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INTRODUCTION

During the last few decades, electric vehicles (EVs), and most recently hybrid electric
vehicles powered by fuel cells (FCHEVs) have a fast growing interest due to environment
pollution and energy crisis. Compared to conventional thermal machine, fuel cell power
generation system shows some significant advantages, such as high conversion
efficiency, reduced greenhouse gas emissions, and fast fueling time. With these
advantages, fuel cells have been widely considered as a more suitable energy device
for long-range EVs. Among different fuel cell types, proton exchange membrane fuel
cell (PEMFC) has the aforementioned advantages. In addition, it can operate at lower
temperature and lower pressure with higher power density compared to other types of

fuel cells.

Nevertheless, before mass commercialization of PEMFC, there are still many research

works need to be done:

1) Design of appropriate conftrol strategies and auxiliaries to achieve PEMFC
optimal working modes (air compressor, humidifier, cooling circuit, power

converters, etc.);

2) Fuel cell lifespan should be increased in order to meet the requirements of
different applications, 5000 hours are required for transportation applications,

and 100,000 hours are required for stationary;

3) Fuel cell vehicles are currently too expensive to compete with hybrids and
conventional gasoline and diesel vehicles. The production costs of the PEMFC

stack and hydrogen storage needs to be reduced,;

4) The solutions of producing, fransporting, and dispensing hydrogen need fo

widespread implementation.

To achieve these goals, it is important to develop advance real-fime confrol and
monitoring methods to optimize the fuel cell operation. However, it is very difficult to
observe the internal variables and state of fuel cell during its operation. Since PEMFC
incorporates different control variables in different physical domains with different time
constant ranges, such as voltage transient due to double layer capacitance, gas
pressure variation due to the volume of gas manifold, water content variation due to the

water absorption in membrane and temperature variation due to the cell thermal
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capacity, all these dynamic phenomena in different physical domains are indeed inter-

coupled between each other and the variation of one would influence another.

A good understand of how these parameters impact the fuel cell performance would
be very useful for fuel cell system design and control development. Therefore, an
accurate multi-physical PEMFC model could greatly help the system control strategy
development and the parameters sensitivity analyses. The main objective of this thesis is
to present a dynamic multi-dimensional multi-physical PEMFC (electrochemical, fluidic,
and thermal) model, which can be used for control coupling analysis, spatial distribution
of physical quantities prediction, real-time control implementation and prognostic. The

main contributions of this thesis can be summarized as follows:

1) A multi-dimensional dynamic modeling approach for a PEMFC is developed. The
proposed PEMFC model covers multi-physical domains for electrochemical,

fluidic, and thermal features;

2) A variable coupling analysis of fuel cell dynamic behaviors is presented and
discussed based on the developed dynamic PEMFC model. This coupling analysis
can help engineers to design and optimize the fuel cell confrol strategies,

especially for the water and thermal management in fuel cell systems;

3) A 2-D modeling approach for PEMFC for real-tfime control implementation is
developed. The practical feasibilities of the modeling approach for advanced

real-time confrol of PEMFC systems have been experimentally demonstrated;

4) Two novel approaches for PEMFC performance degradation prediction are
proposed. These prediction methods have been experimentally validated and
their stfrong capabilities on forecasting the future frend of PEMFC degradation

voltage under different fuel cell operation conditions have been demonstrated.

This thesis is organized as follows: Preface presents a brief intfroduction of proton
exchange membrane fuel cell, and gives an overview on PEMFC multi-dimensional

modeling approaches.

Chapter | proposes a dynamic multi-physical model of a proton exchange membrane
fuel cell which considers electrical, fluidic and thermal domains. In addition, an
innovative 2-dimensional modeling approach who considers in particular the fuel cell
flow field geometric form is presented, in order to fully consider the characteristics of
reactant gas convection in the serpentine gas pipeline and diffusion phenomena

through the gas diffusion layer (GDL).



Based on the PEMFC dynamic multi-physical model developed in the previous chapter,
a variable coupling analysis of fuel cell dynamic behaviors is presented and discussed in
the first part of Chapter Il. The analyses of dynamic phenomena step responses are

conducted using the relative gain array (RGA) for various control input variables.

Chapter lll proposes a novel real-time modeling approach based on the 2-D PEMFC
multi-physical model developed in the Chapter I. In this approach, differential equations
for reactant gas convection and diffusion phenomena in serpentine channels are
fransformed into tfridiagonal systems of equations, in order to use an efficient numerical
solver tridiagonal matrix algorithm (TDMA). In addition, a three levels bisection algorithm
has been developed to solve spatial physical quantity distributions of electrochemical

domain.

In the first part of Chapter IV, A multi-physical aging model has been proposed in order
to predict the output voltage degradation of PEMFC. In the proposed aging model,
three most important aging phenomena during PEMFC operation are considered. In
addition, particle filter and extrapolation approach are used to estimate the aging
parameters. In the second part of Chapter IV, an innovative approach for PEMFC aging
prediction based on a combination of model-based and data-driven methods is
presented. The proposed hybrid prognostic method is able to capture both the fade

frend and non-linear features observed in the fuel cell voltage degradation data.
A conclusion is given af last.

As another energy power source widely used in the FCHEV powerirain, the lithium-ion
batteries have advantages of high energy density and long cycle life. In order to
accurately estimate state of charge (SOC) of battery during the FCHEVs operation, a
novel approach for battery SOC estimation based on multi-models data fusion

technique is presented Appendix A.

The last focus of this thesis is energy management strategy for FCHEVs, since it directly
affects the efficiency and performance of energy storages in FCHEVs. For example, by
using a suitable energy distribution controller, the fuel cell system can be maintained in a
high efficiency region and thus saving hydrogen consumption. In Appendix B, an on-line
adaptive energy management conftrol is proposed based on extremum seeking method
and fractional-order calculus, in order to improve both the performance and durability
of PEMFC used in the FCHEVs.



PREFACE

0.1 Introduction to Fuel Cell: What is Fuel Cell

Nowadays, the research on fuel cells is a very active field, since fuel cells have been
considered as one of the most aftractive green energy generation device [1]. Different
from lithium-ion battery [2][3]. fuel cells are energy conversion devices which require a
continuous source of fuel and oxidant (usually air or pure oxygen) to sustain the
chemical reaction, in order to converts chemical energy into electricity, whereas the

lithium-ion battery is energy storage device.

There are many different fuel cell types. For example, a single proton exchange
membrane fuel cell generally consists of two separate electrodes cathode and anode,
as well as an electrolyte. The gaseous fuels and oxygen respectively tfransport in the gas
pipeline of cathode and anode, and diffuse from the gas diffusion layer to the catalyst
layer. In the anode catalyst layer, the fuel is oxidized to generate electrons and protons
(positively charged hydrogen ions), these protons flow from the anode side to the
cathode side through the electrolyte (membrane), and are further reduced by
absorbing electrons and profons to produce water. At the same time, electrons are
drawn from the anode electrode to the cathode electrode through an external
electrical circuit, producing directly the electricity. The complete electrochemical

reaction in the fuel cell system can be written as the following [4]:
1
H, + EOZ — H,0 + Electricity + heat

Based on their functionalities, a single proton exchange membrane fuel cell in a fuel cell
stack can be separated into eight functional layers: one cooling channel, one
membrane, two catalyst layers, two gas diffusion layers and two gas supply channels [5].
It should be noted that, electrical potential of an individual cell is relatively low, this
voltage is generally around 0.7V. In order to provide sufficient electrical power to meet
the requirement of applications, a fuel cell stack is commonly composed (placed in

series) of a dozen or even a hundred individual cells [6].

0.2 Different types of Fuel Cells

Fuel Cells can be mainly categorized by electrolyte types. The electrolyte types

determine the catalysts types and chemical reactions inside the fuel cell, as well as the
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operation temperature. The commonly used fuel cell types are listed in the following

subsections.

