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Titre : Contribution a I'étude du diagnostic du vieillissement d'une pile a combustible
PEMFC

Reésumé : En faveur des faibles émissions et du haut rendement de la pile a combustible, la pile
a combustible est considérée comme un dispositif d'alimentation de nouvelle génération dans
les villes intelligentes et la mobilité durable. Les piles @ combustible convertissent I'énergie
chimique stockée dans les combustibles en électricité de maniere électrochimique. Un
diagnostic adapté est nécessaire pour identifier les différents défauts pouvant survenir dans les
systemes de pile a combustible. La question de la gestion de I'eau est particulierement
importante dans la pile a combustible. Le r6le du circuit d’humidification est d'humidifier les
gaz entrant dans la pile a combustible, généralement a partir de I'eau produite par la pile,
récupérée au moyen d'un condenseur. Le séchage ou le surmouillage de la membrane diminue
la production d'énergie électrique et limite la durée de vie de la pile a combustible. Pour assurer
un bon fonctionnement (rendement, sécurité de la pile a combustible, temps de réponse,
contraintes mécaniques, etc.), il est nécessaire de disposer d'un systéeme de contréle global qui
agit sur la compréhension, la détection, le diagnostic et I'isolement de chacun de ces modes de
défaillance dans la pile a combustible. Ce travail se concentre sur la recherche d'une méthode
appropriée, efficace et facile a utiliser, pour éviter les erreurs fréquentes qui sont présentées par
le mauvais écoulement de l'eau & l'intérieur de la pile & combustible pendant son
fonctionnement. Cette étude a démontré que I'numidité relative passée et présente est en
corrélation avec les parametres de spectroscopie d'impédance électrochimique, et un modéle de
contrdle de réseau de neurones artificiels est efficace dans I'estimation de la santé des piles a
combustible et le diagnostic des problémes liés a la gestion de l'eau qui entrainent une
détérioration des performances et de la durabilité. Les méthodes présentées dans cette étude
offrent de nombreux avantages par rapport a d'autres techniques qui nécessitent un grand
nombre de bases de données et d'instruments, et cela justifié par I'analyse en termes de pronostic
précis rapide, rapide a mettre en ceuvre et a faible cott.

Mots clés : Piles a combustible a membrane échangeuse de protons (PEMFC), Réseau de
neurones artificiels, Etat de santé (SOH), Intelligence artificielle (1A).
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Title : Contribution to the study of the diagnosis of the aging of a PEM fuel cell.

Abstract :

In favor low emissions and high efficiency of fuel cell (FC), Fuel cell is regarded as next
generation power devices in smart cities and sustainable mobility. Fuel cells convert the chem-
ical energy stored in fuels to electricity in an electrochemically way. A suitable diagnostic is
required to identify the different faults that may occur in fuel cell systems. The water man-
agement issue is particularly important in PEMFC. The role of the humidification circuit is to
humidify the gases entering the fuel cell, generally from the water produced by the cell, recov-
ered by means of a condenser. Drying or overwetting the membrane decreases electrical energy
production and limits FC life. To ensure proper operation (yield, FC safety, response time,
mechanical constraints, etc.), it is necessary to have a global control system that acts on under-
standing, detection, diagnosis and isolation of each of these failure modes in the PEMFC. This
work focuses in finding a suitable, effective, and easy to use method, to avoid the frequent mis-
takes that are presented by the poor flow of water inside the fuel cell during its operation.This
study demonstrated that past and present relative humidity correlates with the electrochemical
impedance spectroscopy parameters (EIS ), and an ANN control model is effective in health
estimation of PEMFC and diagnosing water management related problems that cause perfor-
mance deterioration, durability. The presented methods in this study provides many advantages
compared to other techniques that require a large number of database and instruments, and this

justified by the analysis in term of fast accurate prognostic, quick to implement and low cost.

Key words : Proton exchange membrane fuel cells (PEMFC), Artificial neural network, State
of health (SOH), Artificial intelligence (Al).
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Glossary of Important Terms

ANN: Artificial neuron network

bi: bias vector of neural network identifier
CPE: Constant Phase Elements

D: Diffusion coefficient

F: Faraday constant (Asmol *(1))
FCOV: Fuel cell output voltage

N: Number of electrons

Q: Parameter of the CPE

qwin: Molar flow air in the inlet (mol/s)
R: Perfect gas constant (Jmol Dk _(1))
Rd: Electrical resistance [Ohm]

RH: Relative humidity

Rm: Membrane resistance [Ohm]

Rp: Polarisation resistance [Ohm]

S: Active area (m?)

T: Temperature (K)

tm: Membrane thickness (m)

u: Equation of hidden layer’s input

V cel: Cell voltage (V)

W: Weights of ANN output layer

Z.: Fuel cell impedance [Ohm]

ZCPE: CPE impedance

Zw: Warburg impedance [Ohm]

SVM: Support Vector Machines

XVi



v' o: Power of the CPE
v 0: Diffusion layer width (m)
v' 74: The time constant of diffusion (s)
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Chapter 1

General Introduction



1.1. INTRODUCTION

1.1 Introduction

No alternative fuel today meets public acceptance for competing with traditional fossil fuels,
which have benefited from nearly a century of continuous improvement by the oil industry. Cur-
rently, the energy crisis and the increase in the level of pollution are major problems worldwide.
New renewable and clean energy sources must, therefore, be considered and this will be one of
the eminent challenges in these years, both economically and environmentally [13].

Soon, fuel cell technology will be considered as a renewable primary energy source. The
fuel cell will generate electrical energy from hydrogen; this is why it has become one of the
key energy converters for the future, whether for stationary and on-board applications (laptops,
cars, buses, planes, scooters, boats, and submarines) [14].

There are various types of fuel cells which are classified based on the nature of the elec-
trolyte and/or the operating temperature. Among these categories of the fuel cell, we find PEM
(Polymer Exchange Membrane) fuel cell. The electrolyte (i.e. polymer membrane) allows the
transport of protons to the cathode side from the anode side. The electrons, meanwhile, move
inside external load, thereby producing useful electrical power.

Currently, many researchers revolve around augmenting the service life and understanding
the aging mechanisms in a fuel cell system, e.g. modifying air flow rate, humidifying gases,
etc. to confirm the proper functioning of the PEMFC. Therefore, the diagnosis of PEMFC (i.e.
the technique of detection and identification of faults) are treated essentially in the literature,
for instance, the works in [15, 16, 17, 18, 19].

The fuel cell must operate under conditions where the speed of evaporation and evacuation
of water is slower than its production’s speed to keep the membrane hydrated. Some oper-
ating conditions applied to the fuel cell may lead to produce two types of antagonistic faults
(drowning and drying).

Generally, the detected faults are linked to the management of water in the membrane [20,
21, 22, 23]. Among the most used methods for characterization is electrochemical impedance
spectroscopy (EIS). This method is employed to measure the value of the electrical resistance
or for monitoring degradation [24, 12, 25, 26, 27]. During each degradation phase, EIS can be
carried out to characterize the impedance and describe its evolution of the parameters in order
to allow differencing between drying and flooding.

There are a significant amount of methodological approaches to identify and diagnose a
fuel cell system, which can be classified into five families, i.e. semi-empirical models, knowl-
edge models, black-box models, empirical approaches, and finally information processing tech-
niques.

These methodologies can be normally divided into two groups: so-called static methods or
so-called dynamic methods. The static approach is particularly interesting to make a techno-

logical choice concerning like the catalyst or to size components of the cell). While, dynamic
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methods are preferable when one wishes to analyze transient phenomena such as a sudden

change of a set point or a parameter.

1.2 Goals of this Thesis

The proton exchange membrane (PEM) fuel cell has attracted much attention due to its high ef-
ficiency and environmental friendliness, of which the only reaction product is water. Water state
and transport always have a significant effect on the output characteristics and reliability of the
fuel cell under various conditions (e.g. cold start and normal operation). PEM fuel cell failure
modes’ diagnosis (flooding & drying) is very important to the normal operation of the PEMFC,
since dehydration hinders the proton delivery in the membrane and thereby the performance
will be limited. In addition, the water accumulation is generally lead to the flooding inside the

fuel cell, this flooding might prevent the reactant transport and result in the gas starvation.

PEM fuel cell diagnosis has been extensively adopted in the literature primarily thanks to
straightforwardness in easy identification of water state in fuel cell. The State of Health and
the service life of fuel cells are related to the fault diagnosis strategy of the PEMFC system.
The existing PEM fuel cell diagnosis methods can normally be grouped into five classes: semi-
empirical, empirical, physical, analytical and the black-box models.

The semi-empirical, empirical, physical, analytical-based diagnosis techniques are remark-
ably affected by several factors. For instance, computationally expensive, the need for experi-
mental and invasive instrumentation, large number of characteristic quantities, slowness of the
temporal resolution [5], inserting the sensors into the PEMFC stack changes its intrinsic behav-
1or which makes difficulties to distinguish between the effect of the fault and presence of this
sensor. One of the potential solutions to vanquish these drawbacks is developing new schemes
that should accurately and efficiently distinguish normal and different degrees of two typical

fault states (flooding and drying) of the stack.

To this end, in this doctoral thesis, we suggest to deploy Artificial Intelligence for water
management failure in PEMFC that it directly affects the durability and stability of fuel cells.
The main idea behind using ANNs for PEMFC diagnostic is that neural network approach
presents a high sensitivity to identify the parameters of the Randles model and capable to predict
response of voltage under a sudden change in relative humidity.

The benefit of this work is summed up in the demonstration of the existence in a simple
way that helps to define the state of health of the fuel cell by contributing to obtaining a good

diagnosis without the need for expensive equipment.
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1.3 Thesis organisation

The thesis is organised as follows. Chapter 2 discusses the basic issues of PEMFC (Fondamen-
tals, materials and applications). Chapter 3 reports recent advances in PEM fuel cell diagnosis,
i.e. the accomplishments and the challenges. Artificial intelligence technologies based pro-
posed method for PEMFC diagnosis are described in chapter 4. In chapter 5, we experimentally
evaluate the performance of the proposed artificial neural network model based PEMFC diagno-
sis framework. Concluding remarks, contribution and possible future directions of this research

are eventually discussed in Chapter 6
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PEMFC (Fondamentals, materials and

applications)



2.1. INTRODUCTION

2.1 Introduction

Fuel cells (FC) are converters of chemical energy into electrical energy and heat. There are
several types classified according to the nature of the electrolyte and/or the operating temper-
ature. Among the different types of fuel cell, there are proton exchange membrane fuel cells,
called PEMFC (Polymer Electrolyte Membrane Fuel Cell or Proton Exchange Membrane Fuel
Cell) on which we will focus on. This chapter provides the literature review of fuel cell tech-
niques (i.e. the necessary elements and the operation of the fuel cell as well as the deferent

degradations).

2.2 Description of a PEMFC elementary cell

2.2.1 The elementary cell (The heart of the fuel cell)

Polymer Exchange Membrane Fuel Cell (PEMFC) represent an alternative energy conversion
for stationary and automotive applications, where the electrolyte (i.e. polymer membrane) al-
lows the transport of protons to the cathode side from the anode side. The electrons, meanwhile,
move inside external load, thereby producing useful electrical power [28]. The overall electro-

chemical reaction occurring throughout the PEMFC is defined as follows 2.1:

O, +2H, — 2H,0 + energy + Heat 2.1)

The enthalpy energy of the reaction can be calculated using Hess’s law Eq. 2.2. Under

standard conditions of pressure and temperature (1Bar and 298K or 25 ° C):

ArH =Y VAH; (2.2)

The electrochemical reaction decomposed by the oxidize of hydrogen and the reduce of

oxygen as the following half reactions 2.3, 2.4:

Hy — 2H," +2e™ (Anode) (2.3)

Oy +4H™" +4e~ — HyO(Cathode) (2.4)
The membrane passes the protons to the cathode side; whilst, the electrons conducts inside

external load to the cathode side, this process is displayed in Figure 2.1.

e Electrolyte membrane The thickness of the electrolyte mombran is about ten micrometers

(from 20 to 200 ?m as a general rule). A low water content decreases the ionic conductivity and
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Fig. 2.1 Overview of a PEFC single cell with highlighted microscopic images of the GDL and
CL, illustrations of the electrolyte, TPBs and flow plates and a graphical representation of the
ionic and electronic transport across the cell.
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increases its gas permeability. On the other hand, too high water contents can cause mechanical

stresses due to the swelling of the membrane [29, 30].

e Catalyst layer The membrane is placed between two electrodes which constitute the cata-
lyst layer (CL), seat of the oxidation-reduction half-reactions. The two active layers associated
with the membrane constitute the Membrane Electrodes Assembly (MEA) [31].

e Gas diffusion layer (GDL) The AME, which is the heart of the PEMFC, is sandwiched
between two gas diffusion layers (GDL for Gas Diffusion Layer) [32]. The diffusion layer
provides several functions: (1) serves to supply reactants (H2 and O2/air to the anode and cath-
ode respectively), (i1) provides electrical conduction between the bipolar plates and the active
areas, (iii) evacuates the heat produced in the electrodes (resulting from reactions and ohmic
losses), (iv) evacuates the water produced at the cathode towards the channel far from the elec-
trodes, in order to prevent their flooding and drying (v) provide mechanical support for the MEA
[33, 34, 35].

e Bipolar plates The external fluidic circuits are connected to the cell at the terminal plates
and the reactant gases are distributed to the MEA on the surface of the bipolar plates via chan-
nels etched on them. Moreover, the low weight and high performance are important for manu-

facturing high-volume plats to be practical in industrial applications.

