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h i g h l i g h t s
� An empirical, intuitive, self-adaptive non-model based diagnosis method is developed.
� Voltage measurements are decomposed in fourteen Intrinsic Mode Functions (IMFs).
� IMFs energy contributions are used to diagnosis healthy, flooding and drying states.
� The diagnosis is performed without any excitation signal or stabilization period.
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Diagnosis tool for water management is relevant to improve the reliability and lifetime of polymer
electrolyte membrane fuel cells (PEMFCs). This paper presents a novel signal-based diagnosis approach,
based on Empirical Mode Decomposition (EMD), dedicated to PEMFCs. EMD is an empirical, intuitive,
direct and adaptive signal processing method, without pre-determined basis functions. The proposed
diagnosis approach relies on the decomposition of FC output voltage to detect and isolate flooding and
drying faults. The low computational cost of EMD, the reduced number of required measurements, and
the high diagnosis accuracy of flooding and drying faults diagnosis make this approach a promising
online diagnosis tool for PEMFC degraded modes management.
1. Introduction

As one of the most promising clean power converter for large-
scale applications, polymer electrolyte membrane fuel cells
(PEMFCs) present many attractive features, including high power
density, high-energy conversion rate, and rapid start-up. Never-
theless, widespread commercialization still faces several challenges
to extend their lifetime, increase their reliability while reducing
their cost. The focus of many research programs and efforts are
underway, both to develop alternative materials or designs to
overcome the main technical bottlenecks, and to develop diagnosis
methodologies to improve the system reliability and durability.
; fax: þ262 (0) 262 938673.
. Benne).
In literature, numerous PEMFC diagnosis methodologies are
outlined and evaluated in terms of efficiency and applicability.
Basically, diagnosis tools can be classified into twomain categories:
model-based and non-model based.

Model-based approaches can be sorted in three types: white,
gray and black-box models. White-box models are analytical ap-
proaches, based on the computation of algebraic and/or differential
equations describing the involved phenomena. Black-box models
result on data-driven identification of non-physical based re-
lationships between input/output variables. Gray-box models
result on the combination of white and black-box approaches.
Renowned for their high genericity and good level of accuracy on a
wide range of operating conditions, white-boxmodels are often not
implementable in real-time, because of their complexity, the dif-
ficulty of estimating internal parameter values and their calculation
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time. Black-box models allow the reduction of computation time
without compromising on accuracy. Admittedly, their identification
strongly depends on representative data and/or human expert
knowledge, which may require repeated parameters adjustment
stages to increase generalization capabilities. Combining the best of
both worlds, gray-box models might often represent a suitable
alternative for diagnostic purposes since their offer a good trade-off
between computational cost and genericity. To deal with the multi-
physics and different time-scale aspects and the inherent non-
linearities, numerous model-based diagnosis approaches have
been developed for PEMFC fault detection and isolation (FDI). A
thorough review of model-based diagnosis methodologies for
PEMFC can be consulted in Ref. [1].