0.2.1 Proton Exchange Membrane Fuel Cell (PEMFC)

Proton exchange membrane fuel cell is considered as a more suitable energy device for
mobile applications, such as hybrid electric vehicles or portable power supply, since it
can operate at lower temperature and lower pressure with higher power density
compared to other types of fuel cells [7]. In the proton exchange membrane fuel cell
Nafion (copolymer fluoropolymer) are usually used materials for exchange membrane,
platinum is widely used as the catalyst for PEMFC. The operation temperature of proton
exchange membrane fuel cell system is around 80 °C, its chemical reactions can be

expressed as follows

The electrochemical half-reaction occurs at the anode electrode:
2H, - 4H* + 4e”

The electrochemical half-reaction occurs at the cathode electrode:

0, + 4H* + 4e~ - 4H* + 2H,0

0.2.2 Alkaline Fuel Cell (AFC)

The alkaline fuel cell (or hydrogen-oxygen fuel cell) is one of the most developed fuel
cell, which is used in Apollo space program to provide the source of electrical energy
and drinking water [8]. The design of alkaline fuel cell is similar to the PEMFC, but the
electrolyte used in the alkaline fuel cell is generally a porous matrix saturated with an
aqueous alkaline solution, for example the potassium hydroxide (KOH) or Sodium
hydroxide (NaOH). Its operation temperature is similar to PEMFC, the materials of catalyst
required for the electrodes can be selected from a number of relatively inexpensive
chemicals, but with a lower current density. The chemical reactions for alkaline fuel cell

system can be expressed as follows:

The electrochemical half-reaction occurs af the anode electrode:
2H, + 40H™ - 4H,0 + 4e~

The electrochemical half-reaction occurs af the cathode electrode:

0, + 2H,0 + 4e~ - 40H"



0.2.3 Phosphoric Acid Fuel Cell (PAFC)

In the phosphoric acid fuel cell, the phosphoric acid is used as a non-conductive liquid
acid (electrolyte) to transfer positive hydrogen ions from anode to cathode through an
external electrical circuit [?]. Since the phosphoric acid fuel cell has a simple and stable
structure, it is generally used in the stationary applications. The phosphoric acid fuel cell
system can operate efficiently in the temperature range from 150 °C to 200 °C, its

chemical reactions can be expressed as follows:

The electrochemical half-reaction occurs at the anode electrode:
2H, - 4H* + 4e”

The electrochemical half-reaction occurs at the cathode electrode:

0, + 4H* + 4e~ - 2H,0

0.2.4 Molten Carbonate Fuel Cell (MCFC)

The Molten carbonate fuel cell is quite different from the previous fuel cell types: it uses
an electrolyte composed of molten carbonate salts suspended in a porous ceramic
matrix and chemically inert solid electrolyte of alumina beta [10]. The molten carbonate
salfs in this type produce the C03~ migrate ion from the cathode to the anode, then the
hydrogen with carbonate ions from the electrolyte to produce water, carbon dioxide,
and electrons. The operating temperature of molten carbonate fuel cells is above 650 °C,

its chemical reactions can be expressed as follows:
The electrochemical half-reaction occurs at the anode electrode:
CO3™ + H, » CO, + H,0 + 2e~

The electrochemical half-reaction occurs at the cathode electrode:

1
CO; +50; + 2e™ - €03

0.2.5 Solid Oxide Fuel Cell (SOFC)

The solid oxide fuel cell uses a solid material as the electrolyte, such as dense ceramic
materials yttrium-stabilized zirconia (YSZ), which separates gases from the anode and the
cathode, blocks electrons and conducts oxygen ions 02~ from the cathode to the
anode [11]. Since the solid oxide fuel cell requires high operating temperatures (from 800
°C fo 1000 °C), it is generally used for stationary applications. The chemical reactions for

solid oxide fuel cell system can be expressed as follows:



The electrochemical half-reaction occurs at the anode electrode:
2H, + 20% - 2H,0 + 4e”
The electrochemical half-reaction occurs at the cathode electrode:

0, + 4e”~ — 202"

0.2.6 Direct Methanol Fuel Cell (DMFC)

The methanol fueled fuel cell is derived based on the proton exchange membrane fuel
cell. It directly uses methanol (CH;0H, in a liquid form) as the fuel. The main advantage of
methanol fueled fuel cell is that the methanol is a relatively stable liquid, which is easy
and low cost for transportation [12]. The efficiency of methanol fueled fuel cell is lower
than other fuel cell types, it is generally used for portable applications, where the energy
density is more important than efficiency. During methanol fueled fuel cell operation, the
methanol is firstly converted to carbon dioxide and hydrogen at the anode, and the
remaining steps of the reaction are similar to the PEMFC, its chemical reactions can be

expressed as follows:
The electrochemical half-reaction occurs at the anode electrode:
CH;0H + H,0 - CO, + 6H* + 6e~

The electrochemical half-reaction occurs at the cathode electrode:

3
502 + 6H* + 6e” - 3H;0

0.3 Why We Need A Proton Exchange Membrane
Fuel Cell Model

Nowadays, research on proton exchange membrane fuel cells (PEMFC) has made
major advances in sustainability, cost and compactness [13] [14], compared to other
types of fuel cell, the PEMFC can provide higher power density for transport and
portable applications with relatively short start-up time and lower operation temperature

and pressure [15].

Nevertheless, before mass commercialization of PEMFC, one of the major challenges in
PEMFC research is the development of appropriate control strategy for PEMFC stack
and system auxiliaries (i.e., air compressor, cooling circuit, power converter), in order to
maintain the optimal operation conditions of fuel cell system [16]. In addition, the PEMFC
stack is a very compact device since it incorporates different phenomena in different

physical domains. During fuel cell operation, these dynamic phenomena are indeed
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inter-coupled between each other and the variation of one would influence another. In
practice, it is very difficult to observe the internal variables and state of fuel cell during its

operation.

In order to get a good understand of how these parameters quantitatively impact the
fuel cell performance, and further help engineers to design and optimize the fuel cell
conftrol strategies, one possible solution for this problem is using a model-based control
method. This brings up the need of an accurate and precise PEMFC dynamic model,

which at least considers the following issues:
1) Dynamic behavior should be considered for fransient state control;

2) The developed model should have a capability to provide multi-dimensional
behaviors, which is very useful fo give insights into the inferaction effects of

parameters on the fuel cell spatial performance;

3) The practical feasibilities of advanced real-time control of PEMFC systems should
be considered, in order to effectively perform quantitative analysis of fuel cell

performance and make fast control decisions.

4) Consideratfion of major internal physical aging phenomena of fuel cell for
degradation prediction, for example the fuel cell ohmic losses, reaction activity

losses, and reactants mass fransfer losses.

The above issues are detailed presented in the following subsections.

0.3.1 Dynamic Behaviors

The conftrol of the fuel cell system (air compressor, cooling circuit, power converter, etc.)
is a very complicate work because it incorporates different control variables in different
physical domains [17]. During fuel cell operation, different dynamic phenomena within
different fime constant ranges, such as voltage transient due to double layer
capacitance, gas pressure variation due to the volume of gas manifold, water content
variation due to the water absorption in membrane and temperature variation due to
the cell thermal capacity, can be clearly observed during load fransient [18]. These
dynamic phenomena in different physical domains are indeed inter-coupled between
each other and the variation of one would influence another. This inter-coupling effect is
especially important between the dynamic phenomena which have similar transient
time constants. Thus, all these dynamic phenomena should be considered in the
developed PEMFC model.



0.3.2 Spatial Distribution of Physical Quantities

Compared with one-dimensional models, a mulfi-dimensional PEMFC model has a
capability to provide spatial distribution of physical quantities, which is very useful for

spatial non-uniformity and control coupling analysis [19].

For example, the one-dimensional modeling of fuel cell bipolar plate flow field are too
simplified and do not represent accurately the pressure distribution characteristics, since
the fuel cell gas supply pipeline is assumed to be single and straight. In reality, cathode
and anode gas supply channels may be of different patterns like single serpentine,
parallel serpentine or inter-digital channels. Therefore, a comprehensive representation
of non-homogeneous gas phenomenon by fully taking the geometric form of the fuel
cell pipeline into consideration is particularly useful to achieve highly accurate spatial

distribution information for two-dimensional model of PEMFC.

0.3.3 Real-Time Applications

Different from the common modeling approach, a real-fime oriented fuel cell model has
more restrictions: the accuracy and computational efficiency of a real-time fuel cell
model are both crucial for model based control process [20]. A sophisticated fuel cell
model can provide comprehensive physical quantities for model-based control design
and optimization. While the high performance computation of a fuel cell model ensures
the model-based confroller can be efficiently implemented in real-time applications

with a low cost of computations.

0.3.4 Degradation Prediction

It is meaningful to develop a multi-physical aging model for degradation prediction of
fuel cell performance [21]. This multi-physical aging model considers the real physical
aging phenomena during the PEMFC degradation process. Although the model-based
methods need large computations and complex physical model, it can predict not only
the system degradation tfrend (fuel cell output voltage decay over time), but also the

information about the internal physical parameters during the degradation process.
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Chapter |: Multi-Physic Proton
Exchange Membrane Fuel Cell
Modeling

In this chapter, a dynamic, multi-physical model of a proton exchange membrane fuel
cell is fully developed at first. This model considers in particular the coupling effect
between the dynamic behaviors during fuel cell transient operation. In addition, an
innovative two-dimensional modeling approach is presented for proton exchange
membrane fuel cell. Specifically, the proposed two-dimensional model covers multi-
physical domains for both electrochemical and fluidic features, and fully takes the fuel

cell channel geometric form into consideration.

1.1 Literature Review

Generally speaking, a lower dimensional fuel cell model may ignore some spatial
physical quantities but a lower computational cost. For example, the one-dimensional
model is considered as a macroscopic model, which describes the physical behaviors
on the basis of individual layers in a single cell. Although the spatial distribution physical
variables cannot be obtained using the one-dimensional models, the fuel cell dynamic
phenomena can be well represented by first-order differential equations. Therefore, the
one-dimensional models are preferred to investigate the transient behaviors inside the

fuel cells. Many PEMFC dynamic models can be found in literature [1]-[4].