2.2.2 Transport mechanisms of ions and electrons

The two reactions on the anodic and cathodic side break down into several stages: the transport
of the reactants towards the surface of the electrode, their adsorption on the surface of the
catalyst, then, the catalyst accompanies the dissociation of molecules and the release/acceptance
of protons and electrons. Finally, ionic transport is ensured by the membrane and electronic
transport by the external circuit [36]. The membrane passes the protons to the cathode side;
whilst, the electrons conducts inside external load to the cathode side, this process is displayed

in Figure 2.2.

2.3 Sizing a PEMFC stack

To design the fuel cell corresponding to the book of terms of a given project, the designer has
two degrees of freedom: The number N of the fuel cells placed in series and the surface A of a
cell.

The stack’s gross electrical power is calculated using the following relationship 2.5:
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Channels

Membrane
Anode reaction
Hy—*2H'+2¢

CP(Carbon Paper) _ Catalyst Layer | Cathode reaction
03*4H"'4e _’H)o

Water+ Heat

Fig. 2.2 Basic PEM Fuel Cell process

Psr = Vi Iy = N.V.J.A, (2.5)

Where Py is gross electrical power of the stack (W), N is the number of stack cells, V is
Voltage per cell (V), J is the current density A/ m? and A; is the active cell area m? [37, 38].
It is advantageous to have the highest voltage V,; and therefore the lowest possible current

I;; because this limits the joule losses in the fuel cell.

2.4 Different types of fuel cells

The fuel cell applications can be categorized into three main areas (stationary, portable, and
transportation power generation), which is why there are many types of fuel cells categorized
by the features of each type as shown in Table 2.1 [9].The name of each fuel cell is directly
related to the nature of the electrolyte.

2.5 PEMFC system

The overall system (core cell and auxiliaries) is called the fuel cell system. The auxiliaries of a
fuel cell consume a significant part of the energy produced by it, thus causing the degradation

of the efficiency of the system as shown in figure 2.3 [1]:
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Table 2.1 Fuel cell types.
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M Electrical power available.

B Air supply circuit.

® Humidification circuit.
Cooling system.

m Hydrogen supply circuit.

Fig. 2.3 Division of electricity consumption in a fuel cell system. [1]

2.5.1 Hydrogen supply circuit

The gas is stored in a tank at pressures ranging from 300 bar to 700 bar. In order to satisfy the
pressure conditions at the fuel cell inlet (up to 3 bar), it is necessary to add a pressure reducer

between the storage and the fuel cell.

2.5.2 Cooling system

For low powers, a fan can be made which can be the same as the one supplying the cell with
air. In the case of higher power batteries, cooling plates are therefore inserted between the
elementary cells of the stack and its temperature is thus regulated thanks to the flow rate of the

fluid circulating in an independent circuit.

2.5.3 Humidification circuit

The role of the humidification circuit is to humidify the gases entering the cell, generally from
the water produced by the cell, recovered by means of a condenser. Drying or over-wetting the

membrane decreases electrical energy production and limits battery life.

2.5.4 Control system

To ensure proper operation (yield, battery safety, response time, mechanical constraints, etc.),

it is necessary to have a global control system that acts on the various interacting subsystems:

v’ Control of static converters for energy management.

11
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v Control of the gas flow rate and the motor-compressor unit.
v Control of the water pump and the fan necessary for cooling.

v'Humidifier temperature control.

2.5.5 Air supply circuit

In the case of terrestrial, stationary or on-board applications, the fuel cells are mainly supplied
with air. The air supply to the cell is ensured according to the required pressure level. The

efficient processes of air supply are discussed in Figure 2.4.

fuel cell under atmospheric pressure

Fig. 2.4 Different methods of supplying air to PEMFC.

2.6 Principle of operation of an elementary cell

2.6.1 Thermodynamics

The two electrochemical reactions governing the operation of a fuel cell occur at the mem-

brane/electrode interface. The electrochemical reaction decomposed by the oxidize of hydrogen

12
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and the reduce of oxygen as the following halfreactions 2.6, 2.7:

e On the anode side:
Hr, —2H, " +2e~ (2.6)

e On the cathode side:
O, +4H" +4e~ — H,O (2.7)

e The oxidation-reduction equation:
0,+2H, —2H,0 (2.8)

The energy enthalpy of the reaction which can be calculated using Hess’s law under standard

conditions 2.2; In the case of water formation 2.9:

ArH = —AH (H;)gaz — (1/2)AH (0,)gaz + AH (H,0)liquide

(2.9)
ArH = —285.83[K j.mol ]

The equilibrium voltage is calculated using Nernst’s law and it defines the open circuit

voltage according to the gas concentrations 2.10.

Pio /2P,
Emax = E oy o) + RY [ 202 " Fl) (2.10)
| 2F a(H,0)

Where:

e Eex,max =(—ArG/2F) = 1.2[V].

e ArG (Gibbs free energy or Gibbs energy)=-237.2 [kJ . mol-1].
e [’ (Faraday constant)= 96485 C/mol.

e PO,,PH,; : are the relative pressures of gases.

e a(H,0): water activity.

o T: the temperature.

e R: the perfect gas constant (8.314 J/mol.K).

2.6.2 Polarization curve (Operating point)
2.6.2.1 Principle

The actual cell potential is decreased from the ideal potential due to several types of irreversible
losses [39], as shown in Figure 2.5 [2]. Because of these different irreversibilities, the polar-

ization curve of a fuel cell (cell voltage as a function of current density) exhibits a non-linear

13
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electrochemical behavior [40, 41, 42]. This characteristic is called the law of polarization and

is generally described by the following relation 2.11:

. . RT _(j\ RT j
V(j)=E—Ryj— ——=In| =~ ) ———In(1 — — 2.11
D =E-Roj (4] ~ - ) @1

where:

e Ry: the surface resistance of the AME (Q.m?).
e j: the current density (A/m?).

e a: the charge transfer coefficient.

e n: the number of electrons exchanged.

e jo: the exchange current density (A/m?).

e ji: the limit current density (A/m?).

1.3
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Fig. 2.5 Typical polarization curve of a PEMFC.[2]

2.6.2.2 Dynamic plotting of voltage-current curves

”Dynamic” reading, by current sweeping of high amplitude, at low frequencies, makes it possi-
ble to obtain very good results, with more information than point-to-point reading. Here, time,
current and voltage information are thus retrieved, in much greater values than the traditional
reading.

Compared to the point-to-point survey, this method allows a fairly easy reproducibility of

14
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the tests and is much less dependent on the user. It also allows to obtain a very large number of
points.

The notable difference between the point-to-point reading and the dynamic plotting is the
time spent at each current value. In the case of the point-to-point survey, each point was sur-
veyed by varying the current, then waiting for a stabilization time. In the case of dynamic
tracing, the current only evolves on principle.

As shown in Figure 2.6 , the pressure was automatically regulated to 2bar and the H2 and
02 flows were set to satisfy the max current. The pressure and flow conditions were the same

for the manual reading or current sweep reading tests [37].
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Fig. 2.6 The sinusoidal current sweep at 10 mHz and the Comparison of the VI curves of a
point-to-point reading "by hand” and that obtained by Monocell sweep supplied with H, | O,.

2.6.3 Performance of the PEMFC

The maximum theoretical efficiency of the stack (without losses) is given by nex,max 2.12:
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Nexmax = (ArG/ArH) = (228.2/285.82) = 0.79 or : 80%. (2.12)

The actual total electrical efficiency 2.13 [43]:

nreal,total = Nex,max X nex,elec X nfarad X Nmar X TMsys

Nex.elec (the electrical exergy efficiency) = Epes/Epax = 0.7/Epax = 60% (2.13)
Nfarad (the faradical yield) = Nfaraa = Ines/Itheo = Imes/ (2FDv/VmN)

where:

Dy is the hydrogen flow in [ /s; Vm the molar volume of hydrogen in //mol and N the number
of cells.

nmat (The material yield)= 95%.

nsys (the system efficiency) takes into account the energy required for the pre-conditioning,

humidification and compression of the reagents as well as for the control electronics.

2.7 State of the art of possible failures in the PEMFC

The PEMFC failure modes fall into two categories, depending on whether they are caused by
internal or external causes associated to abnormal operating conditions. The internal causes
stem from the operation of the cell itself: irreversible degradation due to aging, malfunctioning
of water management, etc. The external causes are due to the pollutants brought into the cell,
in particular by gases, in this case we will talk about poisoning. In order to achieve optimal
efficiency, it is necessary to understand, detect, diagnose and isolate each of these failure modes
in the PEMFC.

2.7.1 Reversible degradation
2.7.1.1 Flooding and drying out of a fuel cell

It’s well known that fuel cell produces water when it delivers a current. The produced water
is generally too much and therfore it will slow the diffusion of gases and distribute them well
over the diffusion layers. Here, water management issue is particularly important in PEMFC
[44, 45].

v Flooding of the electrodes (active and diffusion layers)
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x Causes that can be combined:
e Gas flow too low to evacuate water.
e Operating temperature too low.

e Reactive gases too humidified.

e Loss of the hydrophobic character (provided by the addition of Teflon) of the electrode.

x Consequences : One of the most complex failures in diagnosis is the flood condition.
When the reactive gases find it difficult to diffuse to the reactive sites, this failure results in a
sudden voltage drop as shown in Figure 2.7 [46].
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Fig. 2.7 Voltage drop after RH is increased (during flooding ).

v/ Canal congestion

* Causes that can be combined:
e Electrode clogging.
e Gas flow too low to evacuate water.
e Purges do not take place.

e More problematic is poor channel design.

x Consequences : The reactive gases can no longer diffuse towards the reactive sites.

17



2.7. STATE OF THE ART OF POSSIBLE FAILURES IN THE PEMFC

v" Dehydration of the membrane and the catalytic layers

* Causes that can be combined:
e Gas flow too high.
e Insufficiently humidified reactive gases.

e Operating temperature too high.

x Consequences :
e Decreased proton conductivity (increased electrical conduction losses).
e Retraction of the membrane.
e Decrease and lack of water.

e Rupture of the membrane.

2.7.1.2 Malfunction of the gas supply to the electrodes

x Causes that can be combined:
e Engorgement.
e Gas supply fault.

e Gradual inerting of the electrode.

x Consequences :
e The risk is to consume the water in the membrane if the phenomenon continues.

e The cell functions as an oxygen pump, producing O, on the anode side and this can

potentially be dangerous when resupplying with H>.

e The cell then functions as a ”hydrogen pump”, producing H, on the cathode side and this
can be dangerous when resupplied with O, fig 2.8 [47].

18
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Fig. 2.8 Power supply malfunction. (a) Depletion of H, at the anode. (b) Depletion of O, at
the cathode.

2.7.2 TIrreversible degradation
2.7.2.1 Corrosion of carbon support catalyst

Carbon corrosion often occurs at the cathode depending on the reaction equation 2.14:

C+07—COy (2.14)

In some cases, it can also occur at the anode as following equation 2.15:

C+2H,0 — CO» +4H +4e™* (2.15)

This reaction mainly occurs at high potentials. It leads to a loss of carbon mass. Endurance
tests have shown a mass loss of up to 15% under 0.95 V (open circuit voltage) and up to 5%
under 0.75 V. The carbon is then consumed on the anode side [48]. This phenomenon is limited
in advance and is favored at the cathode.

2.7.2.2 Dissolution and migration of the platinum catalyst

There are several reaction mechanisms of dissolution:
e 1% STEP:

Pt +2H,0 — PtO, +4H™" +4e (2.16)

e 2"d STEP:

PtO> +4H +4e™ — P*T +2H,0 (2.17)

This translates concretely into an irreversible loss of active surface and therefore of power
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Fig. 2.9 Evolutions of local current densities for a segmented cell: (a) Hy stoichiometry at 1,
(b) Hy stoichiometry at 0.9 .[3]

deliverable by the fuel cell [49, 50]. To overcome the problems related to platinum, in the works

of [51] Authors suggested to replace platinum with platinum/gold clusters.

2.7.2.3 Membrane degradation

v" Mechanical damage It can be caused by many factors such as thermal, cycles dry-
ing/humidification, large transient P, etc... [52].

v/ Chemical damage It leads to the appearance of free radicals (RH), that reduce the amount
of beneficial substances.

