the reactants and leads to a rapid degradation of the 

voltage (Fouquet et al., 2006). As for drying, short exposure to flooding conditions induces reversible losses but in case 

of long-duration, carbon corrosion and platinum dissolution phenomena occur (Schmittinger and Vahidi, 2008).  

3.1.2 Reactants starvation phenomena 
There are two types of reactant starvation in a fuel cell: the starvation at the cathode which can be either a lack of 

pure oxygen or a lack of air and the starvation at the anode which corresponds to a lack of hydrogen. Starvation can 

occur in one or several cells depending on fuel supply. Fuel starvations are more harmful than oxidant starvations 

(Yousfi-Steiner et al., 2009, 2008). Starvation can be broken down into two categories: local and global starvation.  

Local starvation results from a non-homogeneous distribution of gases at the reactive sites along the catalytic layer. 

This heterogeneous gas distribution results in heterogeneous current distribution due to the limitations imposed by 

local mass transfer. This may be caused by a too low reactant flow rate to consume all reactant to the maximum. 

Global starvation occurs when the reactant is not sufficient for electrochemical reactions to occur. This usually occurs 

when the fuel cell starts up or when there is a sudden surge in current. The limitations of mass transfer will gradually 

decrease the voltage. In the case of a starvation at anode side, hydrogen oxidation reaction will not be able to deliver 

the amount of current driven by cells which function in nominal conditions. Therefore, since fuel cell stacks operate in 

galvanostatic mode and since the cells are all connected in series, a starving cell can be forced to operate in reversal 

mode in order to maintain current flow at the value fixed by cells located upstream from it. These cells will make the 

starving cell operate in an electrolysis mode by providing the needed energy. Consequently, the individual voltage of 

starving cells become negative and their anode potential increases until reaching a value at which other oxidation 

reactions could occur in order to maintain the charge flow. Depending on the value reached by the potential, these 

reactions can be platinum dissolution reaction, carbon corrosion and, in case of cell reversal, water electrolysis. Such 

cell reversal is a rapid source of irreversible degradations.  

 

3.1.3 Fuel Poisoning (Carbon Monoxide & Sulfur) 
The main catalyst used for PEMFC is platinum or platinum alloys. This choice can be explained because platinum has 

excellent properties to facilitate oxygen reduction and hydrogen oxidation. However, platinum is also a good catalyst 

with other chemical species such as sulfur compounds (SO2, H2S, sulfites), nitrogen compounds (NO2, NO, NH3) and 

carbon monoxide (Zhao et al., 2020). These contaminants come from activities related to motor vehicles, industry, and 

gas treatment. Depending on the contaminants present in the reactive gases, two types of degradation may occur: a 

reduction of the platinum oxide due to the removal of CO formed during carbon corrosion or a 

dissolution/redeposition of the platinum bound to the agglomeration and detachment/corrosion of the carbon (Zhang 

et al., 2009). Reduction of platinum is a recoverable loss while dissolution/re-deposition is uncoverable. 

Currently, natural gas reforming is the most common production method, according to IEA “less than 0.1% of global 

dedicated hydrogen production today comes from water electrolysis” (“The Future of Hydrogen – Analysis,” n.d.), 

however, this process produces carbon monoxide (CO) and carbon dioxide (CO2). The effect of CO is mainly due to its 

high adsorption affinity to platinum. The CO is adsorbed on the reaction sites and replaces the hydrogen already 

present. Once on the reaction site, the CO will prevent the adsorption of hydrogen which will reduce the active surface 

dedicated to the electrochemical reactions. As a result, the local current density increases, which in turn increases the 

anodic activation overvoltage. High CO concentrations increase this potential high enough that the electrochemical 
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potential of the anode reaches the value at which the CO oxidizes into CO2, thus releasing the reaction sites and 

decreasing the anodic potential to its initial level. Because of this adsorption/release phenomenon of the reaction 

sites, the cell/stack voltage oscillates during operation due to the oscillation of the active surface. However, even if 

this phenomenon is reversible, kinetic adsorption is faster than desorption. To accelerate that (Farrell et al., 2007) 

presents three methods : 

- Air bleeding which consists to add a low concentration of air in the fuel. It permits to remove faster CO but 

can cause overheating at the anode if air management is improper. 