S. Park et al. [1] propose a dynamic PEMFC model which considers dynamic behaviors
of temperature and two-phase effects. Based on the proposed model, a comparative
study of transient behaviors are further performed including dynamics of temperature,
oxygen and vapor concentration in the gas diffusion media, liquid water saturation, and

the variations of water content in the membranes.

Z. Zhang et al. [2] propose a semi-empirical dynamic PEMFC model. The effects of the
equivalent internal resistance and the stack thermal behavior on the output
characteristics of PEMFC are investigated under different load conditions. The
experimental validation shows that the proposed model can provide an accurate

representation of the static and dynamic behaviors under different load conditions.



K. Sedghisigarchi et al. [3] give a dynamic and tfransient analysis based on a dynamic
solid-oxide fuel cell model, the temperature dynamics in thermal domain and the output
voltage losses dynamics in elecfrochemical domain are both considered in the
developed model. The simulation results show that, for a very fast load variation, the

temperature dynamics can be ignored.

F. Gao et al. [4] present a multi-physical dynamic PEMFC stack model, which can be
directly used in real-time applications. This dynamic PEMFC model covers three physical
domains for electrochemical, fluidic and thermal features. Specifically, a fuel cell
dynamic time constants analysis is performed, and the dynamic responses of different

physical domains are shown through current step.

A common drawback of these models is that the different fuel cell dynamic
phenomena, especially the ones with similar time constant, are not considered
simultaneously or over-simplified, thus make them unsuitable for dynamic variable

coupling analysis.

Compare to one-dimensional models, multi-dimensional models have a capability to
provide local phenomena and spatial distribution physical variables, which is very useful
for spatial non-uniformity and control coupling analysis. However, calculating such
complex physical quantities leads to higher computational requirements. Many PEMFC

multi-dimensional models have been previously proposed in the literature [5]-[8].

Y. Shan et al. [5] propose a dynamic two-dimensional PEMFC model, which considers
the fluidic and thermal behaviors. In order to obtain the temperature dynamic
distribution along the gas channel direction and through-plane direction, a numerical
solver is used based on SIMPLE algorithm. In addition to the thermal dynamic behaviors,
the proposed 2-D model can also predict the current density and oxygen concentration

dynamic distribution.

X. Wang et al. [6] present a three-dimensional non-isothermal PEMFC model. This model
uses two different water fransport equation to descrice the water two-phase
fransportation during the fuel cell operation. Based on the developed model, a
parameter sensitivity analysis is performed to show effects of different parameters on the

fuel cell polarization curve.

S. Um et al. [7] develop a multi-dimensional transient model for PMFC. The proposed
model simultaneously considers the electrochemical kinetics and hydrodynamics. In
order to predict not only the experimental polarization curves, but also detailed

distribution of electrochemical and fluidic features, the conservation equations are
14



numerically solved using finite volume based computational fluid dynamics (CFD)

approach.

B. Sivertsen et al. [8] infroduce a comprehensive non-isothermal three-dimensional
PEMFC model. In the presented model, the fluid fransport inside the fuel cell gas
channels and gas diffusion layer, as well as the thermal behaviors are developed and
solved based on the framework of a CFD code. This CFD computational model can

accurately predict the cathode over-potential distribution.

A common drawback of these works is that the presented fuel cell bipolar plate flow
field (gas channels) models are over-simplified (or not even considered). Thus they
cannot describe accurately the non-linear and non-uniform pressure distribution
characteristics. On the other hand, as a commonly used modeling fechnique for mulfi-
dimensional model, the CFD models [7]-[8] are not suitable for real-time model-based

controller since the computational burdens are too heavy.

1.2 Multi-Physical PEMFC Model

In this section, the presented PEMFC dynamic model is based on a developed multi-
physical PEMFC model in the previous works [?]-[10]. The PEMFC stack level and the
single cell level are shown in the Figure 1.1. As shown in Figure 1.1, one fuel cell stack

level can be separated into eight cell layers, which consist of:
1) Cathode cooling channel layer;
2) Cathode gas supply channel layer;
3) Cathode gas diffusion layer;
4) Cathode catalyst layer;
5) Proton exchange membrane layer;
6) Anode catalyst layer;
7) Anode gas diffusion layer;

8) Anode gas supply channel layer.
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Figure 1.1 PEMFC stack level and the single cell level

The advantage of this cell layer structure is that each modeling layer can be described
separately by its own physical equations and the boundary conditions. Each cell layer is
considered as a control volume in the presented model. For each cell layer, the

modeling of different physical domain is presented in the following subsections.

1.2.1 Electrical Domain Modeling

As an electricity-converting device, the PEMFC converts fuel energy into electricity
through electrochemical reactions. Therefore, the electric domain is included in the

proposed PEMFC model.

The total output voltage V., of a single-cell can be calculated by the following

equation:

Veetr = Ecett = Vonmic — Vact 1.1

where E_,; is the single fuel cell thermodynamic voltage (V). V,nmicis the ohmic voltage

drop (V). V,.: is the cell activation voltage drop (V).

The thermodynamic voltage E,,; is calculated from the following Nernst equation [11]:



-3 R-Teata
Ecoy =1.229 —0.85-107°(T,q¢q — 298.15) + °F ln( Po, cata PHZ,cata> (1.2)

where T..., IS the catalyst layer temperature (K), F = 96485 is the Faraday constant
(C/mol), R = 8.314is the ideal gas constant, Py, cqq is the oxygen pressure (atm) at the
interface of cathode catalyst layer, Py, cqcq is the hydrogen pressure (atm) at the

interface of anode catalyst layer (please refer to the last paragraph of this section).

The membrane resistance R,,.., (Q) is calculated by [12]:

S
f " memdz
Rpem = < (1.3)

Amem

where A,..n is the section surface of membrane (Mm2), 6,,.., is the membrane thickness
(M). Tmem is the resistivity of membrane (Q-m) which can be calculated by the following

equation [12]:

Trem 303 iF0<A, <1
0.1933 if w

T = 1.4
1L o
0.51931,, — 0.326 w

Thus, the cell ohmic voltage drop V,,mi- can be calculated from Ohm's law equation
[13]:

Vormic = 1" Rmem (1.5)

The electrochemical activation voltage drop V,.; of single cell can be calculated by

Butler-Volmer equation [14]:

(aanV ) (_(l—ac)nFV )
I = iOAcata e \RTcata act) _ e RTcqta %t

(1.6)

where i is the stack current (A), a. is the charge fransfer coefficient, nis the electrons
number. The exchange current density i, (A/m2) can be calculated by an empirical

equation [15]:

EC T(:ata
P — ., . pBe R (158e5)
lo =Yc POZ,cata e cata

(1.7)

where y. and B, are empirical parameters, E, is the oxygen acftivation energy on the
electrode catalyst interface. It should be noted that, the V,.; in anode side for fuel cells

of PEMFC type can be neglected due fo the easy electrochemical process.

It can be seen from the equation 1.6 that, the term activation voltage drop V, is in an

implicit form. In order to explicitly calculate this non-linear implicit Butler-Volmer equation
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to obtain the value of V., an iterative solver is used. For a high stack current, the Butler-

Volmer equation can be written as the well-known Tafel equation [16]:

i

) (1.8)

=——In (-
W anF T NigAcata

The dynamic behavior of activation losses voltage V,., in the electrical domain due to

the "double layer effect” can be expressed by:

i Vact
—v =—(1-
dt act Cdl ( Vact

) (1.9)

1.2.2 Fluidic Domain Modeling

It should also be noted that, since the Py, cqrq AN Py, cara Us€d in equation 1.2 are
reactant gas pressure at the catalyst layer interface instead of the gas supply channels,
another fuel cell over-potential term due to pressures drop through the GDL, well known
as “concentration losses”, has been already implicitly considered in the proposed fluidic
model. Therefore, the fluidic behaviors inside fuel cell, such as reactants convection in
the channels and diffusion through gas diffusion layer, have a great impact on fuel cell

performance. In this section, the fluidic domain modeling is presented.

1.2.2.1 Cooling Channels
In the gas channel, the Reynolds number can be calculated by the following equation
[17]:

Re = Doas gashydro gas%ﬁD"ydm (1.10)

where Dy is the channel hydraulic diameter (m), uis the mean fluid velocity in the
channel (Pa s). The mean velocity V4, (m/s) of gas can be calculated based on the

following equation:

_ 4
Apgas

(1.11)
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where q is the fluid mass flow (kg/s), A is the fotal section of cooling channels (m2). The

fluid density (kg/m3) pges can be calculated by ideal gas equation of state:

MP

Pgas = ﬁ (1.12)

The gas pressure drop AP,,,; of serpentine channel depends on the surface friction losses

of straight pipeline, which can be modeled by the Darcy-Weisbach equation [18]:



AP, = 1.13
cool fD 2Dhydro ( )
with
APin = Pcool in = Tcool,center
’ ' 1.14
{Apout = Pcool,out - Pcool,center ( )

where Peoorin: Peootour ONA Peoorcent Qre respectively the pressure at inlet, outlet, and
center of cooling channel, L., is the total length of straight channel (m), f, is the Darcy
friction factor which can be obtained from the empirical equation [19]:

64

fD_R_e

(1.15)

The gas pressure dynamic response in the fuel cell is generally due to the channels
volume. Thus, the dynamic behaviors of fluid in the cooling channel can be given by the
mass balance equation:

ch
dfiuid (1.16)

in/out

Mgachool (i ) —
RTcool dt cool
where My, is the gas molar mass (kg/mol), Ve, is the volume of the cool channels (m3),

T.001 1S the cooling channel temperature (K), P, is the gas pressure in the cool channels

(Pa) and qfpq is the fluid mass flow rate (kg/s) entering or leaving the channels.