A slow degradation of the membrane, for example, reduces its ability to transport ions,
resulting in an increase in the electrical resistance of the fuel cell (therefore an increase in

losses). In the case of storage, or not used for several weeks or several months, the membrane
risks drying out too much.

2.7.3 Degradation and correlation with the current local distribution

The degradation mechanisms indirectly impact the current distribution in the cell in different
ways; either by the local modification of the resistance of the fuel cells, or by reducing the active
surface of the cell due to the degradation of the catalyst.

In the case of hydrogen depletion, the current density distribution of a cell subjected to
different stoichiometric measurements of hydrogen (from 0.2 to 1) has been studied [3], and the
current measurement is performed when using a segmented cathode (segment 1: gas inlets and
segment 5: gas outlet) as shown in figure 2.9 [3].
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2.8 Conclusion

There are different types of fuel cells which could be classified according to the nature of the
electrolyte and/or the operating temperature.The name of each fuel cell is directly linked to
the nature of the electrolyte. One of these categories is the PEM (Polymer Exchange Mem-
brane) fuel cell. In this chapter, we have discussed the architecture and types of the fuel cells,
their applications and potential in the development of fundamental knowledge and correlations,
material selection and improvement, design and optimization of cells, fuel cell system, power
management, monitoring of PEMFC operating status and possible failures. In order to achieve
optimal efficiency, it is necessary to understand, detect, diagnose and isolate different failure

modes that could be occured in the PEMFC, where it will be discussed in the next chapter.
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Advanced diagnosis techniques
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3.1 Introduction

Behavior monitoring is a procedure performed manually or automatically, which aims to ob-
serve the state of a good service of the fuel cell. Automatic monitoring can be provided by
sensors installed on the assets to be monitored and connected to a computer whose software
has threshold values for these various sensors which can trigger the necessary alerts or shut-
downs. We then talk about diagnostics to determine the procedure that consists in identifying
the probable cause(s) of the failure(s) or the evolution of one or more significant parameters of
degradation using logical reasoning based on a set of information. Diagnosis is used to confirm,
complete or modify the assumptions made on the origin and cause of failures, and to specify the
corrective actions or maintenance operations required. figure 3.1 displays a general monitoring

and diagnosis diagram.

> Surveillance

v

Diagnostic

|
Cause and location

v
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|
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Fig. 3.1 General monitoring and diagnostic diagram.

v
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3.2 Modeling and characterisation methodologies

There is a significant amount of methodological approaches that help to identify and diagnose
a FC system. These approches can be classified into five families: knowledge models, semi-
empirical models, black box models, empirical approaches and finally information processing
techniques. The above-mentioned methodologies can be classified into two types: ( static meth-
ods and dynamic methods). The static approach is particularly interesting for making a techno-
logical choice concerning, for example, the catalyst or for sizing fuel cell components. While
dynamic methods are preferable when one wishes to analyze transient phenomena associated to

a sudden change in a setpoint or a parameter.

3.2.1 Mechanistic Model

The first family of model is known under different names such as: knowledge model, math-
ematical model, physical model, or analytical model. This category of model calls upon pre-
cise relations describing in a physical way the various interactions between the input variables
and the output vector according to the surrounding conditions (materials, boundary conditions,
initial conditions). Even if more or less strong hypotheses make it possible to simplify the ap-
proach, the disadvantages of analytical models lie in the slowness of the temporal resolution of
the equations, especially when the model is dynamic and in 3 dimensions (study on the 3 axes),
as well as than in the validation of the model due to the large number of characteristic quan-
tities to be estimated or measured. Finally, the need for experimental and sometimes invasive
instrumentation is important in order to determine the characteristic quantities.

The use of equivalent electrical models involves passive electrical components to model the
dynamic behavior of the fuel cell. This methodology is based on an experimental and mul-
tiparametric study allowing to determine the values of the model elements. Although mainly
coupled with electrochemical impedance spectroscopy (EIS), some works has been undertaken
using the current interruption (IC) method [53]. The advantage of this approach is the physi-
cal connection to the passive components of the model at a relatively low computational cost
(parameter determination). Therefore, parameters cannot be determined in a single way as the
impedance spectrum or current voltage reading that can be modeled by different equivalent
circuits. However, using EIS as an equivalent model and complex nonlinear least squares algo-
rithm allowed detection and identification of 3 defects (CO poisoning, immersion of electrodes
and membrane drying) by varying model parameters [54]. On the contrary, there is a method to
use the algorithm of multiparametric resolution, the use of the method by IC to wedge its model
of Randles. The advantage of his approach lies in the fact that the solution found is unique with

respect to the plot. Its disadvantage is that the IC method requires a fast acquisition system.
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3.2.2 Black box model

The final interest of the black box approach is clearly to minimize the computation time linked
to the model in order to be able to perform a control-command action on the system. The main
disadvantage of this type of modeling is that there is no physical link between the model and
the reality of things.

There are studies that use fuzzy logic and residue analysis as diagnostic vectors for two
faults [55]: membrane drying out and water or nitrogen accumulation in the anode compart-
ment. The residual values are calculated by considering the difference between the experimen-
tal operating point (current-voltage) and the current-voltage couple resulting from a reference
polarization curve. The open-loop model is used to reduce computation time, which is com-
bined with a genetic algorithm to increase detection sensitivity. The decision step is entrusted
to an empirical probability threshold coupled with a logic circuit. This approach is interesting
from a practical point of view since it only requires two low-cost sensors (current and volt-
age). While, authors in [56] have developed a model based on fuzzy logic with 3 inputs and
one output according to the Standard additive model. In addition to the polarization curve, it
uses electrochemical impedance spectroscopy to specifically identify the drying defect. In this
perspective, the authors use the increase in the impedance amplitude as well as a decrease in the
performance of the polarization curve to distinguish between drying and flooding respectively
(fuzzy classification). The model is trained by an algorithm that classifies the health status of
the generator into several levels (at least 3, one for each error). Although this method offers
a good level of fault detection, it requires a large database to get an interesting level of detec-
tion. Another approach in [57] uses neural networks to diagnose any real-time change in the
polarization curve due to aging effects, impurities contained in reactive gases and static or dy-
namic operation. The diagnosis is performed by comparing the polarization curve estimated by
a model (through static or dynamic measurements) with a reference polarization curve. The po-
larization curve is estimated by an evolutionary learning algorithm (permanent learning) which
transcribes the measured operating points into polarization curves. Neural networks have also

been employed to detect the presence of contaminants in feed gases [10].

3.2.3 Semi-empirical model

Semi-empirical models occupy an intermediate place between physical models and behavioral
models known as black boxes. This type has been used to diagnose the state of the fuel cell
through the so-called current interruption method.

Researchers have suggested numerous models to diagnose the PEMFC. For instance the
model developed by [58] is a simplification (reduction of the order) of a physical model using
equivalent electrical circuits. The same method was used by [59] for diagnosing the presence of

CO. Another semi-empirical model has been developed by [60] to study the effects of toluene
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contamination on the polarization curve. Finally, authors in [61] used a semi-empirical ap-
proach combined with the current interruption method to detect the presence of the flooding
phenomenon. The developed equivalent circuit is made up of a transmission line of three RC
cells allowing modeling of the nonlinear equation linking the voltage to the current, the flaw
detection is observed by varying certain parameters in the model.

The semi-empirical model has many advantages (e.g. increased convergence speed com-
pared to physical models, preservation of part of the physical relations, etc.), and its interest in

diagnostic context is informative and interesting.

3.2.4 Signal and information processing approaches
3.2.4.1 Signal approaches

The development of a physical, semi-empirical or black box model for diagnosis is relatively
tedious, non-intuitive, costly in financial terms and in development time. To overcome these
difficulties, the “’signal” approach has been proposed as an alternative to previously mentioned
approches. In this case, it is actually a matter of finding one or more specific measurements
(frequency, voltage, pressure, etc.) to characterize one or more defects it worth noting that.
This approach has been widely implemented for fuel cell diagnostics.

An original method was proposed for detecting a possible accumulation of excessive water
in the anode and cathode compartments [62]. The authors use the frequency response of the
pressure sensor followed by a rung of current applied to the FC to estimate the water content
in the cell ( if there is for example flooding ) using a local current density measurement in
a segmented fuel cell. Furthermore, electrochemical impedance spectroscopy (EIS) is a tech-
nique capable of characterizing several physical and chemical processes provided that their time
constants are distinct. The effect of drying being visible on the impedance spectrum in the fre-
quency band 100 kHz-0.5 Hz. The effect of flooding being visible on a low frequency range
starting at 100 Hz to 0.5Hz. The identification of frequency zones allowed the diagnosis and
the determination of the defect. However, the measurement of several low-frequency points re-
mains problematic. This problem was avoided by using three specific frequencies: 50 Hz, 500

Hz, and 5000 Hz to detect and identify poisoning, drying out and flooding faults [62, 21].

3.2.4.2 Information processing

The information processing approach is implemented in a way (logical, statistical or even prob-
abilistic) based on the voltage distribution of the unit cells of the generator using a stochastic
approach. The methodology allowed for a clear distinction between the different operating
modes. Moreover, this approach has the advantage of remaining simple from the algorithmic

point of view and thus, one can easily implement this method on embedded systems to get a
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real-time diagnosis [63, 64].

The probabilistic approaches have also been considered for the diagnosis of FC [63]. This
graphical method identifies or finds the logical cause and effect relationships present in the
database through the various variables defined in the Bayesian network with five input param-
eters (voltage, current, electrical power, temperature and hydrogen pressure at the input of the
stack) enabling the diagnosis of many faults. In addition, the graphical model of the Bayesian
network was constructed using discriminating variables, observations, and diagnostics, these

variables can only be defined by the network manufacturer.

3.3 Possible measurements on a fuel cell system for diagnosis

Fuel cell diagnostics is based on a measurement system that provides information on the per-
formance of this system. When the available signals do not allow sufficient knowledge to be
extracted or with the aim of deepening and reinforcing the diagnosis, excitation signals or test
phases are imposed on the FC to allow information to be extracted through its response. The

following figure 3.2 shows all the measurements that can be made on a fuel cell system [65, 66].

Physical guantities

Measurable Unmeasurable

Internal humidity
catalyst coverage rate
*  partial pressures

Non invasive Invasive

* membrane water content

*  current distribution
*  temperature distribution
magnetic field measured inside the fuel cell

Used by control systems Not used by control systems

stack voltage

external magnetic field radiated by the fuel
current

cell

temperature . ..
*  acoustic emission
cell voltages . i o L
neutron imaging (distribution of water inside
pressure
the fuel cell)
flow rates i i
. *  electrochemical noise
gas humidity

Fig. 3.2 Fuel cell system measurements
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3.4 Invasive diagnostic technique

In order to collect information related to the behavior of the cell at particular locations, invasive
techniques based on the insertion of active components inside the cell have been developed.
The Membrane Electrodes Assembly (MEA) temperature measurements are performed in or-
der to detect any hot spots. For instance, a film-formed gas temperature sensor was developed
based on the use of thermistors. The local current density measurement card is marketed by a
German company (S++ Simulation Services) which provides an image of the current distribu-
tion over the entire surface of the Membrane Electrodes Assembly. The internal magnetic field
measurements have been explored in various works [67, 68, 69], where magnetic field sensors
are inserted into the end plates of the stack. From the measurements of the fields, the current
density is calculated directly using the Maxwell-Ampere equation.

The diagnosis by measuring the internal magnetic field is also studied by a Japanese team
[69]. They use sensors at the end of which magnetic field sensors are attached (Figure 3.3) and
inserted into the cooling channels of the PEMFC stack.

10 mm

Fig. 3.3 Magnetic sensor probe Picture.

From each magnetic field measurement (Figure 3.4), the current density on the part of the
cell where the probe was inserted is calculated.The technique was validated on a 300W stack,
consisting of 20 cells, by inserting a network of 15 tri-axis sensors every 4 cells.

The invasive diagnostic methods are generally very effective because the measurement is
carried out as close as possible to the fault and the exploitation is generally direct. On the other
hand, an important disadvantage is that inserting the sensors into the PEMFC stack changes its
intrinsic behavior. Therefore, it can be difficult to distinguish between the effect of the fault and

the effect of the presence of the sensor. Thus, non-invasive approaches are preferred.
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Fig. 3.4 Vectors of magnetic flux density.

3.5 Non-invasive diagnostic technique

3.5.1 Various experimental methods for performing diagnostics on the
PEM fuel cell

Summary of the main characterization and diagnostic methods fig 3.5 [70].