 

- Use of CO tolerant catalyst such as Pt/Ru, but even if this combination results in a reduction of cell potential 

compare to pure platinum, this solution is less efficient that the use of pure hydrogen as fuel. 

 

- Periodic pulsing of the anode potential. The principle of this method consists in briefly applying an impulse to 

reach an anodic potential level high enough to oxidize CO into CO2. 

In addition to CO poisoning, which is responsible of platinum reduction, sulphur poisoning is responsible of irreversible 

loss of reaction site. Sulphur can be present in fuel in different forms depending on the source of hydrogen and air 

quality. When hydrogen comes from the reforming of hydrocarbons, it is possible to find up to 5ppm H2S after 

desulphurization (Sethuraman and Weidner, 2010; Zhao et al., 2020). But in addition to the sulphur present during the 

reforming of natural gas, it is possible to find traces in the ambient air that can enter the cathode of a PEMFC. 

Poisoning kinetics of H2S on composite solid polymer electrolyte (SPE-Pt) electrode takes place by dissociative 

adsorption on the SPE-Pt electrode as two forms of sulphur species, and under favourable potential it undergoes 

electro-oxidation to sulphur and then to SO2 (Sethuraman and Weidner, 2010). So, the adsorption potential is what 

dictates the sulphur coverage and authors suggest that the overpotential of PEMFC exposed to H2S should be kept 

below the equilibrium potential for sulphur oxidation to minimize irreversible loss of catalyst site. According to 

(Lopes et al., 2011) the poisoning extent and mechanisms depend on factors like potential, temperature and Pt loading.  

Unlike carbon monoxide poisoning, sulphur causes irreversible damage. This means that if the fuel supply is not 

purified and the stack is shut down, other reactions may occur such as carbon corrosion. Therefore, high potential and 

high current density operating conditions should be avoided to minimize irreversible sulphur poisoning.   

Although it is impossible to fully recover losses due to H2S, techniques to partially recover reaction sites have been 

proposed: 

- Combination of neat hydrogen and cyclic voltammetry scan could recover partially performance of fuel cells 

poisoned (Shi et al., 2007) 

 

- Temperature and the platinum load would also favour a partial recovery after sulphur poisoning (Sethuraman 

and Weidner, 2010). 

 

- The use of a graphene supported platinum electrode which has a slower degradation and faster recovery 

compared to Vulcan carbon supported platinum electrodes (Jayaraj et al., 2014). 

3.1.4 Influence of cathodic gas 
Since the two stacks tested do not use the same cathode reactant (one pure oxygen and the other ambient air), it is 

interesting to compare the impact of the gas type on a stack. In (Wang, n.d.) a comparison between a O2 fed and an 

Air fed stack is done. It shows that when operating with air, two sources of performance losses can be found at the 

cathode: 

- The first is an increase of the charge transfer resistance due the decreasing of oxygen partial pressure. 

- The second is an additional diffusion impedance term which appears in the low frequency domain.  

Figure 20 is from (Wang, n.d.) and shows the both sources of performances losses. Diffusion impedance term is visible 

at 3 Hz. 
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Figure 20 : Comparison of EIS measurements (Bode plot) of the same MEA (60 20) produced with carbon supported (60 wt% Pt) catalyst and 20 
wt% Nafion, operated with H2/O2 (□) and with H2/air (○) at 500 mA cm−2  (Wang, n.d.).  

 

3.2 Presentation of fuel cells 

3.2.1 H2/O2 short stack 
The experiments are carried out on a short stack to limit the cost of the testing campaign. As it is supposed to operate 

with electrolyzed hydrogen in the targeted application, fuel contamination is not considered. More details on these 

tests can be found in  (Petrone et al., 2018). 