With a view to help in the designing of alternative fault detec-
tion and isolation tools for PEMFC [2], have clearly indicated the
relevance of three types of non-model based approaches including
artificial intelligence, statistical analysis and signal processing.
Artificial intelligence methods have been successfully applied to
design pattern classifiers for discriminating different sorts of faults.
Concerning statistical analysis, both linear and non-linear ap-
proaches have proved to be effective to develop diagnosis tools
using variable dimension-reduction methods. Among the most
common faults resulting from significant changes around nominal
conditions, those related to water management remain a major
concern. Improper water balance can lead to cell flooding or elec-
trolyte membrane drying, which can affect PEMFCs' performance
and durability. To avoid not only performance losses, but also
irreversible degradations and premature aging, there is a strong
need to improve flooding and drying faults diagnosis. With the aim
to propose a practical comparison of diagnosis approaches [3],
outlined several guidelines for the selection and design of meth-
odologies suited to flooding and drying faults diagnosis. Based on
the comparison of performance indexes and cost criteria including
equipment, power consumption and computational time, this
study opened up a range of new perspectives to instigate the
benchmarking of methodologies for PEMFCs diagnosis. To illustrate
the proposed benchmarking methodology, results of the diagnosis
tool developed by Ref. [4] has been considered. This diagnosis tool
combined electrochemical impedance spectroscopy (EIS) and
Bayesian Networks to detect the faults, and polarization curves to
classify the operating modes. Five classes have been defined:
moderated drying, minor drying, light flooding, minor flooding and
moderated flooding. The efficiency of the proposed diagnosis tool
has been assessed on a 20-cell 100 cm2 active area fuel cell stack.
The global performance index, representative on the whole well-
diagnosed samples, was about 83.3%. Nonetheless, whether the
methods are based on polarization curve analysis or EIS, few stra-
tegies are suitable for online implementation. Using EIS as a basis
tool and a double-fuzzy method to successively extract the useful
features and classify the extracted feature [5], implemented an
efficient diagnosis methodology for online applications. Tested on a
20-cell stack with an active surface area of 100 cm2, this diagnosis
tool has proved to be able to easily discriminate up to five health
states. As regards real-time methodologies, data-driven diagnosis
has attracted increasing attention. In order to get a relevant tool to
diagnose faults related to water management by analyzing cell
voltage amplitudes [6,7] considered various feature extraction and
classification methodologies. Among the strategies tested for a 20-
cell stack of 1 kW, the association of Fisher Discrimination Analysis
(FDA) and Support Vector Machine (SVM) turned out to be the best
combination in terms of performance and computation cost. With
intent to develop simple and inexpensive tools for real world ap-
plications [8], proved the feasibility of using wavelet-packet
transform to classify states into flooded and non-flooded states
[9] proposed an on-board EIS based diagnosis approach, using
voltage and current signals and optimized estimation procedures.
Two estimation methods have been tested: continuous wavelet
transformation (CWT) and stochastic Bayesian filtering. In the latter
case, on-line estimation of waveforms parameters allowed for the
impedance estimation using an Extended Kalman filter, which led
to an efficient approach, suitable for noise rejection. It emerged
from these studies that easy to implement and computationally
efficient methodologies are mandatory for the development of
powerful online strategies. Nonetheless, most of those methods
and algorithms have limitations. Polarization curves require quasi-
steady state experiments, and are unsuited to isolate the faults [3].
On the contrary, the features or signature of impedance spectra
allow flooding and drying faults isolation, but valid EIS measure-
ments require linearity, causality, stability and finiteness [5]. FFT
has poor performance on transitory signals [10]. For non-stationary
signals, Short Time Fourier Transform (STFT) is efficient, provided
that the signals have uniform energy distribution within an
analyzing window [11]. And concerning WT, reliability strongly
depends on the selection of mother wavelets [12].

In this paper, a novel diagnosis approach based on Empirical
Mode decomposition (EMD) is developed to diagnose flooding and
drying faults. EMD has proved to be a powerful tool to analyze non-
stationary signals. Besides, it does not require predetermined set of
functions since it derives the basis functions from the original
signal, which makes it adaptive in nature. The proposed approach
has been designed to fulfill online diagnosis requirements. Indeed,
the diagnosis is performed on-line on a sliding window using the
PEMFC output voltage as the only measurement. Besides, contrary
to some widespread diagnosis methods such as EIS-based ap-
proaches, the proposed method does not require any excitation
signal or stabilization period. Therefore, the fuel cell remains
continuously available to the user, evenwhile the diagnosis is being
performed. Technically and economically this method presents
significant advantages in comparison to previously cited works
since it is easy to implement, relies on a reduced number of
required measurements and has a low computational cost.

This paper is organized as follows. The experimental setup is
presented in Section 2. The third section describes the EMD-based
diagnosis method. Experimental diagnosis results are given in
section four. Section five addresses short-term prospects for EMD
applications.
2. Experimental description

2.1. Fuel cell experimental setup

Validation tests are carried out on an experimental unit con-
sisting of a single-cell, various monitoring and control devices, and
a programmable electronic load (Fig. 1). The diagnosis method is
tested using a 50 W single cell, made of a 50 cm2 active area
membrane-electrode assembly (MEA) commercialized by Paxitech.
The MEA consists of an electrolyte membrane enclosed between
two electrodes and two bipolar plates. The membrane is a solid
polymer film of 125 mm thickness (Dupont Nafion 115). Each elec-
trode is constituted by a carbon felt diffusion layer and a Pt-doped
carbon black catalyst layer. Each bipolar plate, made of graphite,
includes a 4-Serpentine flow channel.