Experimental approaches

\ v v

Electrochemical tests Electrical tests Physical/Chemical Tests

= I = - =
/ Chronoamperometry \ f \ f Liquid or gas \

Chronopotentiometry chromatography
Current sweep (BF)
Chronocoulometry Pressure drop

. Polarization curve
cathode discharge measurement

. Power interruption .
Micro-sensor for CO P Scanning electron

. Measurement (HF) of .
detection microscope

resistance L
Impedance spectroscopy Transmission electron

- Resistance measurement .
Stripping voltammetry - microscopy
. by milliohmmeter
Cyclic voltammetry Transparent fuel cell

\ Linear voltammetry J \ J \ Segmented fuel cell J

Fig. 3.5 Summary of the main characterization and diagnosis methods applicable to a FC
system or one of its elements.
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3.5.2 Voltammetry
3.5.2.1 Cyclic and stripping voltammetry

From an experimental point of view, the principle of cyclic voltammetry consists in applying a
variation of “’triangular potential” between two anodic and cathodic limit values (Ea and Ec) by
the use of a potentatic assembly with three electrodes (i.e. a work electrode, reference electrode
and auxiliary electrode). The work electrode and the auxiliary electrode are connected on both
sides of the system in testing and allow the passage of the electric current. The reference elec-
trode is immersed in an acid aqueous solution (typically H,SOy4 sulfuric acid) which is used to
simulate the proton conduction in the membrane [71]. Cyclic voltammetry is commonly used in
electrochemistry to determine the catalytic activity of an electrode. As with the linear sweeping
voltammetry, the potential in an experience by cyclic voltammetry is always controlled and the
faradic current as well as the double layer current are measured. “We call Faradic current all
current created by a redo chemical or electrochemical reaction”. The intensity-potential curves
obtained are called voltammograms.

Figure 3.6 displayed some examples of typical periodic voltammograms recorded on a five-
cell PEMEFC stack [4]. The voltammograms show multiple peaks of current associated with
both redox reactions. The integration of these different low voltage peaks on the shaded area

(fig. 3.6) provides information on the electrochemical active area.

Stack voltage (V)
0.02 05 1 1.5 2 2.5 3 3.5

0.02
-0.04-

-0.06!

Current density (A.cm?)

-0.08

€ 0.008
[

‘ § 0.006 | ECA =74.0364 m?Pt. (gPt)”

0.1

0.5 1 1.5
Stack voltage (V)

Fig. 3.6 Example of cyclic voltammograms recorded at the boundaries of a stack of five cells

4]
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In the figure 3.6, several areas can be distinguished: Disorption area: it corresponds to the
release of H "ions, also called desorption.

Central Zone: the measured current is only used to charge the double layer capacitor. Thus,
a double-layer capacitor estimation can be made by measuring the lower limit of this current.

Oxide formation zone: corresponds to the surface oxidation of single oxygen species from
the catalytic sites.

The cyclic voltammetry therefore allows a diagnosis of the battery, to know its really ac-
tive platinum load, estimate the value of the double-layer capacitance, or even characterize the

permeation of H; hydrogen through the membrane.

3.5.2.2 Linear voltammetry and chronocoulometry

The passage of reactant gases and electrons through the membrane over time usually results
in a drop in potential. The current produced by these faults is generally called internal current
since it does not serve the application powered by the FC. To measure its value, we can use
a potentiostat and the method called linear sweeping voltammetry LSV. The potential of the
system is swept linearly over time between two specific values, the maximum potential must
not exceed a value of 1(V) in a humid environment in order to prevent any possible oxidation of
the catalyst. The internal current could serve as alert data for off-line diagnosis of the membrane

(permeation and short circuit), as shown in (figure 3.7) [4].

2.
Short-circuit resistance

—

Crossover
-1} current

Current density (mA.cm'z)
o

2 0.5 1 1.5 2 2.5
Stack voltage (V)

Fig. 3.7 Example of linear sweeping voltammetry test result obtained on a three cell stack
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3.5.3 The step and the interruption of the current

This method used to identify the electrical and electrochemical parameters of the FC. The ac-
quisition of values (current and voltage) must be done at a sampling frequency close to GHZ
in order to separate ohmic losses from other losses [72, 73]. In addition, this method was then
applied to study the effect of the cathode side dew temperature on the membrane resistance
[74]. Moreover, the method of step and the interruption of the current requires very fast power
acquisition and switching equipment if you want to have an accurate measurement of the ohmic

resistance.

3.5.4 High amplitude and low frequency current sweep

The sweep can be sinusoidal or triangular with a frequency ranging from a few mHz to a few
Hz, and amplitude of the current is usually between O A and its nominal value. The non-
linear voltage response of the FC obtained in the I-U plane (the same as that of the polarization
curves)is projected, its evolution as well as the hysteresis that it describes makes it possible to
distinguish a deteriorating FC from a healthy FC. However, the strong difference in the current
leads to large differences in certain parameters such as gas flow rates, temperature, pressure
drops and the quantity of water in each of the compartments as well as in the membrane. The

interpretation of the results can then be more complex.

3.5.5 Harmonic analysis

The basic principle of harmonic analysis is to send a signal to the fuel cell (e.g. a current re-
spectively a voltage) very rich in harmonics, and to analyze its response in voltage (respectively

in current). This measurement is fast and informative.

3.5.5.1 Harmonic analysis based on a chirp signal

A chirp signal is a pseudo-periodic signal whose frequency as a function of time used for certain
electrical machine diagnostics, where the response to this signal is often exploited in time-
frequency diagrams. This signal consists of a sinusoid, the frequency of which increases or
decreases over time. Two classes are then differentiated:

e Linear chirps, whose frequency increases linearly over time equat 3.1.

f(t) = fo+kxt
Viin(t) = sin(27w * f (1) x 1) 3.1
f(#) = foxk

eGeometric chirps, whose frequency varies geometrically equat 3.2.
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Ygeo(t) = sin (%

Due to its frequency richness, this signal can also be used to measure the impedance of a fuel

() —fo)) 32)

cell. For example, use it in combination with a rectangular signal, the current setpoint therefore
consists of a rectangular excitation of a few periods, a few Hertz, immediately followed by a

chirp signal.

3.5.5.2 Analysis from the total harmonic distortion (THD)

This method is used to be able to detect a fault in the fuel cell. In [5], they proposed the addition
of a sinusoidal current of zero average value to the current delivered by the fuel cell. They were
thus able to determine a frequency for the fundamental at which the detection of flooding or
drying out is possible thanks to the THD calculation of the voltage produced by the injected
current.

THD technology is viable during fuel cell operation without having to change or adapt the
actual operating conditions of the FC system. Moreover, no conceptual changes to already
developed stack designs are required to implement this system.

The harmonic analysis can also be performed by calculating the total harmonic distortion
THD equat 3.3.

(3.3)

where:

e O rms value of current / voltage.
e (O;: fundamental component.

e /i: harmonic rank.

In Figure 3.8 [5], an H, supply fault can easily be detected by monitoring the THD value.

3.5.5.3 Harmonic analysis from a square signal

The main goal is to determine the complex impedance value from the current and voltage sig-
nals, by analyzing these signals into Fourier series we can deduce the modulus and argument
as a function of frequency, i.e. the complex impedance of the fuel cell. A square wave can
be decomposed into a series of sinusoidal signals of multiple frequencies of the fundamental
frequency. The advantage of this method is a very fast measurement of the complex impedance

of the fuel cell, thanks to the harmonic richness of the signal sent.
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Fig. 3.8 Example of using the THD for fault detection .[5]

3.5.6 Impedance spectroscopy via a DC/AC/DC static converter

A static three-stage DC/AC/DC converter consisting of an inverter on the fuel cell side and a
rectifier on the DC bus side was used to perform a measurement by impedance spectroscopy
(figure 3.9) [75]. By using the PWM control of the power switches, it was possible to extract
the impedance spectrum of the stack. However, the measurement of the individual impedances
of each of the cells making up the generator has not been considered. Its duality (adapting
the voltage between the FC and the load, electrochemical measurement system) makes its use
interesting for embedded systems.

The integration of EIS functionality into the fuel cell system expands the onboard diagnostic
strategies. This makes it possible to use EIS results for real-time diagnostic strategies to improve

PEMEFC usage conditions and extend its life time without any increase in its cost.

+
| Powerﬁowmanggg_ngt i> DC bus
PWM signals
Measurements Measurements
for control and for control

EIS

Fig. 3.9 Principle of EIS integration in the power converter control.
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3.5.7 Measurement of the resistance by milliohmmeter

The resistance is determined by applying a high frequency alternating sinusoidal signal to the
FC in normal operation, i.e. with a regulated or unregulated load in parallel. The choice of high
frequency signal amplitude should not be arbitrary. The amplitude should be small relative to
the FC bias voltage so as not to disturb the electrodes by causing them to operate away from
their equilibrium potentials. The response of the system will then be an alternating sinusoidal
signal of the same frequency as the incident signal with its own phase shift and amplitude.
The presence of the load parallel to the FC can affect the measurement, especially if it is not
regulated in current or voltage.

In the case of an unregulated load, it will then be necessary to determine the impedance of
the load alone in order to subsequently extract the resistance of the FC.

In the case of a regulated load, the measurement of the resistance of the FC is immediate.

3.5.8 Measurement of high frequency resistance

The high frequency resistance measurement is a method of determining the resistance of the
FC by using a high-frequency alternating sinusoidal signal generated by a dynamic load placed
in parallel to the FC and the frequency which is imposed on the generator is variable. The
advantage of modulation the frequency of the incident signal is to reduce the capacitive or
inductive effects of the FC and thus to measure only the resistive component of the impedance.
Therefore, this approach has been used to analyze the resistance at the membrane-electrode

interface for various membranes.

3.5.9 Transmission or scanning electron microscopy

Electronic imaging techniques are the most widely used methods for post-mortem analysis of
FC components. Scanning electron microscopy (SEM) is used to characterize materials at the
micron scale while transmission electron microscopy is employed to visualize components at
the nano scale. All of these methods and their variants have been extensively used to investigate
the degradation processes and manufacturing processes of various components, i.e. the distribu-
tion of platinum on the membrane section, the morphology of the diffusion layer, the interface
between the membrane and the electrodes, the morphology of the membrane, the formation of

water drops on the fibers of the diffusion layer, and the catalyst losses etc [76, 77, 78].

3.5.10 Segmented fuel cell

The need for multiple electrical loads and an often overly complicated design for the bipolar

plate makes this technique complex and difficult to implement on a technical level. To avoide
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this difficulty, used a network of electrical resistors of identical values placed between the bipo-
lar plate and the current collecting plate. The measurement of the voltage difference across the
terminals of the resistance makes it possible via Ohm’s law to estimate the local current density.

This method, which is easier to set up, has been very often used.

3.5.11 Transparent fuel cell

The development of transparent fuel cell was motivated by the need to analyze and understand
the physical phenomena associated with water management, e.g. production, water transfers,
accumulation, etc. The transparency of the transmission channels allows a high spatial and tem-
poral resolution of the water movements.The use of transparent fuel cell to visualize and study
flooding in the case of PEMFC facilitates the understanding of the mechanisms of obstruction

of the reactive gases.

3.5.12 Spectroscopy in the X-ray domain

The use of X-rays to characterize the structure and the chemical state of the various constituents
of the fuel cell is particularly useful for detecting chemical degradation on the components dur-
ing aging. There are many techniques depend on the use of X-rays e.g. (EXAFS), where the
Extended X-Ray Absorption Fine Structure (EXAFS) provides information about the atomic
environment of a particular element in any type (solid, liquid, gaseous, and interface environ-

ment).

3.5.13 Spectroscopy in the infrared range

This approach uses the infrared region of the electromagnetic spectrum to measure temperature.
Most works use an infrared transparent glass that is positioned in such a way as to allow the
electromagnetic radiation of the channels outside the FC; non-dispersive infrared spectroscopy
was used to determine the rate of corrosion of the carbon support layer by measuring the molar
concentration of CO and CO2 at the exhaust outlet. Fourier transform infrared spectroscopy
was used ex-situ to visualize the degradation of the surface condition of silicone gaskets in a

space simulating the FC environment (compression, temperature,etc) [79, 80].

3.5.14 Resonance spectroscopy

Magnetic resonance imaging (MRI) is a powerful analytical technology that provides cross-
sectional and 3-D images with high anatomical resolution. This method is used to study the

water distribution in the Nafion membrane as well as the difference in water content in the
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anodic and cathodic compartments, observing the onset and slow propagation of the FC dehy-
dration, and studying the effect of water supply in reactive gases on the electrical performance

and the strategy of reactive gas supply.

3.5.15 Mass spectroscopy

Mass spectroscopy (MS) is an alternative or complementary method to gas or liquid phase chro-
matography. MS is a powerful physical method for analyzing compounds in liquid, gaseous or
solid form, it makes it possible to determine the molecular structure as well as the molar amount
of a molecule in a mixture. This technique has also been applied to study the degradation of

electrodes and bipolar plates [81].

3.5.16 Measurement by acoustic emission

The acoustic emission method is used to study the membrane drying mechanism. Acoustic
emission (AE) is a non-destructive, non-invasive and real-time method whose principle consists
in measuring the energy released in the form of transient elastic waves following a mechanical
deformation of a material. For instance, the plastic deformation of the membrane [82].

This technique opens the way for deeper investigations into the structural changes that occur

during drying and flooding of membranes.