1.2.2.2 Gas Supply Channels

The total pressure of the center of the gas supply channels can be calculated by:
Pca,channel = Pca,Oz + Pca,Nz + Pca,Hzo (1-17)
Pan,channel = Pan,HZ + Pan,HZO (1.18)

where P.qo,. Pean,. Pean,o Qre respectively the oxygen, nitrogen, and vapor pressure in
the center of cathode supply channel. Py, y,. Pann,o Qre respectively the hydrogen and

vapor pressure in the center of anode supply channel. The gas pressure in the center of

channels is defined as follow:

Pgas,channel,in + Pgas,channel,out

Pgas,center = 2 (1.19)

where Py cnannerin 1S the gas pressure at the channel inlet, and Py channeroue 1S the gas
pressure af the channel outlet. Thus, the dynamic behaviors of fluid myegcenter in the

center of gas supply channels can be also written based on the mass balance equation:
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amgas,center = qgas,channel,in + ans,channel,out (1-20)

P gas,center M gas Vchannel

_ 1.21
Mgas,center RT hannet ( )

Where qgqs channetin 1S the gas mass flow at the inlet of channel, qgqs channetout 1S the gas
mass flow at the outlet of channel, V,,; is the volume of the gas supply channels (m3)

and T ,anne 1S The tfemperature of gas supply channel (K).

1.2.2.3 Gas Diffusion Layer (GDL)

To obtain the reactant gas pressure at interface of the catalyst layer, the diffusion

phenomenon in the gas diffusion layer can be described by modified Fick's law [20] [21]:

dpeprx _ BPepLx _RTGDLNGDL,x (1.22)
dz & h .DeI7s '
GDL AcpL DGDL,x_y

where pgp » IS pressure of specie x in gas diffusion layer (Pa), dgp, is thickness of gas

diffusion layer (m), T;p, is the gas diffusion layer temperature (K), Ngp, . is the gas molar

flow rate of specie x (mol/s). Agpy is the gas diffusion layer area (m?2), D%{_x_y is the gas

diffusion coefficient (m2/s) between the species x and y can be calculated from [22]:

12 1073 1073

b
1 Tep1 1 1z
Deff = q'|——)| - (P..;;.P..; 3 (Toiv T 5 . +
GDLx—y Prot Tcrit_xTcrit,y ( crit,x Crlt,y) ( critx Crlt,y) ( M, My

et (1.23)

where P,,; is the total pressure of species (atm), T, is the critical temperature of species
(K), P is the critical pressure of species (atm), and M is the molar mass of species
(kg/mol), € is the porosity of the GDL and tis the GDL tortuosity. The coefficients a and b
depend on whether one of the species is a polar gas or not and are determined

accordingly, which are given as follows [22]:

For pair of gases contains no polar gas:
a=2745%x10"*and b = 1.823

For pair of gases contains polar gas:

a=3.640 x10"* and b = 2.334
1.2.2.4 Catalyst Layers
As mentioned before, the reactant gas mass flow rate through the GDL to the catalyst

layer is directly proportional to the fuel cell stack current [23] [24]. Thus, the oxygen mass

flow qo, (kg/s)at the cathode side can be expressed by:
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do, = aF (1.24)
the hydrogen mass flow gy, (kg/s)at the anode side can be expressed by:
MHZ 0
T (1.25)

and the mass flow of produced water qy,o (kg/s) at the cathode side due to the

electrochemical reaction can be calculated by:

MHZO l
qH,0,pro = 4F

(1.26)

1.2.2.5 Dynamic Membrane Water Content

Because the membrane ionic conductivity a,,.., is highly dependent on water content
Aw IN polymer membrane [25], a more detailed knowledge of transient behavior of the
Am Would give a more accurate value of Ohmic 10sses nypmic. @S Shown in the equation
1.3. Moreover, the dynamic phenomena of 4, plays an important role on the dynamic
performance of PEM fuel cell due to ifs relatively long fransient time (up to some minutes)
[26].

The dynamics of the membrane water content 4,, is generally influenced by two water
flow effects in the membrane: the electro-osmotic drag flow due to proton conduction
from the anode to the cathode; the water back diffusion flow caused by the
concenfration gradient between anode and cathode side. The membrane water
content 4,, is defined as the relationship of the number of water molecules per charged

site (sulphonate site) [27]:

0.0043 + 17.81ay_, — 39.85a% , + 36a; if0<ayo=<1
A, = { H,0 H,0 mo if H,0 (1.27)

14 + 1.4(apy,0 — 1) if 1 <ay,<3
where ay, . is the water activity factor, which can be obtained based on the water local

vapor partial pressure Py, (0a), and the local vapor saturation pressure Py, (pql):

_ Py,0
®H,0 = P ;
sa

(1.28)
where the local vapor saturation pressure Py, is calculated by:

Psat _
logio (745) = —2:1794 + 0.02953(Tyapor — 273.15)

—9.1837 X 10~5(Tyqpor — 273.15)" + 1,4454 X 1077 (T,qp0r — 273.15)" (1.29)

21



where T,,qp0r is the vapor temperature (K). Thus, the dynamics of the water content 4,, in
the membrane can be obtained by considering the water molar flows balance at two
sides (i.e. anode and cathode) of membrane, and the mass conservation of water, as

shown in Figure 1.2.

w Cathode Anode(dead-end)

Figure 1.2 Dynamic water flow behaviors in fuel cell membrane.
Thus, the dynamics of the water content 1, can be described by:

Amem Smempdry,mem da
M dtw = Wdra,an - Wdra,ca + Wdiff,ca—mem_Wdiff,mem—ca (1-30)
mem

Where pgrymem is the membrane dry density (kg/m3), My, is the molecular mass of
membrane (kg/mol), and W represents different water molar flow (mol/s) entering or

leaving the membrane due to electro-osmotic drag and water back diffusion flow.

The water molar entering or leaving the membrane due to electro-osmotic drag W,

can be described by:

Ayl
Wara = % ’ ngfgg (1.31)

where the ng7a, ~ 2.51s the coefficient of electro-osmotic drag for maximum hydration

conditions. The water molar entering (from cathode to membrane) or leaving (from
membrane to anode) the membrane Wy, due to back diffusion flow can be

described by [28]:
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_ Amemeaterpdry,memMca - /1w|
4 Wdiff,ca—mem -

MmemSmem
1.32
Amemeaterpdry,mem M—w - Aan | ( )

Ideiff,mem—an =

Mmem 6mem

where pgrymem is the dry density of the membrane (kg/ms3), My, is the equivalent mass
of the membrane (kg/mol). The boundary water content 1; at anode and cathode side
can be expressed as a function of water activity a; which can be deduced from the
water vapor partial pressure equation 1.28. The membrane water diffusion coefficient

Dyater (M?2/s) can be calculated from the empirical equations [28]:

1
Tmem

1
[ 107106 GE Tm?  if 2, <2

Dyrer(hy) =4 107°(1+2(, —2) if 2<2,<3 (1.33)
107°(3-1.67(4, —3)) if 3<1, <45
1.25x 10710 if A, > 45
As shown in Figure 1.2, in the case of non-humidified hydrogen supply and anode dead-
end mode operation, the anode side water accumulation is only caused by the water
diffusion from the membrane to the anode Wy;¢fmem-an, ANd the cathode side water
accumulation depends on three factors: Wyp. .o cOmMes from humidified air supply at

cathode Wy, . the produced water at cathode side W,,, during electrochemical

reaction and the electro-osmotic drag flow from the anode to the cathode Wy,.,.