This short stack consists of 8 cells and a cell active area of 200 cm². The maximum power delivered by the short stack 

is about 1.3 kW while the complete system can deliver up to 3 KW. Tests are scheduled to reproduce the real back-up 

system operations that mainly operates between 0 and 240 A. For nominal test conditions, parameters are set to the 

values describes in the Table 2: 

Table 2 : Nominal conditions used for H2/O2 short stack tests 

Pressure 
Gas inlet anode 

1.36 *105 [Pa] 

Pressure 
Gas inlet cathode 

1.42 *105 [Pa] 

Anode 

Over-stoichiometry 
Factors (H2) 

1.9 [-] 

Cathode 

Over-stoichiometry 
Factors (O2) 

2.9 [-] 

Relative humidity (RH) 50% ± 10% [-] 

Stack temperature 335 ± 5 K [K] 

 

Based on the EIS methodology measurement, three DC currents have been retained for the short-stack tests: 

- Maximal current at 210 A (nominal real operation condition) 
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- Minimal current at 45 A (# 20% of maximal electric load) 

- Medium current at 120 A (# the mean of others) 

 

3.2.2 H2/Air stack 
H2/Air stack is a 1.3 kW stack with an active surface of 100cm². For nominal test conditions, parameters are set to the 

values described in the Table 3: 

Table 3 : Nominal conditions used for H2/Air stack tests 

Pressure 
Gas inlet anode 

1.24 *105 [Pa] 

Pressure 
Gas inlet cathode 

1.15 *105 [Pa] 

Anode 

Over-stoichiometry 
Factors (H2) 

1.3 [-] 

Cathode Over-stoichiometry 
Factors (O2) 

2 [-] 

Relative humidity (RH) 83.3% [-] 

Stack temperature 330 [K] 

 

To cover real system operation, three DC currents have been defined for the EIS: 

- Maximal current at 40 A (nominal real operation condition). 

- Minimal current at 15 A. 

- Medium current at 25 A. 

 

3.3 Faults generation Protocols  

This section explains how testing experiments were carried out. 

Both stacks are run in a continuous mode, respecting suppliers’ indications. They are periodically characterized via I-V 

curves (non-faulty conditions) and EIS (either in nominal or in faulty conditions). 

3.3.1 General measurements 
The first step of measurements is to plot the polarization curve (I-V curve) in a nominal condition. Then a current level 

is chosen and an EIS also in nominal condition is plot. Then a fault is introduced. 3 intensity levels are chosen for each 

tested fault. 

Figure 21 shows a schematic representation of the general procedure of data collection about faults. 
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Figure 21 : From HEALTH CODE protocols, General representation of the measurement procedure (“Real operation pem fuel cells HEALTH-state 
monitoring and diagnosis based on dc-dc COnverter embeddeD Eis;H2020, European project, Horizon 2020; Health-Code,” n.d.).  

3.3.2 Protocol recommended for faults’ creation 
Concerning the faults, the recommended procedure consists of fixing the fault level and then changing the current 

density. Once the current density has reached the maximum value defined in the previous section, the system 

performances are recovered and carried out the same process with a higher fault level. The Figure 22 shows how the 

protocol is applied for starvation and water management: 

 

Figure 22 : From HEALTH CODE protocols, focus on the EIS measurement procedure recommended for Starvation and Water Management 
(“Real operation pem fuel cells HEALTH-state monitoring and diagnosis based on dc-dc COnverter embeddeD Eis;H2020, European project, 

Horizon 2020; Health-Code,” n.d.) 

The same process is recommended for Fuel Composition. This method permits to decrease the test duration because 

it accelerates the reaching of stack equilibrium. 

I-V curves are measured in two phases. Firstly, a step-by-step current-increasing method is chosen and then the 

reverse process is done. The result is a polarization curve with an ascending and a descending section. EIS specifications 

To control that protocol, fixed limits for the test are showed in Table 4: 
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Table 4 : Protocols, Variable inputs for EIS 

Input Value for laboratories test 

Frequency 10 kHz – 10 mHz (log scale) 

Current value 5-10% of DC or fixed values < 5 A 

Number of periods 1 – 20 (depending on frequency) 

Sampling 
frequency 

At least 100 times the injected 
frequency 

 

3.4 Presentation of datasets  

A total of 2300 EIS spectra were acquired in total during the project, but for this study, a selection of the best EIS made 

at nominal current were retained for analysis. This represents a total of 164 EIS. 

For the H2/O2 short-stack, relevant faults tested are flooding, drying and reactants starvation. Same faults are tested 

for H2/Air stack but because air is used, carbon and sulfur poisoning are added to operating conditions.  