3.5.17 Diagnostics by measurement of the external magnetic field

The degradations at the Membrane Electrodes Assembly (MEA) levels essentially modify the
impedance of these. This modification leads to a heterogeneous redistribution of current densi-
ties on the cell surface, according to Biot and Savart’s law, the external magnetic signature of
the fuel cell is then changed.

This study made it possible to determine an optimal positioning and orientation of the mag-
netic field sensors allowing only the information useful for diagnosis to be extracted. An inverse
model of Biot and Savart’s law was then developed, allowing reconstruction of the current den-
sities in a fuel cell from external measurements of the magnetic field. This method focused on
the identification of defects affecting all the cells and made it possible to reconstruct the average
current density over the entire length of the FC stack.

In [83] the result of a two fault (i.e. Oxygen starvation of the stack, Ageing attempt) ob-
tained by measuring the external magnetic field in a fuel cell was then compared to an "invasive
measurement” of the current (Figure 3.10, 3.11).

Many studies have proposed the diagnostic method by measuring the external magnetic

field, we distinguish:
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Fig. 3.10 Oxygen starvation of the stack: comparisons between currents density obtained
with internal measurements (left) and with magnetic inverse problem (right).
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Fig. 3.11 Ageing attempt: comparisons between the current densities obtained with internal
measurements (on the left) and with the magnetic inverse problem (on the right).
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Karl-Heinz H et al. [84] developed a magnetic tomograph consisting of a robotic system on
which two magnetic field sensors are installed. These sensors allow the field around the FC to
be scanned in several positions.

The authors in [6, 85] imposed random current densities on a single fuel cell cell to construct
a field base comprising 2000 elementary defects. Afterwards they calculate the magnetic field
on 36 positions for each vector using a genetic algorithm. The inversion of the Biot and Savart
operator linking the currents to the magnetic fields makes it possible to identify the current
sources contributing to the measured field. (Figure 3.12) [6] shows the vector distribution of the

static magnetic field measured by MI sensors for 108 position around the real fuel cell.

end plate (copper)

separator (carbon)

separator (carbon)

end plate (copper) =

Fig. 3.12 Bird’s-eye view of the static flux density distribution measured by MI sensors for
108 position around the real fuel cell .[6]

3.6 The basics of electrochemical impedance spectroscopy

3.6.1 Principle of impedance spectroscopy

3.6.1.1 Theoretical

The shape of the current injected/requested from the FC can be written as follow equat 3.4:

i(l) =ig.+11 * sin(wlt) 3.4)

Where:
e W the pulsation of the electric current, in [rad/s].

The response of the FC to this type of stimulus can be written(equat 3.5):
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e(t) =eqe+ey xsin(wit + 01) + ey xsin(2xwit + 6) + ... (3.5)

Where:
® 01 2 ) the phase shift between current and voltage for each harmonic.
Using Euler’s formulation and considering the system response as linear we find the follow-

ing equations(equat 3.6, 3.7):

i(t) =ig.+11 *exp(jwt —|—j9,'1) 3.6)

e(t) = eqe +er xexp(jwr + jO,1) (3.7)

Since impedance is defined as the ratio between voltage and current in the frequency do-

main, the terms (idc and edc) can therefore be eliminated:

— el

Z| = : (3.8)

And :
¢ = 6,1 — 61 (3.9)

With :
Z| = \/[Re (Z(w))]*+ [Im (Z (w))]? (3.10)

And :

L (Im(Z(w))

¢ =tan 1 (m> 3.11)

The impedance thus defined for a frequency range can be plotted in a Nyquist diagram or in
a dual Bode plane (phase and amplitude). The advantage of using a Bode plan is to be able to

visualize explicitly the influence of the frequency.

3.6.1.2 Practical

a. Measurement technique There is an auxiliary electrode which supplies the electric cur-
rent to the element under test, a working electrode which measures the electric current pass-
ing through the cell, a reference electrode, as its name suggests, that measures the reference
potential and finally, a electrode allowing measurement of the potential of the element under
investigation. With these four electrodes, several measurement methods called two, three or

four electrodes can be thought of:
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The two-electrode assembly used for high impedance measurement.

The three-electrode assembly using a reference electrode (low to medium impedance). (Fig-
ure 3.13) shows the schematics of the experimental setup [7, 8].

The four-electrode assembly is extremely useful for measuring very low impedances. These
acquisition systems also offer the possibility of measuring the impedance of each of the cells of

the stack. To do this, several electrodes are added to measure the potentials.

Anode Efl’oltymiert Cathode
(Pt) cctrotyte (Pt)
+
H, «—— — +—— Air
— H2
Hy ——» — Air + H,O
\

#WE RE CE +

Potentio/Galvano - Stat

Frequency response
detector

working electrode (WE) ZW_‘j’_‘H}.
~¢' | Z
electrolyte I; LORE ‘L_T_l,

counter electrode (CE) ’ / O Zer ﬂ
reference electrode (RE) /

Fig. 3.13 Schematics a) Employment of a reference electrode in the PEMFC.
b)Representation of a three-electrode cell, consisting of working (WE), counter (CE) and refer-
ence electrode (RE), connected by the electrolyte .[7, 8]
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b. Electromagnetic ambient noise The use of shielded cables, crossed and of reduced length
limits impedance measurement inaccuracies. Another possibility consists in using a Faraday

cage to limit measurement errors.

c. Impact of measurement cables Theoretically, it is common to overlook the effects of
measurement cables on the accuracy of the result. However, this assumption is only valid if the
impedance of the cables is significantly lower than that of the FC, or when the four-electrode

assembly is used.

d. The input impedance of impedance meter Data acquisition and processing is generally
provided by a potentiostat or galvanostat. It is important that the current flowing through the
FC is not diverted into the circuit that measures the potentials. For this reason, electrodes that

measure potentials are usually connected to the potentiostat by very high impedance inputs.

3.6.2 Measurement by Equivalent Circuit Elements in the FC application
3.6.2.1 Inductance

High frequency inductive behavior is usually attributed to the electrical wiring between the load
and the FC. While the inductive behavior at low frequencies is attributed to the formation of
hydrogen peroxide on the cathode side. The impedance expression for a pure inductance as

follows equa 3.12:
Z(w) = jLw (3.12)

3.6.2.2 Resistance

The membrane resistance can be defined as 3.13:

Ry — pT*l (3.13)

Where:

p the resistivity of the electrolyte, / the thickness of the membrane and S the active surface
of the electrolyte.

The resistivity of the electrolyte varies strongly and non-linearly with the hydration level of
the membrane.

The pure resistive circuit is also used to model charge transfer phenomena at each of the
electrodes. Its value is generally determined by the partial derivative of the electrode potential

JdEg with respect to the faradaic current of this same electrode dJg equa 3.14:
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JdEE

Ry= =L
ct aJE

(3.14)

3.6.2.3 Condensator

The capacitor is used to define the double layer capacitance (an accumulation of negative and

positive charges) equa 3.15.
Z(w)=— (3.15)

3.6.2.4 Constant Phase Element (CPE)

In general, the constant phase element is used to describe the double layer phenomenon on a
porous or rough electrode equat 3.16.
Z= ! (3.16)
Tere(jw)" '
The advantage of this circuit consists in being able to reproduce behaviors that are impossi-

ble to represent with classical elements.

3.6.2.5 Warburg impedance

The Warburg impedance is used describe the phenomenon of material diffusion from the dipole
plates to the electrodes (in GDLs) based on the one-dimensional solution of Fick’s second law.

It can be represented by the following equation 3.17:

Ry x tanh | (j X Ty x w)™W
Z= (3.17)
(j x Ty x w)™W

R,, and T,, are constants.

3.6.3 Determination of the key physical parameters of a PEMFC recorded
in the Nyquist plane

Impedance spectroscopy is one of the most widely used characterization methods. Many studies
use it to measure the value of the electrical resistance or for monitoring degradation. Used it
to describe the evolution of a model’s parameters throughout a drying out or a flooding they
have deliberately caused. The variation of certain parameters thus made it possible to make the
difference between flooding and drying out. During each degradation phase, they carried out
impedance spectroscopies to characterize the impedance and monitor its evolution.

e At very low frequencies (a few mHz):
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We can get a picture of the FC performance. The polarization resistance is determined for
an imaginary part of the zero impedance. Theoretically, the slope of the polarization curve
around a given operating point is equal to the polarization resistance noted by EIS for this same
operating point.

e For frequencies ranging from a few mHz to a few Hz:

This arc can also reflect the diffusion of species in the oxidation/reduction reaction from the
channels to the catalytic layer.

e At high frequencies:

The membrane resistance is determined by the intersection with the real axis. The second
piece of information obtained is located in the so-called high frequency arc. This arc of a
circle reflects the phenomena of transfer and accumulation of electric charges at the electrode-
electrolyte interfaces.

The following figure 3.14 shows the dissociation of the physical zones modeled by a classi-

cal impedance measured on a PEMFC.

1.2
1-
0.8 :
transfer of charges
0.6
aa distribution of species
3
L
O 0.2
E polarization resistance
. membrane resistor
.0_2 | ] | | i ! 1
1 1.5 2 25 3 35 4 4.5 5

Z [mOhm]

Fig. 3.14 The classical impedance measured on a PEMFC.

3.6.4 Implementation on systems, ’on-line’’ diagnostics

The use of spectroscopies, which allows in particular to measure electrical resistance, generally
requires equipment specific to a system: sensors of specific currents, an adequate load, the pos-
sibility of imposing a variation in current around the operating point (converter), etc. Several

studies, have used the low amplitude and high frequency natural triangular current ripple gen-
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erated by a BOOST converter around the operating point. Thus, by varying the frequency, or

even the amplitude, it is possible to obtain an impedance spectrum.

3.7 Conclusion

The main obstacles to widespread deployment are premature fuel cell failures that limit the
life of the PEM fuel cell, which brings us back to many difficulties. In this chapter, we have
defined and discarded the main methodological approaches to identify and diagnose FC. In this
context, and to deepen the understanding of PEMFC diagnostic behavior, we discussed possible
measurement systems that provide information on the performance of this system with the aim
of enhancing diagnostic techniques. The next chapter discusses artificial intelligence techniques
(PEMFC Diagnostics Based on Learning Machine).
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Al technologies (machin lerning based
PEMEFC diagnosis)
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4.1 Introduction

Artificial intelligence, a branch of basic information technology, was developed with the goal
of simulating the behavior of the human brain. Artificial intelligence and machine learning,
two powerful tools for analysing and/or classifying data, are attracting increasing interest in
materials development and power systems control/monitoring.

Figure 4.1 [9] represents the patent figures related to artificial intelligence, machine learning
and deep learning in the field of energy since 2000.

Machine learning informed by Al and mathematics can facilitate the development of basic
knowledge and correlations, material selection and progression, fuel cell design and optimiza-
tion, system control, management energy and process state monitoring, showing great potential

for improving PEMFC technology.

B U.S. Patent Applications Filed per Year Related to Al
Artificial

Intelligence 25,000

20,000 -

15,000 +

10,000

5,000

—

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

—— Atrtificial Intelligence Machine Learning —— Deep Learning

(a) (b)

Fig. 4.1 (a) the relationship between Al, machine learning, and deep learning and (b) the
number of patent applications per year in the USA related to Al and deep learning.[9]

4.2 Artificial neural networks

Neural networks are an artificial intelligence tool. Today many terms are used in the literature
to designate the field of artificial neural networks, such as connectionism or neuromimetic etc.

The goal of researchers is to improve computing capabilities using models with tightly con-
nected components. Neurosimulators technology tinker with models of artificial neural net-
works with the sole purpose of validating biological theories of central nervous system func-
tioning.

Artificial neural networks are highly connected networks of elementary processors operating
in parallel. Each elementary processor calculates a unique output based on the information it
receives. The main networks are characterized by the organization of their architecture, their
level of complexity (the number of neurons, the presence or absence of feedback loops in the
network), the type of neurons (their transition or activation functions) and finally by the target

goal: supervised or unsupervised learning, and optimization, dynamic systems.
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4.3 Neuron networks overview

4.3.1 The biological neuron

The biological neuron is a biological cell mainly consists of the three parts “i.e. The dendrites,
the soma which processes this information and the axon which transmits the signal” (fig. 4.2).
In the human brain there are a large number of neurons, approximately 1011. There are about
1014 to 1015 interconnections between each neuron and other neurons [86].

Dendrife

— Axon terminag
Y \

_.ll7| l
X3 Soma (cell body)
S dRs
Xn S SO G Outputs
kmx | Myelin sheath Oudput points = synapses
[ Myelinated axon trunk
Inputs - >

Input points = synapses

Fig. 4.2 Representation of the biological neuron.

4.3.2 The artificial neuron

The simple neuron or the formal neuron (Figure 4.3) [10] is a mathematical model that uses the
principles of the functioning of the biological neuron. The artificial neuron is a basic processor,
it receives a variable number of inputs X1,X2,...Xn coming from upstream neurons. Each of
these inputs is associated with a weight W representing the strength of the connection. Each
elementary processor has a single output, which then branches out to feed a variable number of
downstream neurons. Each connection has a weight associated with it.