Under the dead-end mode operation (no water accumulation at anode side), the
water molar flow entering info the membrane from anode due to electro-osmotic drag
Waraan is €qual to the water molar flow leaving out the membrane to anode due to
back-diffusion Wg;rfmem-an (dashed portion as shown in figure 1.2). Thus, the dynamics of

the membrane water content 1, can thus be simplified by:

Amem6mempdry,mem ddw _ Amemeaterpdry,mem (Aea — Aw) _ Ayl . SAT

= n (1.34)
Mnem dt MmemSmem 22F T8
with anode side water content 4,,:
. SAT
Ay = Ay Al - Narag MinemOmem (1.35)

22F - Amemeaterpdry,mem

1.2.3 Thermal Domain Modeling

In addifion to the fluidic phenomena, the effect of temperature on the fuel cell
performance should also be considered in the fuel cell modeling. For example, the heat
fransfer changes the gas convection and diffusion behaviors, and further influences the

electrochemical quantities inside the fuel cell.
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The fuel cell temperature transient behavior in the thermal domain is due to the heat
generation and thermal conduction and convection phenomena. Like dynamic
behavior of membrane water content, dynamics of fuel cell temperature is an important
phenomenon due to its relatively long transient time. This dynamic behavior can be

generally described as follows:

ATy . . . .
pVCp 7 = Qcond + Qmass + Qforced_conv + Qsource (1-36)

where p is the mean layer volume density of stack (kg/m3), V is the layer volume of stack
(m3), C, is the layer thermal capacity (J/kg-K), Ty is the temperature (K) of each control
volume and @ stands for the different types of heat (J) flows entering or leaving the layer

respectively: conduction, convective flow, forced convection and internal heat sources.
The heat flows due to conduction can be expressed according to Fourier’s law [29]:

_ 2/1CVSsection,CV
cond —

5 (Tboundary - TCV) (1-37)
cvV

where Ay is the control volume thermal conductivity (W/m-K), Ssectioncr 1S the section of
the control volume in heat fransfer direction (m2), and &, is the control volume thickness

(m).

The convective heat flow due to the mass transfer entering or leaving the control

volume can be calculated by

Qmass = Z (qspeciecp,specie) (Tboundary - TCV) (1-38)

specie
where ggpecie is the mass flow rate (kg/s).
The heat transfers by forced convection Qforced_wm, can be written according to
Newton's cooling law:
Qrorced conv = RrorceaSrorcea Teoor — Teen) (1.39)

where T, is the coolant temperature and Sgorcq is the contact area (M?), hegpeeq is the

forced convection heat transfer coefficient (W/m2K), which can be calculated by [29]:

Nulgy
hforced = D (1.40)
hydro

where Ay, is the fluid thermal conductivity, Nu is the Nusselt number of the fluid, which

can be calculated by the empirical equations [30]:
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Cp,fuuialt D
0.0677-(Re-%‘“d“ hydro,

Nu = 3.657 + Ly (1.41)

C. idl D
L epfluid” . Zhydro
140.1- B2 (Re - —772)

Where C, s1,i4 1s the coolant thermal capacity (J/kg-K).

At last, the linear expression of the heat sources Qe G5 A function of the cell

temperature can be obtained:

Qsource = ksourceTcell + ir’act + 4‘-Zizkmem (1-4‘2)

1.3 Multi-Dimensional Modeling Considerations
Compared with 1-D models [31]-[39], a 2-D PEMFC model has a capability to provide

two-dimensional behaviors, which is very useful for spatial non-uniformity and control
coupling analysis. This analysis can give detailed and valuable spatial physical quantity
information under different fuel cell operation conditions by taking multiple spatial
dimensions info consideration. For example to prevent local *hotspot” on electrode due
to non-homogeneous distribution of reactants, and can be further employed in a

model-based real-time controller.

Many PEMFC 2-D models have been previously proposed in the literature [40]-[45].
However, a common drawback of these works is that the presented fuel cell bipolar
plate flow field (gas channels) models are over-simplified (or not even considered). Thus
they cannot accurately describe the non-linear and non-uniform pressure distribution

characteristics.

For example, as shown in the upper part of figure 1.3, the gas pressure prediction results
of a model without the consideration of channel geometric form, could lead to an
inaccurate gas diffusion phenomenon in the serpentine pipeline, which would further
impact the accuracy of electrode current density analysis. In these models, the gas
supply channel is assumed to be straight and single. In fact, the gas supply pipeline in
the anode and cathode sides have different geometric patterns, as shown in the

figure 1.4.
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Figure 1.3 Double three-parallel serpentine pattern of cathode gas supply channel

and double single serpentine pattern of anode gas supply channel

It can be seen from the figure 1.4 that, the flow field forms of a Ballard NEXA 1.2kW fuel
cell stack used in this thesis includes a single serpentine pipeline in anode side and a
parallel serpentine pipeline in cathode side. Therefore, a comprehensive representation
of non-homogeneous gas phenomenon by fully taking the geometric form of the fuel
cell pipeline into consideration is particularly useful to achieve highly accurate spatial
distribution information for 2-D model of PEMFC.

Figure 1.4 Actual geometry form of gas channel of NEXA PEMFC:

the left one is cathode air channel, the right one is anode hydrogen gas channel
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In this section, a 2-D, multi-physical PEMFC model is fully developed, which covers fluidic
and electric domains with an innovative 2-dimensional modeling approach. The basis of
individual layers in a single cell of the proposed 2-D PEMFC model is shown in the figure
1.5.

It can be seen from the figure 1.5 that, in the proposed 2-D PEMFC model, a single cell
model consists of 7 individual layers: 1) cathode gas supply channel; 2) cathode gas
diffusion layer (GDL); 3) cathode catalyst layer; 4) membrane; 5) anode catalyst layer; 6)

anode gas diffusion layer (GDL); 7) anode gas supply channel.

4. 5

Figure 1.5 Structure of a single cell of fuel cell stack.

In order to take the geometric form of the fuel cell pipeline into consideration, a 2-D

modeling of fluidic domain is developed firstly, followed by a 2-D electric modeling.

1.3.1 Two-Dimensional Approach in Fluidic Model

To accurately model the reactant gas pressure distribution on the electrodes surface, a
comprehensive modeling of gas convection-diffusion phenomena in the gas supply
channel and GDL is presented hereafter by precisely considering the fuel cell gas

channel geometric form in this section.

1.3.1.1 Gas Supply Channels

Different from single and straight channel assumption in the previously developed
PEMFC model, the geometric patterns of gas supply channels (both anode and
cathode sides) are now considered in the improved model, such as single serpentine,
parallel serpentine channels, with the consideration of sharp and curved U-bends
(channel angles). Under the same inlet air supply conditions, the gas pressure distribution

on the surface of GDL depends highly on the flow field form. Thus, a detailed

27



representation of non-homogeneous gas pressure distribution by considering the flow

field form can be very useful fo achieve accurate modeling results.

In this thesis, the geometric form of gas supply channels is faken from Ballard NEXA fuel
cell as shown in figure 1.6. This two-sided design includes a three-parallel serpentine

channel for cathode air supply, and a single serpentine pattern channel for anode
hydrogen supply.

Inlet
— = Inlet
—] "
= )
G =
€ q] -
L = =
|I= =
Outlet
Anode channel
Outlet

Cathode channel

Figure 1.6 Three-parallel serpentine channel for cathode air supply;

and single serpentine channel for anode hydrogen supply.

The gas pressure drop AP, of serpentine channel depends on three factors [46] [47]: the
surface friction losses of straight pipeline (modeled by the Darcy-Weisbach equation),
the frictional loss suffered in the elongated section of the bends, and the sum of excess

loss coefficients g; for n U-bends:

n

pgasl'chu2 1 2 Lbend

AP, = f,9es v , — 4 E ; 1.43
en = I 2Dpyaro + Zpgasu ffD + & ( )

where f;, is the Darcy friction factor, pgs is the fluid density in the channel (kg/m3), Ly, is
the total length of straight channel (m), u is the mean fluid velocity in the channel (m/s),
Dpyaro 1S the hydraulic diameter of the channel (m), Ly.nq is the fotal length of elongated

section of the bends (m), the Kays friction factor f; can be given by [44]:

f; - Re = 13.84 + 10.38exp (——) (1.44)

®pend
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where w is the pipeline width (m), his the pipeline thickness (m). Re is the Reynolds

number of the fluid in the channels, channel aspect ratio a4 is defined by:

Wen

Tpena = (1.45)
C

The excess bend loss coefficient of i th bend ¢; is given by [46]:
if Re <100
&=0 (1.46a)

if 100 < Re <1000

1
g = 0.46 (Rei) X (1—10.18C + 0.016C?)

2

2
X (1— 0.2¢ + 0.0022a?) x (1 + 0.26( Ls ) - 0.0018( Ls ) )(1.46b)

D hydro D hydro

if 1000 < Re < 2200

g = 3.8(1—0.22C + 0.022C2)(1 — 0.1a + 0.0063a2)

2
Ly \3 Ly \°
x| 14012 ~0.0003( 5 (1.46¢)

hydro hydro

where L is the spacer length between two neighboring duct, and C is the curvature

ratio of the bend, is given by [46]:

R
C= c

= (1.47)
Dhydro

where R is the mean radius of bends, Dpyqr, is the duct hydraulic diameter which s

calculated by:

4wh

Dhydro = 2w+ h) (1.48)

where the pipeline width w, pipeline thickness h, and spacer length between two

neighboring duct Ly can be seen clearly in the figure 1.7.

From figure 1.7, the rectangle pane is represented as the cross sectional area of pipeline.

The anode channel curved U-bends are the same as those in the cathode channel.
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Figure 1.7 Schematic diagram of pipeline width w, pipeline thickness h and

spacer length between two neighboring duct L, in the channel curved U-bends.