The Supervisory Control and Data Acquisition (SCDA) system,
integrated by Fuel Cell Technologies (FCT), is controlled through a
proprietary GUI (graphical user interface) composed of a set of
modular virtual instruments (VI) implemented with Labview
graphical software tool. This makes the experimental unit a flexible
environment, allowing to perform a wide range of tests based on
various configuration settings:



Fig. 1. Simplified process and instrumentation diagram of the system.
- fuel cell temperature, measured at cathode side,
- humidification temperatures, at the anode and cathode,
- inlet gas temperatures and mass flows, at the anode and
cathode,

- and outlet back-pressures, at the anode and cathode.

In this work, pure hydrogen and air are used as fuel and oxidant,
respectively.

The experimental setup, including the fuel cell system and the
supervisory control and data acquisition system, is fully detailed in
Refs. [13,14].
2.2. Considered faults

The performance and durability of a fuel cell system strongly
depend on both the reliability of coupled devices and numerous
ancillaries, and the operating conditions, governed by multi-
physics and multi-scale transport processes. Inappropriate oper-
ating conditions, and devices or ancillaries failures result in several
faults [15], which most often lead to productivity, performance and
reliability losses. As regards PEMFCs, water management is of vital
importance [16]. Performance and reliability require a proper water
balance in the cells. Without going into too much detail, liquid
water in the channels and membrane dehydration, respectively
leading to flooding and drying faults, may result from operating
conditions, design and/or material [5,17,18]. In this study, healthy,
flooding and drying experiments are carried out through operating
conditions control.

The FC hydration level is strongly correlated to operating con-
ditions, as cell temperature (Tcell), gas flow rates, anodic/cathotodic
gas relative humidity levels (RHa/c), anodic/cathotodic outlet gas
pressures (Pa/c) and current density. The influences of these pa-
rameters on the FC hydration have been widely investigated in the
literature [19,20].

In this study, five parameters: anodic/cathodic relative humid-
ity, cell temperature and air/hydrogen stoichiometry rates are
selected and configured with the purpose of introducing flooding
and drying out operating conditions into the stack.
Parameter values used in the sequel have been experimentally
determined through trial and error method in order to ensure that
healthy, flooding and drying states are reached. Healthy operating
conditions are defined as follow: FC temperature is set at 70 �C,
anode and cathode pressures at 300 kPa, anode and cathode gases
relative humidity at 80%, hydrogen excess ratio at 2, and oxygen
excess ratio at 5. Applying low oxygen excess ratio and high RH,
respectively 2 and 100%, performs accelerated flooding experiment,
and setting high oxygen excess ratio and low RH, respectively 7 and
50%, induces drying out experiment.

3. EMD-based diagnosis approach

In the following, a novel on-line diagnosis approach using the
empirical mode decomposition (EMD) is presented to detect and
isolate drying and flooding faults. Introduced by Ref. [21], EMD is an
empirical, intuitive, direct and adaptive signal processing method,
without pre-determined basis functions. Applied in numerous
fields, from noise reduction [22] and fault diagnosis in bearings [23]
to meteorology [24] and geosciences [25], this technique enables
decomposing a non-periodic and non-stationary signal into a
number of Intrinsic Mode Functions (IMFs). In this work, according
to on-line implementation objectives, the decomposition is per-
formed on a sliding window of 60 s with a sampling rate of 1 kHz.

3.1. Empirical mode decomposition principle

Let s(t) be an oscillatory signal. As a starting point of its
decomposition, oscillations are considered, at a local level, as the
sum of a specified number of high and low frequency contributions
called Intrinsic Mode Functions (IMFs). IMFs represent the natural
oscillatory mode embedded in the signal and work as the basis
functions, which makes EMD a self-adaptive method. According to
the definition given by Ref. [21], an IMF should fulfill the following
two conditions:

a. for a data set, the number of extrema and the number of zero-
crossings must either be equal or differ at most by one.



b. at any point, the mean value of the envelope defined by the local
maxima and the envelope defined by the local minima is close to
zero.

The algorithm for extracting the IMFs from the original signal
s(t) consists in the following steps:

1. identification of the local maxima and minima of s(t) (peaks and
troughs), and interpolation of these maxima and minima to
generate u(t) and l(t), respectively the upper and the lower en-
velopes of s(t),

2. computation of a mean signal m(t), average of u(t) and l(t),
subtraction of m(t) from s(t) to get a component h1(t) ¼ s(t) e
m(t),

3. if h1(t) verified IMF conditions then h1(t) is defined as the first
component of s(t),

4. if h1(t) is not an IMF, it's treated as the original signal and steps 1.
to 3. are repeated to find the first IMF; after k iterations the
component h1k(t) ¼ h1(k�1)(t) e m1k(t) becomes the first IMF
imf1(t),

4. separation of imf1(t) from the original signal to get the residue
r1(t) ¼ s(t) e imf1(t),

5. processing the residue r1(t) as an original signal and repetition
of the steps 1. to 4. to obtain the second IMFs.