The mathematical formula for calculating the weighted sum of the inputs according to the

following expression 4.1:

Vin =X1-W1+x2-wr+x3-w3+...+x,-w,+b “4.1)
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Fig. 4.3 Representation of the formal neuron model.[10]

4.3.3 The activation functions

The activation function is one of the most important parts that connects the weighted summation
to the output signal. The activation function performs a transformation of an affine combination
of input signals. This affine combination is determined by a weight vector associated with
each neuron and whose values are estimated in the learning phase. most transfer functions are
continuous, offering an infinity of possible values in the range [0, +1] (or [-1, +1]). There are
many possible forms of the activation function.

e linear g is the identity function (fig 4.4):

gx) =x (4.2)

Fig. 4.4 Linear g fonction.

e sigmoid (fig 4.5):

g(x) = (4.3)

(1+¢)
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Fig. 4.5 Sigmoid fonction.

e Rectified linear unit (ReLU) (fig 4.6):

g(x) = max (0;x) (4.4)

Fig. 4.6 (ReLU) fonction.

e Gaussian (fig 4.7):

glx)=e"* 4.5)

Fig. 4.7 Gaussian fonction.
e Softmax:
.

gx); = ﬁ for k=[1,....K]. (4.6)

1
g0) =/ 3¢ @47
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4.4 Some neural network architectures

4.4.1 Multilayer network

The multilayer network is a set of perceptron distributed in successive layers. It is an input
layer reads the incoming signals, a number of hidden layers participate in the transfer and
an output layer provides the response of the system. A layer is a set of neurons having no
connection between them “i.e. There is no connection between neurons of the same layer and
the connections are only made with the neurons of the downstream layers”, as shown in figure
4.8.

y m

Inputs First Second Outputs
layer hidden layer hidden layer layer

Fig. 4.8 A typical architecture of multilayer network.

Different optimization algorithms are proposed to train multilayer perceptron network, they
are generally based on an evaluation of the gradient by back-propagation and minimizing the
squared-error function in classification. In the literature, the most common squared-error func-

tion is defined as follows equat 4.8:

e(t) =yd(t) —ym(t) (4.8)

The technique of back-propagation can reduce the mean square error by the gradient descent

method by using the following relation equat 4.9:

Ee() =3 X0, 0ar(0) —ymi (1)’ @9)

Where y,(t) denotes the desired output, y,,(7) the measured output of the neuron.
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4.4.2 Locally Connected Network

It is a multi-layered structure, but retains some topology. Each neuron maintains relations with
a reduced and localized number of neurons in the downstream layer. There are therefore fewer

connections than in the case of a conventional multilayer network, as shown in figure 4.9.

Fig. 4.9 Locally Connected Network

4.4.3 Recurrent neural network

The recurrent network contains at least one cycle in the structure bring the information back
with respect to the direction of propagation defined in a multilayer network (see figure 4.10).
These connections are usually local with the same techniques used in local networks for network
training. recurring networks are generally used in pattern recognition (i.e. speech recognition,

machine translation etc).

4.4.4 Full-Connection Network

The full-connection network is a set of series of fully connected layers and consists of multiple
CNNs which aid in the problem learning process. All inputs/outputs being connected to each
other, the number of neurons depends on the number of categories (see figure 4.11 ). The
main feature of this topology is that it is structure agnostic capable of learning any function,
which means that the full connection network is fully applicable, e.g. image analysis, speaker

identification, etc.
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Fig. 411 Full-connection network.
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4.5 Learning

Learning is a stage in the development of a neural network during which the network behavior is
modified by a specific algorithm until the desired behavior is achieved. The following diagram

4.12 shows the hierarchical ranking of the learning methods.

Learning algorithms
{ ) | . }
[ Unsupervised learning ] Reinforced learning [ Supervised learning ]

| |

{ . !
Error correction Stochastic
. v
Hebbian ] [ Competitive ] [ least mean square [ back propagation

Fig. 4.12 Diagram of the hierarchical ranking of the learning methods.

4.5.1 Unsupervised learning

Unsupervised or self-organized learning is used in ANN which has less computational com-
plexity than supervised learning.
The weights are adjusted by the algorithm of learning between neurons to improve the qual-

ity of the input classification.

4.5.2 Supervised learning

supervised learning is used only when we know the desired combinations of inputs and outputs.

The input/output (database) is used during the training phase to train the network and ex-
hibits the expected results.

The learning process is based on the generated error by the comparison between the obtained
output by the network and the desired output.

The error is used to adjust network parameters (weights), which will improve performance.

The learning algorithms that can be used are:

e Perceptron learning algorithms, back-propagation, adaline and madaline for the single or

multi-layer perceptron.
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e Boltzmane learning algorithm, for the recurrent architecture.
e Linear discriminant analysis, for the multilayer feed forward.

e | earning vector quantization, for the competitive architecture.

4.5.3 Reinforced learning

The weights are adjusted in a more or less random way to know if the outputs of the ANN are
approaching or away from the intended goal and the modification is retained if the impact is

positive or rejected, although the ideal outputs are not known directly.

4.5.4 Learning rules and choice of parameters

A simple way to avoid overfitting consists in regularization or introducing a penalty, in the scale
to be optimized. when the value of the parameter is increased, the inputs weights of the neurons
less and can take on chaotic values, consequently, helping to limit the risks of over-learning.

Therefore, the user must:

e Determine the input/output variables to subject them to possible transformations and nor-

malizations, as for all statistical methods.

e Determine the network architecture: the number of hidden layers and the number of neu-
rons in each hidden layer, which proportionate to an ability to accord with non-linearity
problems. The weights are directly corresponding directly to these two choices to be esti-
mated the complexity of the model. The balance between learning quality and prediction

quality leads to a good compromise of bias/variance.
e Define the rate of learning as well as a possible strategy for its evolution.
e Set the size of the observation sets or batches taken into account at each iteration.
e [llustrate the parameters maximum number of iterations.

e Determine the maximum tolerated error.

4.6 Machin learning based PEMFC diagnosis

Recently, artificial neural networks (ANNs) based diagnosing method is widely employed.
Many researchers have proposed the use of neural network method to diagnosis the PEM fuel
cells [20, 87, 88, 89, 89]. For instance:
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Fig. 4.13 Learning rules diagram.
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The PEMFC approach of controlling a dynamic neural network was investigated by the
authors of [90]. Their research’s goal is to track the changes made to the system, commencing
with the addition of a delay line to the (NNT)’s input to create a dynamic (NNT) control model.

For the purpose of categorizing the health states (SOH) of the fuel cells (flood, normal
functioning, and drying out), Steiner et al. [20] suggested a model employing (NNT) and they
showed the distinction between the normal functioning designed by a neural network and the
real functioning.

In their investigation of diagnostic methods, Jonghoon et al. [89] used pattern recognition
model identification (FCOV) based on Hamming NNT application. to choose the cell’s (ARd)
value and use it to determine the condition of the cell.

While Cadet et al. [88] have given indicators that can be used to evaluate diagnostic perfor-
mances by providing precise equations to measure the degree of cell humidity. For the purpose
of modeling the power supply for a (PEMFC) embedded system.

A neural network model has been created by Jeme et al. [87] that will allow for the control
of energy transfer in fuel cell vehicles.

The PEMFC dynamic model was created by Meng Shao et al. [11] and is constructed and
simulated using MATLAB. In order to increase the stability and reliability of PEMFC systems,
the ANN ensemble for fault diagnosis (i.e., Fault in the stack cooling system; Increasing of fuel
crossover; Fault in air delivery system; Fault in hydrogen delivery diagnosis) is constructed in
their work.

The authors in [91] researched a method to estimate water activity in the PEMFC using the
EIS and modified a neuro-fuzzy inference system (ANFIS).

In order to construct an ideal impedance model of the (PEMFC) that complies with the
mass transfer theory and takes into account the physical parameters of the (EIS) model, Slimane
Laribia et al. [92] have defined and put into practice a method using an artificial neural network.
The authors have identified two PEM fuel cell failure modes (flooding and drying) using their
ANN model. for additional studies on PEMFC diagnostics using the EIS approach.

The reader is advised to consult [26, 93, 94, 95].

4.7 Conclusion

Artificial intelligence and machine learning are attracting increasing interest in materials devel-
opment and power systems control/monitoring. Machine learning informed by AI and math-
ematics can facilitate the development of basic knowledge, espicialy in the field of PEMFC
technology. Today many terms are used in the literature to designate the field of artificial neu-
ral networks, such as connectionism or neuromimetic etc. In this chapter, we have provided
an overview of neural networks, and the architectures of different neural networks. Then we

described the main proprieties of learning and we have presented several related works that
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rely on machine learning methods for the diagnosis of PEM fuel cells. The following chapter
discusses the results obtained through applying an improved approach towards PEM fuel cell

water management using artificial neural network.
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Implementation and results
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5.1 Introduction

Given that the development of control systems for industrial applications must minimize the
number of instruments for straightforward methodological diagnosis, we have used a neural
network-based black box model in this chapter because it is simple and quick to implement.
Specifically, the objective of this study is to ascertain the state of the electrochemical response
during the use of a fuel cell by developing a neural network-based strategy for the diagnostics
of PEM fuel cells in order to meet efficiency requirements.

This chapter concentrates on identifying a suitable, effective, and user-friendly method for
preventing the frequent errors caused by the poor water flow inside the fuel cell during opera-
tion. Towards this end, the technology of artificial intelligence is proposed. Ultilizing electro-
chemical impedance spectroscopy (EIS analysis) and a neural network model, Utilizing electro-
chemical impedance spectroscopy (EIS analysis) and a neural network model, it is possible to
monitor the effect of the fuel cell membrane’s humidity content. This method permits the exam-
ination and diagnosis of PEM fuel cell failure mechanisms (flooding and drying). The benefit of
this work is summed up by the straightforward demonstration of the PEMFC’s existence, which

aids in defining its current state of health.

5.2 Structure of the PEMFC system

Figure 5.1 [11] depicts the operation of a fuel cell core, which necessitates a large number of
essential auxiliaries for effective operation. The overall system is known as the fuel cell system,
which consists of the cell core and the auxiliaries (i.e., the hydrogen system, which provides
hydrogen gas to the anode, and the air system, which provides oxygen to the cathode). Through
the pressure sensor, the valve’s primary function is to modulate the pressure in the two systems
(air compressor and hydrogen source). While the humidifier and refrigeration system maintain
the fuel cell’s humidity level and temperature, respectively [87]. The behaviour of the stack
is significantly influenced by the behaviour of the auxiliaries; for example, the humidification
subsystem (drying or over-humidification of the membrane) reduces the production of electrical
energy and shortens the lifespan of the PEMFC.

5.3 Model of PEM fuel cell

The chosen model of the assembly is that presented by JC Amphlett et al [96]. This electro-
chemical model can be used to characterise the dynamic behaviour of a PEMFC assembly, and
it allows for the consideration of the various parameters necessary for a successful outcome.
At the level of an elementary cell, the quasi-static model is utilised to predict the voltage re-

sponse of the cell as a function of current, temperature, partial pressures of reactive gases, and
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Fig. 5.1 Structure of a PEM fuel cell system.[11]

membrane hydration. Due to polarisations such as activation, ohmic, and concentration, the
actual potential of a PEMFC is lower than its Nernst potential. This express is referred to as
[11, 97, 98]:

Vcell - VNerst - Vact - Vohm - Vcon (51)

The thermodynamic potential is defined by a Nernst equation in developed form as [22, 24,
11]:

1
Vierst = 1.229—0.85- 1073 (T —298.15) +4.31-107>- T - |In(Py) + sn(Po2)|  (52)

Where:

e T denotes the cell temperature [K].

® P> and Py are partial hydrogen and oxygen pressures [atm].

Note that the activation polarization at the anode increases with the current density, its ex-

pression can be written in the form [11, 99, 100] :

Vact = él + é::Z T+ 53 -T-In (COZ) + 54 -T-In (Istack) (53)

Where:

e ] stack are the operating current of the fuel cell (A).
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o &; & &3; &y are the parametric coefficients appropriate to each fuel cell model, Table 5.1
identifies the exact parametric coefficients used in this work.

e T are the temperature of fuel cell.

e CO, is the concentration of oxygen in the catalytic interface.

The concentration of oxygen in the catalytic interface is expressed by Henry’s law as follows
equat 5.4:

Fo2
5.08-106- (7
The losses of the concentration polarization are given by the following relation (equat 5.5):

J
Veon = —B-In (1 — ) (5.5
Jmax
Where:

e B is an empirical constant that depends on the type of FC and its operating state [12, 101].