Figure 23 shows the decomposition of EIS:   

        

Figure 23 : Composition of dataset for H2/O2 stack for 1.05 A.cm-² (left) and for H2/Air dataset for 0.4 A.cm-² (right) 

3.4.1 Presentation of EIS made for H2/02 short stack 
Experimental tests using H2/O2 short stack were done at 3 current levels but to limit the number of graphics in this 

paper, only EIS done at 210 Amps are presented in this section. In each graph, an EIS in nominal condition is present 

to observe the magnitude impact of the fault. 

Figure 24 compares three types of tests in the stack. The first one is in nominal mode, the second one is in flooding 

condition with only one level of degradation tested, the third one is in dry mode in which 3 different levels are tested 

(low, moderate and high).  
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Figure 24 : Comparison of EIS made for H2/O2 stack at 210 Amps in a Nyquist (a) and BODE (b, c) diagrams for nominal, flooding and drying 
conditions1 

Figure 25 aims to compare the impacts of starvation at different levels on EIS. For this, three levels of hydrogen and 

oxygen starvation are tested (low, moderate and high). 

  

Figure 25 : Comparison of EIS made for H2/O2 stack at 210 Amps in a Nyquist (a) and BODE (b, c) diagrams for nominal and starvation 
conditions (Oxygen and Hydrogen) 1  

 

3.4.2 Presentation of EIS made for H2/AIR stack 
Experimental tests using H2/Air stack were done at 3 current levels but only EIS done at 40 Amps are presented in this 

section. In each graph an EIS in nominal condition is present to observe the magnitude impact. 

                                                           
1 Data are normalized for the sake of confidentiality 
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The Figure 26 in this section represents a comparison between nominal, dry and flood condition in the H2/Air stack. 

In this configuration, faults levels for flooding and drying represent the anode and cathode side and not an increase of 

the fault as it is the case for H2/O2 short stack.  

 

Figure 26 : Comparison in a Nyquist (a) and BODE (b, c) diagrams of EIS made for H2/AIR stack at 40 Amps in nominal, flood and dry conditions 
2 

The Figure 27 represents two levels of starvation (Air and Hydrogen). In this configuration the two faults levels which 

are tested are low and medium starvation.  

 

Figure 27 : Comparison in a Nyquist (a) and BODE (b, c) diagrams of EIS made for H2/Air stack at 40 Amps in nominal and starvation (Air & 
Hydrogen) conditions2 

The Figure 28 shows the impact of two contaminants (Carbon Monoxide and Sulphur which can appear in case of 

reformer malfunction. For the case of Carbon Monoxide (CO), several “low” levels of contaminants are tested (4, 6, 8 

                                                           
2 Data are normalized for the sake of confidentiality 
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and 12 ppm) and three more levels are tested to represent moderate and high condition of poisoning (80, 120 and 

160 ppm). In the configuration where sulfur poisoning is tested, four levels of contamination are tested: 4, 6, 8, 10 

ppm. However, unlike CO poisoning, it is impossible to recover the performance lost due to sulfur poisoning. 

Moreover, sulfur poisoning has a cumulative effect. Therefore, EIS are different from each other in Sulfur Poisoning.  

 

Figure 28 : Comparison in a Nyquist (a) and BODE (b, c) diagrams of EIS made for H2/Air stack at 40 Amps in nominal and poisoned (Carbon 
Monoxide & Sulphur) conditions3 

The difference between the composition of reactants in cathode side (Air or O2) can be analyzed. It is worth observing 

that the H2/Air technology spectra show two visible arcs that warp up under faulty states. H2/O2 spectra show only 

one visible arc which shape changes under faulty conditions. Moreover, one can observe a specific change of 

geometrical shape of the EIS spectrum according to the related operating condition, thus leading to a suitable 

diagnostic tool implementation.  

Another main point visible on these pictures is that poisoning conditions represent a key-feature in the database. 

Poisoning shows the importance of reactants’ composition. A remarkable alteration of the CO poisoning is that at high 

concentration and constant current density, the imaginary part of EIS becomes positive. This phenomenon is explained 

in (Wagner and Gülzow, 2004). This characteristic is an important point for diagnostic algorithm as already presented 

in section 2.2.1. 