1.3.1.2 Gas Diffusion Layer

The modeling equations for reactant gas diffusion phenomena in the GDL are described
in this section. Based on the gas supply channel geometry, the GDL, which is directly
adjacent to the gas channels layer, can be divided into two sections, denoted as “fluid
adjacent volume” and “solid adjacent volume”, as illustrated in figure 1.8. From figure
1.8, the thin line GDL control volume is adjacent to the channel fluidic section, denoted
as “fluid adjacent volumes” of GDL. The gas flows to a "fluid adjacent volumes” come
from the gas channel pipeline and the adjacent volumes. In contrast, the bold line GDL
control volumes in figure 1.8 are adjacent to the channel solid section, denoted as “solid
adjacent volume” of GDL. The gas flows to a “solid adjacent volume” come only from

the adjacent volumes in gas diffusion layer.

In the previous section, the gas convection phenomenon in the serpentine pipeline has
been well developed. As shown in the figure 1.8, the convective gas flow direction in the
gas pipeline is marked by arrow 1 in the gas pipeline A, and by arrow 3 in the gas
pipeline B. Then, the gas diffusion phenomena through the GDL can be divided into six

categories:

1) Diffusion from pipeline to "“fluid adjacent volume” (z-axis, marked with arrows 2
and 4);

2) Diffusion between two adjacent “fluid adjacent volumes” (y-axis, marked with

arrows 5 and 6);

3) Diffusion between adjacent “fluid adjacent volume” and "solid adjacent volume”

(x-axis, marked with arrow 7).
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4) Diffusion between two adjacent “solid adjacent volume” (y-axis, marked with

arrow 8);

5) Diffusion from “fluid adjacent volumes” to catalyst layer (z-axis, marked with

arrows 9 and 10);

6) Diffusion from “solid adjacent volume” to catalyst layer (z-axis, marked with arrow
11).

Solid adjacent

Fluid adjacent volume

volume

pipeline A

pipeline B

Figure 1.8 Gas diffusion phenomena in the GDL.

It should be noted that, when the stack current increases, the diffusion from gas pipeline
to “fluid adjacent volume”, and the diffusion from volumes to catalyst layer become
more important due to the increase of mass flow from gas channels to the catalyst layer,
which is proportional to the fuel cell current. All these diffusion phenomena in the gas
diffusion layer, except the above-mentioned current-driven ones, can be modeled by

the modified Fick's diffusion equation 1.22.

In fact, the benefit of parallel pipeline is its lower pressure drop due to shorter single
channel length. However its main drawback is water droplet accumulation during fuel
cell operation. The single serpentine can improve water removal while infroduce a larger
pressure drop. This parallel serpentine flow field combines thus the advantages of both

pafterns, in order to achieve beftter performance of fuel cell system.

1.3.1.3 Non-Uniform Control Volume Consideration
In order to fully describe the gas flow in the serpentine pipeline gas channels, and further

accurately obtain the two-dimensional physical quantity distribution both in fluidic
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domain and electrochemical domain, the control volume mesh grid definition of gas
channels in the proposed 2-D PEMFC model is considered in a non-uniform manner. It
means that, the geometry form of each control volume follows the channel geometric
patterns. The 2-D channel model can be then implemented by defined confrol volumes
with the physical equations presented in the previous section. The control volume 2-D

mesh grid at both cathode and anode sides are depicted in the following figure 1.9.

Figure 1.9 Control volumes 2-D mesh grid at cathode/anode sides.

As shown in the figure 1.9, the two surface dimensions are considered for the proposed
2-D model, the non-uniform conftrol volume distribution of each side is based on the
geometry form of channels (i.e. three-parallel serpentine pattern at cathode side and

single-parallel serpentine pattern at anode side, denoted by black mesh in the figure 1.9.

1.3.2 Two-Dimensional Approach in Electric Model

The characteristics of reactant gas convection and diffusion in the pipeline and gas
diffusion layer are fully described in the previous section. However, the spatial physical
quantity distribution on the surface of electrode (e.g. the current density distribution)
cannot be directly obtained using the non-uniform mesh grid. In order to unify the mesh
segments distribution in homogenous material such as electrode and electrolyte, the
non-uniform mesh grid of gas channels layer of each side are then linearly converted to

uniform mesh grid for GDL and membrane layers denoted by red mesh in the figure 1.10.
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Figure 1.10 Control volumes 2-D mesh grid at cathode/anode sides,

and uniform segments for electrochemical calculation

1.4 Conclusion

In this section, a dynamic, multi-physical model of a proton exchange membrane fuel
cell is developed at first. The presented model considers in particular the fransient
phenomena in both fluidic and thermal domains (please refer to the previous work [?9]
[10]).

Based on the developed multi-physical model, a 2-D modeling approach for a proton-
exchange-membrane fuel cell (PEMFC) is then proposed. The proposed model covers
multi-physical domains for both fluidic and electric features. In order to accurately
describe the characteristics of reactant gas convection and diffusion in the pipeline and
gas diffusion layer, the gas pressure drop in the serpentine pipelines is comprehensively
analyzed, especially for the reactant gas pressure drop due to the pipeline U-bends,
followed by a comprehensive description of gas diffusion layer 2-D modeling by fully
considering the geometric form of flow field [48]. The experimental validation and

coupling effects analysis are presented in the following chapfter.
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Chapter ll: Experimental Validation
and Coupling Analysis

This chapter presents the experimental test and simulation in order to validate the
proposed 2-D model with a commercial Ballard NEXA 1.2 kW PEMFC stack. With the
developed 2-D model, the spatial physical quantity information can be accurately
observed and analyzed by taking the multiple spatial dimensions into consideration.
These spatial results are very useful to help to quantitatively analyze the coupling effects
in different physical domains, and study the influences of model parameters on the fuel

cell spatial performance.

2.1 Literature Review

Although the coupling of dynamic phenomena in a fuel cell has an important influence
on the control design of fuel cell system, very little information has yet been published in
the literature on the analysis of interaction between fuel cell dynamic variables in

different physical domains.

Zhao et al. [1] present a decoupling control strategy for the strong coupling between
mass flow and pressure in centrifugal compressor system, which is a key component for
supplying compressed air to the fuel cell cathode channel, but the dynamic
phenomena coupling in fuel cell system have not been considered. Cheah ef al. [2]
give a detailed analysis of coupling effects of electro-osmotic drag, water diffusion and
interfacial water transport. Carnes ef al. [3] present a analysis of coupling effect of the
water transport within the proton exchange membrane and the partially saturated gas
diffusion electrodes. Cao ef al. [4] propose a single neuron adaptive proportional-
integral derivative (PID) feedback conftroller for a solid oxide fuel cell, which combines
the advantages of robust control and PID control, in order to automatically adjust
confrol parameters when system encounters uncertainties and disturbances. However,
they only considered the coupling effect of dynamic water transport in fluidic domain

without taking the thermal domain dynamics into account.

2.2 Model Experimental Validation and Discussion

A commercial 1.2 kW Ballard NEXA 47 cells stack is used to perform the experimental
validation, which is shown in the following figure 2.1. This PEMFC stack is supplied by
compressed air and hydrogen.
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Figure 2.1 Experiment platform: 1.2 kW Ballard NEXA 47 cells PEMFC stack,

Ballard control system board, and measurements

During the experiment, the Ballard confrol system is used to measure most of the
experimental data, such as the oxygen flow rate, gas temperature, fuel cell stack
current and voltage, efc. The voltage of individual cell is measured by voltage
acquisition module of National Instrument. An embedded thermal sensor is used to

measure the fuel cell stack temperature.

2.2.1 Experimental Validation of Dynamic Model

Firstly, the comparison of simulation and experimental results of single cell polarization
curve are shown in the figure 2.2. It can be seen from the results that, the polarization

curve from the proposed model shows an exact conformity with the real PEMFC.
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Figure 2.2 Experimental validation of polarization curves.
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In order to further validate the presented dynamic fuel cell model through simulation
and experiment, different current profiles (static and dynamic) for model validation

purpose are presented in figure 2.3.
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Figure 2.3 Experimental validation under different stack current profile:

(a) Long current step. (b) Short current step.

The current profiles (figure 2.3) are applied to the developed model and to the real fuel

cell stack. The predicted and measured real stack voltage are compared in figure 2.4.