Cox = (5.4)

e J is the current density of the permanent operation.
® Jax 1S the maximum current density.
The electrolyte and the electrodes obey Ohm’s law. We can express the ohmic losses by the

following equation 5.6:

1
Vohmic = Lstrack (6ﬂ +Rc) (56)

Steam diffusion coefficient of water vapor in the membrane is calculated by (equat 5.7)
[22, 91]:

1 1
= (0.005194 — 0.00324 1268 ( = — —— .
G = (0.005194 — 0.003 )exp( 68 (303 - (K))> (5.7)

The water content of the membrane is presented as:

A =0.043+17.81¢ —39.85¢>+36¢3,0< ¢ < 1
A=14+14(p—1),0 <3

(5.8)

The challenge of water management is to maintain a constant membrane hydration coef-
ficient. The latter is sensitive to drying and flooding [102]; these two constraints reduce the
membrane’s gas-transmission rate and degrade it. Therefore, it is crucial to maintain the mem-
brane’s correct hydration by adhering to the relative humidity given as (equat 5.9)[91, 103, 100].

P wout

Q= P (5.9)

The water vapour partial pressure Pw,,, is related to the absolute pressure at the output of
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the stack P,;; (atm), as represented by the following equation 5.10:

(0424 AY) Poyi
MU A (1+w) 4021

The saturated vapour pressure Py,(atm) depends on the temperature, which is given by the

(5.10)

following relation 5.11.

5120
P =10 137 ——" 11
sat 0‘“p<3 (uﬁ+zni5)> 1D

v is calculated by (equat 5.12):

— Gwin
v (610217: +CIresz)

q0,in = —lis.’j%c" (5.12)

A"Is ac
Jrest = 3764—}:k

Where:

® g,,in molar flow air in the inlet.

® gonin the molar oxygen flow rate at the inlet.

® g5 the molar flow rate of non-oxygen N, in the air.

The humidity of the membrane is affected in several parameters like humid airflow g,,iy,-

Figure 5.2 depicts the relationship between the change in humidity caused by a change in
qwin and the state of PEMFC when the temperature remains constant. During the fluctuation of
the value of g, there are three distinct regions based on the relative humidity percentage:

- Gwin < 0.4% 107 : too dry.

- Gywin > 1.5%107 : too wet.

To make fuel cell operates in normal conditions, the humid air flow must be between these
two mentioned values.

Figure 5.3 displays PEMFC as an electrical circuit with a simple structure, consisting of a
voltage source representing the Nernst potential in series with resistances representing voltage
fluctuations. Using equations 5.13, which involve the partial pressure of hydrogen (respective
oxygen) and the flux of hydrogen entering the cell (respective oxygen), the fluid dynamics have
also been considered.

The global dynamic models aid in predicting the electrical response (voltage or current) of
the [101] stack.
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Fig. 5.2 Relative humidity (%) curve as a function of the water flow rate input in PEMFC.

| (5.13)

Where:

e Kpp» gain of the hydrogen flow.

e Koo gain of the oxygen flow.

e Tz» time constant of the hydrogen flow.

® T, time constant of the oxygen flow.

5.4 Modeling of the PEMFC impedance model

Electrochemical Impedance Spectroscopy is a common technique for the fundamental analy-
sis of electrochemical device phenomena. In a PEMFC, equivalent impedances are used to
determine the electrochemical parameters (double layer capacity, membrane and connection re-
sistances, charge transfer resistance, etc.) or to analyse the internal behaviour of the PEMFC

(influence of humidification and drying of the membranes [20], monitoring of the lifetime of
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Fig. 5.3 Simplified dynamic model

the PEMFC [93]. The Randles circuit [12] is the most commonly used equivalent circuit in
measurement models. Figure 5.4 illustrates a comparable Using the PEMFC stack model, the

impedance of the fuel cell is expressed by (equat. 5.14):

1
Zcpe + (]/(RP+ZW))
The Warburg impedance is defined as follows (equat 5.15) [24, 12, 26]:

Rdtanh (Jjw(ta)) (5.15)

(5.14)

Zcell (]W) =Rpu+

Zy (jw) = N7
CPE
>
R |
—1 R, Zow
— AY \/V!

Fig. 5.4 Randles cell with CPE impedance.
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The constant (1), (R;) and Zcpg are given as follows (equat 5.16):

52
Td = )
Ry = RI8 (5.16)

Zcpe (jw) = Q(jlw)a

Therefore, the equivalent PEMFC impedance is calculated by the following equation 5.17:

. 5.17
OUw)™ + (1 (Rp+zw)) G-

If ¢ = 1, CPE is an ideal capacity.

When a = 0.5, CPE is the Warburg impedance.

Figure 5.5. depicts the spectroscopy impedance for a fuel cell in a distinct PEMFC state, as
presented by the (CPE) model and confirmed by experimental data for [12, 101]. In the normal
state, there is a minor arc at low and high frequencies, whereas in the case of flooding, there is
a large arc, whereas in the drought state, the arc on the right side of the Nyquist plot disappears.
Studying the parameters Rm, Rp, and Rd (equation 5.17) allows us to determine the state of the

fuel cell based on these observations.

5.5 Controller model by NNT for diagnostic PEMFC

Under the moniker deep learning, neural networks are experiencing a resurgence of interest and
even a massive fad. An artificial neural network is a learning system that is modelled after the
human brain. Typically, an artificial neural network is used to receive input-output relationships
in a neural network model developed for a specific application. Using a well-defined training
rule, the transfer function can alter the weights to assure the connection between the three layers
of the neuron network model. To train the NNT, its parameters, including its architecture, data,
and activation function, must be precisely defined. This phase is crucial because it entails an
iterative procedure for estimating the parameters of network neurons in order for the latter to
perform its function. After the training phase concludes, the trained network model must be able
to make the correct decision for unlearned input vectors. Here, the NNT training performance is
estimated using the Mean Squared Error (MSE); the MSE is computed by comparing the NNT
output values to the desired value, which is then used to update the weights using the dynamic
gradient descent algorithm

The water flow rate input (g,,;;) and operating time (¢) are input into the NNT to diagnose
the state of fuel cell health (PEMFC) using the NNT model. The condition of the fuel cell
can be diagnosed based on the outputs of the NNT model, which are the values of the physical
parameters of the EIS model (R, R, and R;). Finally, the experimental results obtained by
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Fig. 5.5 The Nyquist plot of the fuel cell impedance.
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Fouquet et al. [12] are compared with the results obtained by the NNT model.

5.5.1 PEMFC and ANN Architecture

The sub-models of the fuel cell system (pressure, voltage and relative humidity calculator) are

presented in Figure 5.6, whilst, the parameters of this model presented in Table 5.1 [12].

Table 5.1 Parameters of a normal operating condition of the PEMFC model .

Parameters Value

curent density : Jn 0.35 [A/cm?]
Temperature: T 320 [K]

Active area : S 200 [cm?]

Aair stoichimetry :Aa 3

Nember of fuel cells : NV 10

&l -0.948

& 0.00286+0.0002.1nS + (4.3.107°) InCpn
& 7.6x 1072

& —1.93x107*

Hydrogen valve constant : kg 4.22 x 10~3[kmol] /[s.A]
Oxygen valve constant : kpp 2.11 x 10~>[kmol] /[s.atm]
Hydrogen time constant: Tg» 3.37 [s]

Oxygen time constant : Tp) 6.74 [s]
Hydrogen-Oxygen flow ratio : rH-O 1.168

Kr constant =No/4F 0.996 x 10~%[kmol] /[s.A]
Vncen) 0.72 [V]

Water flow molare : gyn [0—3] x 10~*[mole/s]

The multilayer perceptron is a network of neurons arranged in successive layers. An input
layer interprets incoming signals, while an output layer generates the system’s response. In
addition, one or more concealed layers contribute to the transfer of information. A neuron from
a hidden layer is connected as an input to each neuron of the preceding layer and as an output
to each neuron of the following layer in a perceptron.

The concealed layer transfer function is defined by the following equation 5.18:

1

fu)= P} (5.18)
Where u represents the input of the hidden layer and calculated as (equat 5.19):
n
=Y (WiXi+bi) (5.19)

J=1
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5.6. RESULTS AND DISCUSSION

For the output layer, the equation that represents the network model is expressed as (equat
5.20):

N N

N
VKU = Z u, + b Z w?jf W,Jx, + b (5.20)
=1 j=1

Where:
e y; indicates the output signal from k' output neuron.
° wgi represents the weight of ' output ui to the k' neuron in the output layer.

e u; is the activation value of the j* neuron in the i layer.

The next two choices (the number of hidden layers and the number of neurons per hidden
layer) directly condition the number of parameters (weight W) to estimate the complexity of
the model; they contribute to the search for a good compromise (bias/variance), i.e. the balance
between learning quality and forecasting quality. The decision primarily concerns the control of
over-learning limits the number of neurons or the learning duration, or even the increase of the
parameter norm’s penalization coefficient. This necessitates identifying a technique for error

estimation, such as validation or test sample, cross-validation, or rap boots.

5.5.2 Neural network-based controller model

To simulate in Matlab how humidity affects the state of the fuel cell and how the values of the
Rm, Rp, and Rd change when the fuel cell is operating, we developed a neural network model
as depicted in Figure 5.6, which consists of two inputs ¢,,;, and t, three outputs representing the
values of Rm, Rp, and Rd to express the state of the fuel cell, and three hidden layers for each
(10, 5, 5) neuron. In addition, activation functions such as tansig, purelin, and purelin were
utilised in each concealed layer. Our neural network’s parameters are listed in Table 5.2. We
then proceeded to implement the parameter values shown in Table 5.3. Notably, these values
were derived from the experiments of Fouquet et al. [12]

Figure 5.7 shows the performance of the ANN training and the number of epochs, whereas
Figure 5.8 illustrates the correlation between the experimental results and those obtained by the
NNT model. Figure 5.9 depicts the output errors of the ANN model, which are approximately
10~7; this demonstrates the ANN model’s learning reliability.

5.6 Results and discussion

Based on what we observed in Figure 5.2, we set the value of ¢, in three phases in order to
examine the effect of RH % on the fuel cell’s state. As shown in Figure 5.10, g,,;, 1s maintained

at a constant value of 2 mol/s between 0 and 500 s. In this instance, the fuel cell is operating
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Table 5.2 ANN Parameters and training.

ANN model Parameters
Input 2
Output 3
Number HL 1 10
of HL 2 5
neuron HL 3 5
HL 1 tansig
Activation HL 2 purelin
functions HL 3 purelin
Output layer tansig
Epouch 1000
Performance 3.73x 10708
Gradient 1.31%1079
Mu 1.00% 109

Table 5.3 Physical parameters of fuel cell in different state.[12]

Test

Time[s] Rm [Ohm] Rp[Ohm] Rd[Ohm]

1(Normal state)
2

3
4
5
6
7

50 0.00398 0.0080 0.0034
1000 0.00406 0.00123 0.0094
1600 0.00400 0.0147 0.0172
3800 0.00416 0.0163 0.0312
3980 0.00512 0.0099 0.0051
5400 0.00685 0.0108 0.0056
6700 0.00880 0.0130 0.0101

* Slow increase of current (around 0.35 [A]).
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Best Training Performance is 3.7282e-08 at epoch 1000
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Fig. 5.7 The performance of the NNT training.
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Gradient = 1.3148e-06, at epoch 1000
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Fig. 5.9 The output errors of the NNT.
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under normal conditions (T and A are constant in all instances). However, the value of g,in
between 500 and 3800 s is 5 mol/s. The fuel cell is therefore in a flooded state. After that, g,,in
falls to 0.2 mol/s, indicating that the fuel cell is in a dry state.

By analysing the results obtained using the neural network model under various operating
conditions (see Figure 5.11, 5.12, 5.13), the following is observed:
- During the normal phase [0, 500] s, the values of R,,, R,, and R, are constant, indicating
system stability.
- Between 500 s and 3800 s, it is observed that the value of R,, remains constant; however, the
values of R, and R, increase by a large percentage in a short period of time due to the increase
in humidity within the fuel cell.
- The value of qwin has been decreased to 0.2 mol/s to determine the impact of drought on the
fuel cell’s properties. During this phase, the value of R, increases progressively; this corre-
sponds to the fuel cell’s drought. While the angle of inclination of the R, and R, curves in this
case is less than the state of drowning, this also indicates that the fuel cell is in a state of drying.
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Fig. 5.10 Molar flow air in the inlet.

o

Figure 5.14 displays the values R;,;, R,, and R; obtained from the neural network model
after 3000 s for both drowning and dehydration. It is evident from this graph that the value of
R,, remains unchanged in the normal and flooded states, while it increases by 20% in the drying
state. Also, the value of polarisation resistance increases by 25% in the case of drying and by
40% in the case of drowning compared to the typical state of the fuel cell.

The difference in R; values is a result of the difference in § caused by the accumulation of
water within the PEMFC.
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Fig. 5.11 Membrane resistance.
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Fig. 5.12 Polarisation resistance.
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Fig. 5.13  Electrical resistance.