 

4 Results and discussion 

In this section, the specifications for each dataset and results obtained from the classification are presented. For each 

of them, a comparison of three features selection methods will be performed in order to validate the selected method. 

                                                           
3 Data are normalized for the sake of confidentiality 
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4.1 Specifications for classification 

4.1.1 H2/O2 short stack specifications  
An important point when using C-Means clustering is the number of clusters as explained in the section 1.3. For both 

datasets used, the number of clusters corresponds to the number of fault’s level tested. Table 5 shows the number of 

clusters selected for each fault in the H2/O2 dataset: 

 

Table 5 : Number of clusters used for each fault during the classification of H2/O2 dataset 

Faults Nominal Flooding Drying H2 Starvation O2 Starvation 

Clusters’ 
Number 

1 1 3 3 3 

Fault’s level 
tested 

-  -  
Low 

Medium 
High 

Low 
Medium 

High 

Low 
Medium 

High 

 

4.1.2  H2/Air stack specifications 
As explained is section 2, H2/Air diagnosis algorithm is composed of two steps of clustering, it is necessary to select 

for each step the number of clusters corresponding to each class. 

For the first step, the objective is to determine if a point is poisoned with carbon monoxide at high concentration or 

not. So, In the first case one cluster is created with all learning data (before standardization) except the ones with high 

CO poisoning and another one with all high CO poisoned data.  

The Table 6 displays the number of clusters selected for the first step as explained in the paragraph above 

Table 6 : Summary of the number cluster chosen for first loop of H2/Air stack diagnosis 

Faults 
Carbon monoxide 

(> 80ppm) 
All Other Faults 

Clusters’ number 1 1 

 

Concerning the second step of algorithm, objective is to classify a data in the right class (i.e. fault). The number of 

clusters is determined using the number of degradation’s level for each fault. Concerning CO poising, degradation’s 

level represent in this second loop are all these inferior to 80 ppm which are not detected in the first loop. Table  7 

summarizes the choices done: 

Table  7 : Resume of cluster's number chosen for each class during H2/Air second step diagnosis 

Faults Nominal Flooding Drying H2 Starvation O2 Starvation 
CO 

poisoning 
(< 80 ppm) 

S 
poisoning 

Clusters’ 
Number 

1 2 2 2 2 3 4 

Fault’s level 
tested 

-  
Anode 

Cathode 
Anode 

Cathode 
Low 
High 

Low 
High 

4 ppm 
8 ppm 

12 ppm 

4 ppm 
6 ppm 
8 ppm 

10 ppm 
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4.2 Cross-Validation Results & features selected analysis 

Once all parameters (i.e. Feature Generation) of the algorithm have been determined and the number of clusters for 

each fault is set the diagnostic procedure can start. Sections 2 and 4.1 detail the different parameters of the 

algorithm. 

 

In Figure 29 and Figure 30, the accuracies scores obtained with the Leave One Out methodology are shown.  

Figure 29 : Representation of accuracies scores obtained with a leave one out CV test for off and on-line section for H2/O2 stack 

 

 

Figure 30 : Representation of accuracies score obtained with a leave one out CV test for off and on-line section for H2/Air stack 

Figure 29 shows the best result using cross-validation is obtained using 5 features. Similarly, for the H2/Air stack, the 

optimum number of features is 6 as Figure 30 shows while the number of faults is increased by two. This proves the 

efficiency of to isolate in a first step high carbon monoxide poisoned data using imaginary part at low frequency (0.1 

Hz) before their standardization. 

In the following, the number of features retained is 5 for H2/O2 stack and 6 for H2/Air stack. 



33 
 

Once the number of features has been determined through cross-validation, it is interesting to compare the 

percentages of selection of each descriptor during the cross-validation phase. 

 

Figure 31 : Representation of the features selected during cross-validation for the H2/O2 (left) and H2/Air (right) stacks 

Figure 31 compares the selection rates of each feature during cross-validation for both datasets. It appears that in 

both datasets, there are three features that are selected for each loop of the cross-validation: Mp as well as Coeff A 

and Coeff B that come from the analysis of the phase in the range [10, 1] Hz. 