The above procedure is repeated n times and such n IMFs are
obtained. The stopping criterion for the decomposition process is
when rn(t) becomes a monotonic function fromwhich no more IMF
can be extracted. At the end, the original signal can be recon-
structed by a linear combination of the IMFs and the final residual
term rn(t):

sðtÞ ¼
Xn
i¼1

ðimfiðtÞÞ þ rnðtÞ (1)

The successive IMFs include signal components from different
frequency bands ranging from high to low frequency. Note that the
number of IMFs depends on the original signal.
Fig. 2. Feature extraction perfor
3.2. EMD-based diagnosis design

The proposed diagnosis tool is based on the computation of the
energy of each IMFs to quantifying its contribution to the overall
energy.
3.2.1. Feature extraction
The proposed methodology initially extracts feature from

voltage measurements using EMD. The feature extraction method
relies on the calculation of the energy contributions of the different
IMFs:

1. Calculation of the energy of each IMF:

Ei ¼
Zþ∞

�∞

jimfiðtÞj2dt (2)

2. Calculation of the total energy:

E ¼
Xn
i¼1

Ei (3)

3. Construction of the feature vector:

�
E1
E
;
E2
E
;/;

En
E

�
¼ ½H1;H2;/;Hn� (4)

where Ei and Hi denote the energy and the energy contribution of
the ith IMF, and n is the total number of IMFs. In this study, to
achieve on-line implementation, the feature extraction is per-
formed on a sliding window of 60 s (Cf. Fig. 2).
med on a sliding window.



Using the EMD, fourteen intrinsic mode functions can be
extracted from the output cell voltage. Fig. 3 shows the 14 IMFs
obtained by the EMD of the output voltage of a healthy FC, obtained
under nominal operating conditions.
3.2.2. Feature selection
Through this step, the dimension of the feature space is

determined in order to find a satisfactory balance between the
informative feature number and the computing effort for real-time
implementation. In this study, the feature selection is based on
experimental observations and expertise knowledge. A compari-
son of the different energy levels exhibits the predominance of
specific modes under nominal, flooded and dried conditions.
Specifically, the first and ninth IMFs turned out to be very corre-
lated to the drying and flooding states, respectively. These obser-
vations are consistent with literature review. Indeed, flooding
phenomenon only affects the low frequency loop of the imped-
ance spectrum, which is associated to the mass transport process.
Whereas the effects of drying-out phenomenon can also be
observed on the high frequency loop associated with the charge
transfer process [5,26 and 27]. Regarding on-line implementation
objective, only the first and the ninth IMFs are used in the diag-
nosis approach.
3.2.3. Diagnostic rules
Detection and isolation of nominal, flooding and drying states

are performed using the energetic contribution of the first and the
ninth IMFs, H1 and H9 respectively:
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The overall EMD-based diagnosis approach is presented in Fig. 4.
First, the fourteen IMFs are extracted on a sliding window of 60 s

with a sampling rate of 1 kHz. Then, energy contributions of the
first and ninth modes are calculated. Eventually, the state of health
of the PEM is determined based on the diagnostic rules (Cf. Fig. 4).
This procedure is repeated every five seconds to determine the
PEMFC state of heath.

4. Experimental results

The performance of the proposed diagnosis method in terms of
accuracy and computational cost are assessed on 861 labeled test
samples, obtained under different operated conditions. The EMD-
based diagnosis method, implemented in Matlab® environment, is
applied on 861 windows of 60 s. The sample numbers in healthy
state, flooding state and drying state are 407, 166 and 288,
respectively. In the following, the Drying Threshold DT, deter-
mined empirically based on experimental observations, is set to
15%.
0 10 20 30 40 50 60
−5

0

5
x 10

IM
F

 8

0 10 20 30 40 50 60
−5

0

5
x 10

IM
F

 9

0 10 20 30 40 50 60
−1

0

1
x 10

IM
F

 1
0

0 10 20 30 40 50 60
−5

0

5
x 10

IM
F

 1
1

0 10 20 30 40 50 60
−1

0

1
x 10

IM
F

 1
2

0 10 20 30 40 50 60
−2

0

2
x 10

IM
F

 1
3

0 10 20 30 40 50 60
−1

0

1
x 10

IM
F

 1
4

0 10 20 30 40 50 60
0.745

0.75

0.755

R
es

id
ue

Time (s)

ll output voltage.