In three-dimensional space, Figure 5.15 depicts the values of R, Ry, and R;,. There appear
to be three regions: region A (between 0 s and 500 s) represents the normal state, region B
(between 2000 s and 3800 s) alludes to the case of the flood, and region C (between 5800 s and
6800 s) indicates that the fuel cell is in a state of drought. We can estimate the condition of the

fuel cell based on these disparities.
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Normal
Flooding at 3000[s]
Drying at 3000[s]

Fig. 5.14 Radar diagram for classification of the state of health in different operating condi-
tions.
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Fig. 5.15 3D simulation of changing the fuel cell state during different time periods.
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HYBRID ARTIFICIAL NNT MODELS

5.7 Accurate Estimation of PEMFC State of Health using
Modified Hybrid Artificial NNT Models

The Randles physical model with CPE and the fuel cell output voltage (FCOV) patterns served
as the foundation for two techniques that make up the hybrid ANN model. Therefore, using
statistical analysis of Rm, Rp, Rd, and FCOV losses, this model is able to pinpoint the hydration
state (flooding and drying) and diagnose PEMFC failure types. The neuron network system’s
dependability and capabilities are provided by the integration of two sub-NNT models. The
suggested approach can let various models run free to find their optimal performance for use in

industrial applications.

5.7.1 ANN Architecture

The structure of the neuron network used in this investigation is depicted in Figure 5.16. The
experimental data from study of Fouquet [12] are used to train the first sub-NNT model. The
output of the second subNNT is created by combining the outputs of this subNNT. The input of
the first NNT model is constrained by the operation period and the molar flow of air entering
the fuel cell (qwin). Three under-layers (10, 5, and 5 neuron) are present in the hidden layer
for each hidden layer, correspondingly. The Rm, Rp, and Rdvalues are additionally indicated
by three neurons in the outputs layer. Each hidden layer’s tansig, purelin, and purelin activation
functions are distinct. The second NNT model’s input layer is connected to the neurons in
the first NNT model’s output layer, and the fourth input stands in for the operation time. Two
under-layers (5 and 4) of neurons are present in each hidden layer of the hidden layer. The
output layer serves as a visual representation of the fuel cell’s (SOH) V(CELL). The parameters
of each layer are estimated using the logsig and tansig functions, respectively. As a result, in
this study’s ANN, experimental samples are used to train it in order to create a sensor for failure
diagnosis. The test samples are then utilized to validate the defect diagnostic model’s accuracy.
The precision of the state of health can be greatly improved by this method. The experimental

model’s paramteres are illustrated in table 5.4.

5.7.2 Implementation and discussion

The fuel cell voltage is shown for each time period in Figure 5.17. Second sub-ANN provides
the fuel cell voltage response in order to show how the parameters of the Randles model might
vary and affect the fuel cell’s state of health. The fuel cell’s voltage remains constant between
0 and 500 seconds (i.e., under normal circumstances), and the Resistances of Randles model
maintains its values, demonstrating the fuel cell’s efficacy.

In addition, we see a decrease in fuel cell voltage in the flooding condition of the second
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Fig. 5.16 ANN model’s schematic diagram.

Table 5.4 ANN Parameters and training.

Parameters ANN 1 ANN 2
Input 2 4
Output 3 1
Number HL 1 10 5
of HL 2 5 4
neuron HL 3 5 /
HL 1 tansig logsig
Activation HL 2 purelin Logsig
functions HL 3 purelin /
Output layer tansig tansig
Epouch 1000 664
Performance 3.73%107%  9.99x10~7
Gradient 1.31%107% 2.79x107°
Mu 1.00x107% 1.00% 1078
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test. The rise in membrane ionic conductivity, as seen in Figure 5.17, is referred to as the drop
voltage. Moreover, the gradual increase in (Rm, Rp, and Rd) coincides with the progressive
voltage reduction that is immediately noticeable after 4000 s.

According to these findings, the decrease in voltage is directly related to the accumulation
of water inside the fuel cell’s channel due to the influence of water on the conductivity of the
membrane. The flood phase is influenced by the sluggish drop in FC voltage because when RH
rises, membrane conductivity rises as well.

Overall, the relative humidity variation into PEMFC and the change of the randles model
parameters may be used to determine the state of hydration using the proposed method. As
a result, the artificial neural network used in this study makes it possible to understand how

humidity influences fuel cell voltage.
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Fig. 5.17 Fuel cell voltage at various states.

5.8 Comparative methods

Table 5 5.5 provides an overview of the most important criteria of several research for PEMFC
diagnostic in comparison to the advised approach. The suggested methodology in this study
offers a lot of benefits over other methods that call for a lot of databases and tools, and this is
supported by comparative analysis in terms of fast, accurate prognosis, quick implementation,

and low cost.

81



5.8. COMPARATIVE METHODS

Table 5.5 Comparison of relevant and recent research on PEMFC diagnosis

Approaches

Idea

Hard/ software

Advantages

Drawbacks

Ref

Neural networks tech-
nique.

V' It has been suggested that the NNT model
can estimate (RNNT_int, RNNT_pol) in both
drying and flooding scenarios.

v NNT learning phase

v aback-propagation method
used for data collecting.

v Its prediction is accurate.

v Numerous data are needed
for it.

[22]

Invasive diagnostic
procedure  employing
a new magnetic field
measurement tech-
nique.

v The magnetic field sensors inside the stack
are placed in the end plates.

V" The density of the current can be determined
from the field data itself.

v The spread of MEA current can be visualized
using the magnetic field.

v Film-formed gas tempera-
ture sensor

v'S++ Simulation Services.

v The measurement is per-
formed as closely as feasible
to the defect.

V" In most cases, exploitation
is straightforward.

v Incorporating sensors into
the PEMFC system affects its
inherent behavior.

[67]

Aapplications for
in-situ diagnosis that
gauge changes in volt-
age and the magnetic
field.

V' This method was validated on a 300-watt
stack.

V' Every four cells, 15 tri-axis sensors were in-
serted.

v' The current density was determined by
measuring the magnetic field with PEMFC-
equipped electrodes.

v' In the PEMFC stack’s
cooling channels, magnetic
field sensors have been in-
stalled.

v Non-destructive and en-
abling non-contact measure-
ments.

v Itis difficult to separate the
impact of the problem from
that of the sensor.

[69]

Analysis of THDA (To-
tal Harmonic Distor-
tion).

v' (AVL) Total Harmonic Distortion technology
can track voltage fluctuations in a single cell
without requiring V (cell) readings.

v Databases containing up to
a few hundred voltage chan-
nels.

v Significantly decreases the
amount of wiring

v’ contacting and hardware
required.

v There are no conceptual
modifications required for ex-
isting stack designs to imple-
ment this system.

[5]

Utilisation of electro-
chemical  impedance
spectroscopy (EIS) in
the administration of
power transformers.

v Better diagnosis and management are made
possible with this technology thanks to the pro-
posed EIS.

V" Real time EIS was used.

v The EIS is accomplished
through the power converter.

v/ Variations can be moni-
tored using EIS results for on-
board diagnostics or control
optimisation.

v costly in terms of compu-
tation.

v For EIS measurements,
more equipment is needed.

[75]

The acoustic emission
AE technique.

v The Nafion samples were measured for EIS
and AE as they dried.

v’ After the loss of water, the resultant electro-
chemical parameters yield linear or exponential
reactions.

v Piezoelectric transducer.

v Specific measuring instru-
ments.

V' Analysis of fuel cell
components using a Non-
destructivetechnique ~ shows
promise.

v’ needs a sizable data set
produced by PEMFC-based
EIS experiments.

[82]

PEMFC diagnostic us-
ing AC impedance.

v In the typical EIS, both in situ and ex situ
impedance measurements are discussed, inves-
tigated, and presented in a variety of scenarios.

v'Potentiostatic.
v'measurements at different
modes of gas-feeding.

v galvanostatic measure-
ments.

v A quick AC impedance
method is briefly discussed.

V' The lack of a straightfor-
ward method to determine the
impedance of a single elec-
trode is usually negligible.

8]

Applying a Neural Net-
works methodology to
the EIS and polariza-
tion curves method.

V' In this study, the ANN model employed a
mixed approach based on stack voltage singu-
larity measurement in addition to EIS measure-
ment.

v Al technology is used to estimate and diag-

nose a fuel cell’s health state in both cases of
flooding and drying out.

V" The backpropagation tech-
nique was used throughout
the NNT’s learning phase,
and data collecting was done
on an empirical basis.

v Predict fuel cell output
voltage loss quickly with this
prognostic tool.

V' Predicting fuel cell break-
down due to insufficient wa-
ter management (such as
flooding or drying) may be
possible with the proposed
neural network model.
v'Easy, quick to implement

v'low cost.

v It is advised that more re-
search be done to create a
more focused control algo-
rithm for this model so that
it may be implemented as
an intelligent water manage-
ment controller with poten-
tially adaptable targets for re-
configuration control and/or
preventative maintenance.

Proposed
method
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5.9 conclusion

In this chapter, neural network technology is used to estimate and diagnose the state of health
of the fuel cell by determining the electrochemical impedance parameters.

Based on the achieved results, we found that there are three parameters that help to identify
the state of PEMFC, which are Rm, Rp, and Rd (as shown in the Randles model). In addition,
this technology contributes to accurate diagnosis without requiring costly equipment, making it
appropriate for practical applications. Overall, our model can be incorporated into the fuel cell’s

control system to improve water flow rate management in both inundation and drying scenarios.

83



Chapter 6

General conclusion and future works
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6.1. GENERAL CONCLUSION

6.1 General Conclusion

Global warming and the increase in the level of pollution incite the use of the renewable energy
solutions rather than traditional sources of energy. Polymer electrolyte membrane fuel cells
technology is become one of the main promising renewable power devices. PEMFC’s accuracy,
reliability, and durability are essential in the practical field and limiting factors to marketability.
Therefore, it is important to avoid and diagnose early degradation.

Fault diagnostics “i.e. fault detect and isolate” are used to determine the procedure con-
sisting in identifying the possible cause(s) of failure(s) or the evolution of one or more impor-
tant degradation factors (flooding, drying, fuel or oxidizer starvation, catalyst poisoning, etc...).
using logical reasoning based on a set of information, the corrective actions can be taken to
increase the service life of PEMFC.

Artificial intelligence was developed with the goal of simulating the behaviour of the human
brain. Artificial intelligence and machine learning are attracting increasing interest in materials
development and power systems control/monitoring. To this aim, This study provides detailed
analysis of pros and cons of several existing approaches for fuel cell diagnosis techniques and
focuses in finding a suitable, effective, and easy to use method, to avoid the frequent mistakes
that are presented by the poor flow of water inside the fuel cell during its operation. Towards
this aim, the artificial intelligence technology is proposed. More specifically, a neural net-
work model is used to enable monitoring the influence of the humidity content of the fuel cell
membrane, through employing electrochemical impedance spectroscopy method (EIS analy-
sis). This technique allows analyzing and diagnosing PEM fuel cell failure modes (flooding
and drying). The benefit of this work is summed up in the demonstration of the existence in a
simple way that helps to define the state of health of the PEMFC.

6.2 Author’s contributions

One of the promising method based PEMFC diagnostics, becoming important for researchers,
is ANNS, it provides many advantages compared to other traditional techniques that require a
large number of instruments. -The neural network method proposed could be effective to predict
the degradation caused by poor water management of the fuel cell (i.e. Flooding, Drying).

In this work, we suggested to employ the ANNs in the fuel cell system, we have several
of inputs and outputs. Through the received inputs/outputs relationships the ANN model helps
to diagnose the fuel cell status in a fast way based on three steps: learning, classification and
testing. Typically, this process can be trained the data for any system to learn the ANN model
without any physical equations. To simulate Matlab how humidity affects the state of the fuel
cell and how to change the values of the Rm, Rp, and Rd when it is operating during periods,

we formed a model of a neural network that is constituted of two inputs (qwin) and (t). Based
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on the outputs of NNT model, which are the values of the physical parameters of the EIS model
(Rm, Rp, and Rd), one can diagnose the state of the fuel cell.

We have presented a fast prognostic tool to predict the output voltage loss in the PEMFC.
The main idea behind using output voltage loss to diagnose the SOH of PEMFC is that neural
network approach presents a high sensitivity to identify the parameters of the Randles model

and capable to predict response of voltage under a sudden change in relative humidity.

6.3 Future works
The future studies can be summarised as follows:

e Propose new diagnosis methods based on Al and publish results in peer-reviewed journals

as well as in international conferences.

e We aim to adopte the magnetic tomography extracted from their magnetic fields of the
PEMEFC to estimate the useful information for the FC diagnosis, we will use the con-
volutional neural network (CNN) in the training and testing to classify each PEMFC’s
interior picture into a category, i.e. flooding, drying and anodic/cathodic starvation, thus
obtaining the state of health of the fuel cell.

Finally, It is hoped that the proposed method can give free rein to different models get
the best performance to be practical in the industrial applications. The proposed models will
be exploited and explored for the development of diagnosis systems in this field as well as in

different domains.
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