This similarity between the two datasets allows us to assess that these three features correctly represent the faults 

related to starvation and water management since they are present in both databases. This can be explained 

because these features give information about the charge transfer of oxygen reduction reaction which occur in the 

range [1 – 103] Hz and are the main effect of these faults as described in section 3.1. 

In the case of H2/O2 stack, in addition to the three features described above, the same other features are always 

selected (i.e. mp and mm), whereas in the case of H2/Air technology, depending on the data tested, the features 

selected may vary greatly. Minimal magnitude and minimal phase give information on the transfer charge of 

hydrogen oxidation reaction but also, minimal magnitude corresponds to the ohmic resistance which is highly 

impacted as shown in experimental section.  

The variation of features selected during cross-validation for H2/Air stack may be due to the influence of a data in 

relation between features and the global variance of a feature. Indeed, in H2/O2 short stack, as section 3.4 shows, EIS 

are similar and in the same scale which is not the case in H2/Air stack due to the presence of poisoning faults. 

Therefore, variance and correlation between features in the short-stack dataset are more “stable” and less impact 

with the rotation of validation data during cross-validation step than H2/Air technology.  

However, one can still notice that the most frequently selected descriptors in the H2/Air database are: Mp, Coeff B, 

Coeff A, ΔPha, mp and R_Pola. In the case where it would be necessary to switch from an automatic selection of 

descriptors to a pre-defined selection, these 6 descriptors would allow a better characterization of this dataset. This 

selection allows representing each fault: as explained in previous paragraph, Mp, Coeff B, Coeff A and mp give an 

overview on starvation and water management faults while ΔPha, and R_Pola give information about diffusion 

phenomena in the FC which is directly linked to poisoning faults.  

Another interesting point is the fact that for both stacks, the maximum magnitude (Mm) is never selected. Given that 

the minimum amplitude and the difference between the two magnitudes are filled in. This “not selection” can be 

explained because of all EIS used in this paper are complete while the maximal magnitude mainly used for uncomplete 

spectra. 
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4.3 Analysis of results 

As presented in section 2.4 confusion matrices are one of the most widely used tools for analyzing classification results. 

Figure 32 shows the confusion matrix for the datasets using the LOO method with fuzzy C-means clustering present in 

the previous section. 

 

Figure 32: Validation Confusion Matrix for the H2/O2 dataset with 5 features selected 

As Figure 32 shows, classification algorithm is very powerful, all faults are correctly detected except for 4 confusions 

between oxygen and hydrogen starvation. This confusion can be explained because hydrogen starvation and oxygen 

starvation are two very similar failures.   

Figure 33 represents the confusion matrix for the H2/Air diagnosis algorithm. 

 

Figure 33: Confusion matrix for H2/Air diagnosis using 6 features 

In the same way as for the H2/O2 stack, Figure 33 shows that the algorithm is efficient to properly detect and classify 

most data. 
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In the end, only three data were misclassified: two inversions between flooding and drying of the stack and one 

inversion between carbon monoxide poisoning and sulfur poisoning. The confusion between the nominal operation 

and the drying up may be because only three EIS in nominal operation have been entered in the algorithm, which is 

highly insufficient to create good quality clusters.  

In addition to this reduced amount of data, the fact that the faults tested for the stack are so-called "emerging" faults 

(i.e. incipient or very low intensity faults) complicates the detection task. Indeed, emerging faults are very closed to 

nominal conditions. Emerging faults may also explain the confusion between carbon monoxide and sulfur poisoning 

since the only range in which these faults can be confused is that of low intensity faults (< 80ppm). 

 

4.4 Evaluation of the algorithm performances 

4.4.1 Influence of the selection step 
Since feature selection is one of the key steps of Machine Learning, a comparison between the method used in this 

article and two others is presented in this section.  

The first one is based solely on PCC to eliminate redundant information and the selected features are then sorted 

according to their variance. The second one uses the ANOVA F-Test to sort the features. The last is the method used 

in this paper: a combination between both methods where features are filtered using PCC and then sort with ANOVA 

F-Test. The purpose of this comparison is to prove the usefulness of combining both filtering and statistical testing in 

order to optimize the results.  