It can be seen clearly from the figure 2.4 that, the predicted voltage values from the
model show a great agreement with the real fuel cell. In addition, the voltage dynamic
behavior is also well reproduced by the model. Figure 2.5 shows the simulated and
experimental stack temperature during operation, the comparison results show again a

good agreement between them.
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2.2.2 Dynamic Membrane Water Content Results and
Discussions

The same current profiles (figure 2.3) are applied to the developed model. The model
simulation results are shown in figure 2.6. Figure 2.6 (a) shows that the dynamic responses
of water content at both cathode, anode sides and in the membrane after the long
current step. From figure 2.6 (a), the cathode water content 1., increases at 100 s,
because more water is produced at cathode side at high current. In contrast, the
anode water content 1., decreases at 100s, due to a higher water electro-osmotic
drag flow (higher current) from anode to cathode. The green line represents thus
membrane average water content 4,,, which depend on the boundary conditions at
both cathode and anode sides. The dynamic of membrane Ohmic resistance, which is
highly depend on membrane water content based on equation 1.3, is also shown in
figure 2.6 (b). It can be seen from the figure that, the transient time of membrane water

content, thus the transient of Ohmic resistance, can last abbout 500 s.
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Figure 2.6 Dynamic responses after a current step:

(a) Water content. (b) Ohmic resistance.
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Figure 2.7 Dynamic responses after current step variation:
(a) Water content. (b) Ohmic resistance.
Figure 2.7 (a) shows that the dynamic responses to quick current step variation. From

figure 2.7 (a), the anode water content 1,,, decreases sharply at a high current step, due
to the high water electro-osmotic drag flow. It can be concluded from the figure that,
the dynamic membrane water content 4, is directly related to the stack current

variations. The corresponding dynamic behaviors of Ohmic resistance are shown in

figure 2.7 (b).

2.2.3 Effect of the Gas Supply Serpentine Channels and
Discussions

The major improvement of gas supply channels modeling by taking the channel
geometric form info consideration can give a more accurate pressure distribution
prediction in the fuel cell, which can lead to a more precise prediction of fuel cell
voltage. A comparison of gas pressure drop in the channel between the developed flow
field model and the model using straight channels assumption (as in the most of
literature) is given hereafter, in order to highlight the importance of channel geometric

form on the pressure modeling accuracy.

Comparison of simulation results of pressure drop in the channels of two modeling

approaches with different step current profile are shown in figure 2.8 and figure 2.9.
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Figure 2.8 Comparison of pressure drop in the channels of two modeling approaches

with long step current: (a) Cathode channels. (b) Anode channels.

From figure 2.8 (a), it can be seen clearly from the figure that, the predicted pressure
drop is much higher with the assumption of straight gas channel form. By taking the
channel geometric form into consideration, the obtained pressure drop in the channel
can be differed as much as 2.94 % of total channel pressure compared to the “straight
channel” assumption. It has to be noted that, this pressure prediction error would not
lead to a significant error in the fuel cell voltage value. However, it could lead to a
wrong gas pressure distribution pattern on the surface of electrode for the electrode
current density analysis for example. Thus, in order to get a more accurate gas channel
pressure results, the channel geometric form has to be taken into account in the fuel cell
model. The comparison of simulation results of pressure drop of two modeling

approaches with short step current is also presented in figure 2.9.
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Figure 2.9 Comparison of pressure drop in the channels of two modeling approaches

with short step current: (a) Cathode channel. (b) Anode channels.

2.3 2-D Model Simulation Results and Discussions
2.3.1 Model Grid Independence Analysis

The model grid independence analysis determines the minimum mesh grid number
needed for a mulfi-dimensional model. When increasing the mesh number, if the
changes of model outputs are less than a pre-defined acceptable error, this mesh

number can be considered to meet the independence criteria.

Table 1.1 Mesh Grid Independence Check for 2D Model Output

Model outputs difference (%)
Mesh number
(to previous mesh number results)

32 -
48 0.314

64 0.132
128 0.015
256 0.007
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The proposed 2-D model oufput voltage differences for different control volume
numbers of uniform segments are shown in the table 1.1. It can be concluded from the
table 1.1 that, when the mesh number is larger than 256, the model outputs difference is
less than 0.01%, thus it can be consider that the model outputs are no longer affected by

the change of mesh grid size.

2.3.2 Results and Discussions
The proposed 2-D model thoroughly considers the geometric form of parallel serpentine
flow field in the fuel cell. The oxygen pressure distribution in the cathode three-parallel
serpentine channel, and hydrogen pressure distribution in the anode single-parallel
serpentine channel are shown in figure 2.10 (non-uniform mesh grid distribution of each
side).
(a) Oxygen pressure distribution in the cathode channel (Pa) (b) Hydrogen pressure distribution in the anode channel (Pa) 4 19
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Figure 2.10 Gas pressure distribution in the parallel serpentine channels:

(a) cathode side. (b) anode side.

As shown in the figure 2.10, both the oxygen and hydrogen pressure decrease gradually
along the direction of the air flow in the parallel serpentine channels, due to the
progressive consumption of reactant gas along the channels. As mentioned in the
previous section, by taking the channel geometric form into consideration, the non-

uniformity distribution results can be effectively obtained.

The 2-D simulatfion results of physical quantities in GDL layer (electrode) are also

illustrated under different oxygen stoichiomeftry ratio z, which defined by:
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T = qo,,inlet/ 90, (1.49)

where qo, iniee 1S the inlet oxygen molar flow rate. Based on the segment independence

analysis results, the mesh number 600 is chosen for the proposed 2-D model experimental

validation, in order to give an accurate distribution results.

When the cell current is set to 27.5A, the oxygen pressure distributions on the surface of

electrode (GDL) under different oxygen stoichiometry ratio are shown in the figure 2.11.

(a) Oxygen pressure distribution on the surface of GDL(Pa)(r=1.68) (b)Oxygen pressure distribution on the surface of GDL(Pa)(1=4.94) 104
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Figure 2.11 Oxygen pressure distribution on the surface of GDL under

different oxygen stoichiometry: (a) 1=1.68. (b) 1=4.94

It can be clearly observed from the figure 2.11 (b) that, under a higher t condition
T = 4.94, the oxygen pressure variation is less significant compared to figure 2.11 (a). That
is because the oxygen supply excess rate is higher, and further lead to a more uniform

oxygen pressure distribution on the surface of electrode.

Under the same current, the current density distributions on the surface of electrode are

also shown in the figure 2.12.

It can be seen from the figure 2.12 that, the current density distribution is similar to that of
oxygen pressure. The oxygen pressure at catalyst layer is higher at channel inlet than
outlet, which leads to a higher current density at air inlet. As shown in the figure 2.12 (a),
under the condition 1=1.68, the maximum difference of current density is about 45%

between fuel cell inlet and outlet. It can be also observed from the figure 2.12 (b) that,
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under a higher 1 condition 1=4.94, the current density distribution gradient is less
significant compared to figure 2.12 (a). In this case, the maximum difference of current

density is only about 15% between fuel cell inlet and outlet.

(a)Current density distribution on the electrodes (A!mz)(r=1 88} (b) Current density distribution on the electrodes (Almzl(1=4.94) 0.055
| .

40.05
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Figure 2.12 Current density distribution on the electrodes under different oxygen
stoichiometry: (a) 1=1.48. (b) 1=4.94

2.4 Dynamic Phenomena Coupling Analysis

The dynamic fuel cell model has been presented for the purpose of fuel cell control
performance optimization. The fuel cell dynamic behaviors in different physical domains
are indeed inter-coupled between each other and the variation of one would influence
another. The dynamic variable coupling analysis should be performed for fuel cell system

in order to develop an optimized control algorithm.

The water and thermal management is very important for the fuel cell performance and
efficiency. For the thermal domain, the fuel cell temperature dynamic behavior is the
most significant dynamic in the fuel cell stack. The time constants of fuel cell system in
thermal domain can be relatively long, due to large thermal capacities and volumes of
cell components (bipolar plates, membrane, etc.) [5]. For the fluid domain, The dynamic
of the membrane water content is another significant dynamic phenomenon in the fuel
cell stack, which has similar fransient fime constant compared to temperature dynamic
in the thermal domain. It is thus necessary to analyze the variable coupling between

these two fuel cell operational parameters.
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It should also be noted that, as shown and discussed in the previous section, a non-
uniform distribution of current density in the fuel cell electrode can be observed due to
the reactant gas pressure variation in the gas supply channels. A more homogenous
distribution of current density can maintain the stability and improve the long-term
performance of the fuel cell system. The current density distribution is simultaneously
affected by the dynamic phenomena in both thermal and fluid domains. Therefore, it
should also be carefully considered for coupling analysis in order to provide insights into

the variable interaction among three different physical domains.

In this section, detailed expressions of time constant for temperature and membrane
water content are given at first, followed by analyses of step responses for various fuel
cell system input variables. The corresponding dynamic variable coupling analysis is

infroduced and discussed at last.

2.4.1 Expressions of Time Constant for Temperature and
Membrane Water Contents

The expression of time constant of temperature in thermal domain can be deduced
from the generdal first order dynamic form [5]:

pcelchelle

hforcedsforced + hnatmdiasext - ksource

Tthermal = (2.1)
Thus, in the thermal domain, the fuel cell temperature transient response time can be
estimated to be 497s in the case of studied 1.2 kW Ballard NEXA fuel cell stack.