Fig. 4. Flow chart of the proposed EMD-based diagnosis strategy.

Table 1
Confusion matrix of the test data.

Diagnosed class

Healthy Flooding Drying

Actual class
Healthy 0.9754 0.0172 0.0074
Flooding 0 1 0
Drying 0.0069 0 0.9931
4.1. Diagnosis accuracy

The proposed EMD-based diagnosis method demonstrates
highly satisfactory classification performance. Over the 861 test
samples only 12 points have been miss-classified, which leads to a
global diagnosis accuracy of 98.6%.

To analyze these miss-classified points the confusion matrix of
the test data are presented in Table 1. Each row represents diag-
nosed distribution of the data in an actual class.

Miss-classification mostly happens in the healthy class. Specif-
ically, over the 407 samples corresponding to “healthy”, seven are
classified to the Flooding class and three to the Drying one.
However, it is important to emphasis that from experimental ob-
servations it is turned out that most of thesemiss-classifications are



located in the transition zone between the healthy state and the
flooding or drying state.

4.2. Computational costs

The computational cost includes measurement and algorithm
computation time. This aspect is a key issue since for some diag-
nosis tools, such as most EIS-based diagnosis methods [28], during
the time that the diagnosis is performed the fuel cell becomes
unavailable for the user. These methods rely on an excitation
signal that required a stabilization period and a measurement
duration. This could be a critical limitation for some applications
such as transport. In the proposed EMD-based approach, the fuel
cell remains available all the time, even while the diagnosis is
being performed. Indeed, the diagnosis is based directly on cell
voltage measurements and does not require any specific excitation
signals. Moreover, since EMD can cope with non-stationary signals
and transient phenomena no stabilization period is needed. The
algorithm computational time efficiency is assessed using the
mean computational time (MCT) and the maximal computational
time (CT∞), which is the worst case in terms of computational
time:

MCT ¼
Pn

i¼1 CTi
n

(5)

CT∞ ¼ maxni¼1ðCTiÞ (6)

where n is the number of trials and CTi the time required to perform
the diagnosis at time t ¼ i.

The EMD-based diagnosis approach is performed in a PC
(CPU@2.7GHz, RAM@32Go, Matlab environment) and its compu-
tational time efficiency is evaluated on the 861 samples. With a
mean computational time of 0.860 s and a maximal computational
time of 0.935 s, the proposed approach is perfectly suitable for on-
line application.

5. Conclusions

In this study, a novel signal-based fault diagnosis approach has
been developed to determine the state of heath of a PEMFC. This
approach, based on empirical mode decomposition (EMD), only
requires FC output voltage. First, the output voltage is decomposed
in fourteen intrinsic mode functions (IMFs). Second, the energy of
each IMFs is computed to quantifying its contribution to the overall
energy. Eventually, the fault detection and isolation (FDI) of nom-
inal, flooding and drying states are performed using only two
specifics IMFs, which are the first and the ninth.

Performance of this EMD-based diagnosis approach in terms of
accuracy and computational time has been experimentally assessed
on a real fuel cell. In this aim, various flooding and drying scenarios
have been induced. Experimental results shown that flooding and
drying faults have been successfully detected from the cell voltage
and isolated from the comparison of the energy contribution of the
first and the ninth IMFs. Indeed, the EMD-based method has
demonstrated high classification performance with global diag-
nosis accuracy higher than 98%. Besides, unlike widespread diag-
nosis approaches such as EIS-based methods, the EMD-based
approach does not require any excitation signal or stabilization
period. Together with a low computational cost that makes it
perfectly suitable for transport applications.

Reliant on a single online measurement, which avoids costly
instrumentation, and combining lowcomputational cost, this EMD-
based fault diagnosis approach appears to be an excellent candidate
for online diagnosis applications.
Further works are currently in progress to extend the range of
applicability of this method, especially its application to other type
of faults, such as CO poisoning.
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