Table 8 compares the validation results (using a LOO Cross validation methodology) between the three types of 

features selection for each stack using a Quantile Transformer standardization method: 

Table 8 : Comparison between several Feature Selection methodology for both datasets 

 PCC ANOVA F-Test PCC + ANOVA F-Test 

Features’ number 
Accuracy score [%] Accuracy score [%] Accuracy score [%] 

H2/O2 H2/Air H2/O2 H2/Air H2/O2 H2/Air 

1 61 61 66 70 66 70 

2 58 72 82 72 82 76 

3 60 91 82 78 82 79 

4 73 92 88 91 89 92 

5 81 89 84 92 95 93 

6 90 91 94 95 92 96 

7 93 95 91 95 93 95 

8 94 89 93 95 94 89 

9 x x 93 95 x x 

10 x x 93 89 x x 
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Figure 34 : Presentation of accuracy score obtained with several feature selection methods for H2/O2 stack 

 

Figure 35 : Presentation of accuracy score obtain with several feature selection methods for H2/Air stack 

As Figure 34 and Figure 35 shown, the combination of PCC and ANOVA F-Test increases the accuracy of results and in 

the case of H2/O2 dataset it reduces the number of features to select. In addition to increase result, a good selection 

of features increases the robustness of the algorithm. Indeed, the robustness can be affected when using Fuzzy C-

means methods because of the presence of local optima during cluster creation. To obtain a good robustness it is 

necessary to select the right features, but the standardization methods are also to be considered in the case of 

algorithms based on distances to classify the data. 

In most cases increasing the number of features increases the accuracy of algorithm until reaching a limit number of 

features from which the results fall. Too many features may be a sign of the overfitting phenomenon. This 
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phenomenon can be seen in Figure 34 and Figure 35 however, there is an exception in the H2/air dataset. When 

features are filtered with PCC and sort by their variance there is a local optimum at 5 features which shows a weakness 

in the method. This shows that the variance criterion is insufficient to classify features. Regarding the results, it appears 

that sort features by variance is less efficient that sort them using the ANOVA F-Test. 

According to results, the best methods is the combination of PCC and ANOVA F-Test which permits to reduce the 

number of features and increase accuracy results of algorithm. 

 

Conclusion 

Diagnosis is a crucial tool for the prolongation of fuel cell lifetime. In this paper, a non model-based method is proposed 

to detect and identify several faults in fuel cells. The strength of the algorithm lies in the way it generates the features. 

Indeed, it extracts a set of features from EIS spectra, then uses a quantum-based standardization method to limit the 

impact of outliers and finally selects the best features by filtering out redundancies before applying a statistical test. 

To classify data, it uses a Fuzzy C-means clustering algorithm. The combination of feature generation and Fuzzy C-

means classifier provides a simple algorithm that does not require a lot of machine learning skills. However, despite 

its simplicity, the method presented is robust and not very sensitive to noisy data.  

In order to validate this algorithm, tests have been performed on two different stacks to obtain two databases. The 

tests have not been performed in the same infrastructure and under the same conditions. As each basis suffers from 

unavoidable biases and as they concern different technologies and measurements are carried out on different test 

benches, there is no chance that these biases are the same. Nevertheless, the diagnostic algorithm was able to provide 

classification results of about 95% during the cross-validation. This proves that despite the differences between the 

data (stack technologies, cathode gas, noise, faults tested, measurement biases, ...), the algorithm is quite capable of 

detecting abnormal operating conditions and therefore there is a generality of the method. Furthermore, the most 

frequently encountered faults are taken into account and handled by the algorithm. 

In addition, for both technologies the features selected were analyzed to observe the link between the selection done 

by the algorithm and the physical phenomena. It appears that according to the faults tested, the algorithm selects only 

those features that correspond to the frequency range in which the faults are visible. However, the number of features 

is important and must be chosen carefully to avoid a spatial dimension that favors one fault over the others. The 

algorithm is then able to operate in an automatic way, without expertise of the user, once the database is set. 

In this paper, a short comparison between some methods for selecting descriptors is proposed. However, it would be 

interesting to develop it to also observe the impact of the standardization method on robustness and precision. These 

steps have been performed during the development of the method but are not presented in this document. 
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