For the time constant of membrane water content, the left hand side of equation 1.34
becomes zero in steady-state, and the steady-state membrane water content value

Ai rina (8) CQN be obtained:

Amemeaterpdry,memFlca
Ai_Final = SAT (22)
d ,
Amemeaterpdry,memF + % IMoemOmem

Then the water content dynamic in fransient state can be obtained in a general first

order dynamic form:

Amempdry,mem6rznemF dA
7 SAT : d:j + 4w = i rinal (2.3)
d ,
Amemeaterpdry,memF+ zrzag leem5mem

And the expression of fime constant of water content in membrane 7,4 (S) can then
be obtained by the following equation:
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Amempdry,mem(srznemF
Twater = nSAT (24’)
drag .
Amemeaterpdry,memF + 22 leemdmem

It can be seen clearly from equation 2.4 that 1,4, is determined by stack current i. Thus,
the system fime constant value of water content 1,4 Can be estimated to 108.75s
when stack current is 27 A, means that the response time of membrane water content
variation can last about 435 s. This value is in agreement with the results shown in figure
2.6.

It can also be seen that, temperature in thermal domain and membrane water content
in fluidic domain have very similar dynamic time constant. It is thus necessary to analyze

the variable coupling between these two fuel cell operational parameters.

2.4.2 Analyses of Step Responses
2.4.2.1 High Efficiency Operating Region

In order to understand the effects of fuel cell operational parameter coupling from a
control point of view among three different physical domains, the fuel cell system can
be considered as a multi input and multi output (MIMO) system, where four possible

control input variables are listed as follows:

1) The coolant inlet temperature T, iner (CONtrolled by heat exchanger and

bypass circuit);

2) The gas channel inlet temperature Tepannerinier (CONtrolled by inlet/outlet gas heat

exchanger);

3) The gas supply channel inlet water vapor pressure Py, imie: (CONtrolled by gas

humidifier);
4) The inlet air molar flow rate qgy iner (CONtrolled by air compressor).
And four confrolled output variables in the proposed MIMO system are listed as follows:
1) The membrane electrode assembly (MEA) temperature Trembrane:
2) The bipolar plate temperature Teppore:
3) The membrane water content A, cmbrane:

4) The uniformity coefficient of current density distribution on the electrode y . rrent-
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where the uniformity coefficient y.ent IS The current density rafio between the highest
and the lowest value on the same electrode. This coefficient is proposed to describe the

degree of uniformity of current density distribution.

Thus, the non-linear state space equations of this MIMO system can then be expressed

as follows:

Tmembrane = fl (Tmembrane: Tcool,inlet' Tchannel,inlet' qair,inlet)
Tsupport = f2 (Tsupportv Tcool,inletv Tchannel,inlet: Qair,inlet)

Amembrune = f3 (Amembrane: PHZ o,inlet» Tcool,inlet' qair,inlet)

_ lcurrent,maximum
Ycurrent =
Leurrent,minimum (2.5)

= f4 (Tcool,inlet' Tchannel,inlet' PHZ o,inlet, qair,inlet)
Tmembrane
Tsu
— pport
y =

Amembrane

YC'LLT'TeTlt

As the above fuel cell MIMO system state space shown, the vector form representations

. . . . _ T
of the monlpulo’red |npUT variables is u = [Tcool,inleti Tchannel,inleti PHzo,inletJ Qair,inlet] . and the

controlled output variables is y = [Tmemprane: Tsupport: Amembrane: Yeurrentl” - fu. fa. f3 and f,
can be derived using the formula of the physical modeling equations presented in
chapter Il. Since there is a complicated non-linear mathematical relationship between
input and output variables, examining the dynamic responses of confrollable outputs
after step changes of inputs are particularly useful for having insight on the possible
variable coupling. Figure 2.13 - 2.16 show the simulated dynamic responses of

confrollable outputs after step changes of different inputs.
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The first operating point is set to between 1/3 and 1/2 rated power point, which

corresponds to the high efficiency operating region of fuel cell system. Figure 2.13 shows

52



the dynamic response of the MIMO system outputs after step changes of the coolant
inlet temperature. An increase of the coolant inlet temperature is set at 300 s, which lead
to an increase of temperature both in the bipolar plate and MEA. It further results in an
increase of the saturation vapor pressure. Therefore, the water activity a; decreases, as
well as the membrane water content at cathode side at 300 s, as the green line shows
at the bottom of the Figure 2.13. The uniformity coefficient, presented by the purple line
on the same figure, slightly increases at 300 s. It means that the distribution of current
density on the electrode is less homogeneous. Similarly, when the coolant inlet
temperature decreases at 1650 s, it results in an opposite effect on the four fuel cell

variables.

Figure 2.14 shows the dynamic response of the MIMO system outputs after step changes
of the channel inlet air temperature. An increase in the bipolar plate temperature and
MEA temperature can be observed when the channel inlet air temperature is increased
at 300 s. With the MEA temperature increase, the membrane water content decrease,
as the green line shows. At the same time the purple line indicates a slightly less
homogenous distribution of current density with the increase of gas channel inlet

temperature.

Figure 2.15 shows the dynamic response of the fuel cell MIMO system outputs after step
changes of the gas supply channel inlet water vapor pressure. It can be seen from the
figure 2.15 that membrane water content increases due to an increase of inlet water
vapor pressure at 300s. For the thermal domain, a step change of the gas supply
channel inlet water vapor pressure has no significant effect on the temperature. For the
electrical domain, an increase of channel inlet water vapor pressure makes the current

density distribution slightly more dispersed.

Figure 2.16 shows the dynamic response of the MIMO system outputs after step changes
of the air inlet mass flow rate. An increase of air inlet mass flow rate has weak effects on
the thermal domain. Due to the increase of air flow rate, the water removal rate
increases, and further results in a decrease of the membrane water content. For the
electrical domain, an increase of air inlet mass flow rate makes the current density
distribution more homogenous. That is because the oxygen is supplied under a higher
flow ratio. For the same oxygen consumption rate (same current), the oxygen pressure
through the cathode gas channel is thus more uniformly distributed, and further leads to

more homogenous distribution of current density on the fuel cell electrode.
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2.4.2.2 Rated power Operating Region

For a well-designed fuel cell hybrid powertrain with a proper energy management
strategy, the operating range of the fuel cell system would be either in ifs “max
efficiency” zone, orin its “rated power” zone. Thus, a coupling analysis is also performed
for the operating point in “rated power” region (i.e. for the studied NEXA stack, it
corresponds to a fuel cell current of 42 A), where the fuel cell system power is close to its
rated value. The simulated dynamic responses of the MIMO system outputs after step

changes are shown in the figures 2.17 - 2.20.

It can be seen from figures 2.17 - 2.20 that, for the operating point in the "rated power”
region, the four variation ranges of membrane water content A,.emprane Ore reduced
compare to that of figures 2.13 - 2.16 as shown in the previous section. That is because
when the fuel cell system operates at “max power” region, the dynamic behavior of
membrane water is changed and lead to an insensitive A emprane - Based on the
presented analyses of step responses, detailed analyses of coupling effects between

inputs and outputs are further given in the following section.
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2.4.3 Coupling Analysis Using RGA Method
2.4.3.1 Relative Gain Array

In order to gquantitatively analyze the interactions among multiple confrol loops, the
relative gain array (RGA) method in control theory are carried out in this study. RGA
method is a theory developed by Bristol in 1966 [6] [7] to quantify the degree of
interaction of input and output variables. For a j inputs i outputs system, the i x j matrix

RGA is given by:

(2.6)

The open-loop gains of the i-th confrolled outputs are determined based on the
response to a change of the j-th manipulated inputs, and all other manipulated inputs
remain constant:

g—ij |u,.=cont,(r¢ D)
Ay = 9y;

auj |yr:cont,(r¢i)

(=12, =1.2,-) (2.7)
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Where uj represenfs fhe COHTFO| il’]prS Tcool,inlet ’ Tchannel,inlet PHzo,inlet Ond Qair,inlet

respectively. y; represents the system outputs Trempranes Tsupport - Amembrane ANA Veurrent

respectively.

In order to give a clear implications of interactions among conftrol loops, the RGA

analysis rules are expressed based on the values of 4;;:

1)

Aij <0, a change of u; produce an opposite direction effect ony; when other
control loops are closed, the sign of open-loop gain between u; and y; is

changed. In this case, the selection of control pairing u;-y; should be avoided;

A;; =0, a change of u; can not affect y; and therefore should not be used to
control y;. In this case, there is no interaction between control pairing u;-y; and

other control loops (i.e., coupling does not exist);

0 < ;; <1, there exist two effects: the effect of open-loop gain between u; and
y;, and the effect from other control loops. The effect of open-loop gain from

control pairing u;-y; increases with the value of 4;;. When 1;; = 0.5, the two effects

are equivalent, there is a strongest coupling effect between the two conftrol

variable pairs for a fwo inputs two outputs system. When 0.5 < 1;; < 1, the open-
loop gain of control pairing u;-y; becomes the dominant effect. In this case, the
most suitable control variable pairing should be u;-y;, and optimized control

results could be achieved by using a decoupling control method [1] [8];

4) A;; = 1, the relative gain 1 indicates the most suitable control variable pairing u;-y;,

since the open-loop gain between u; and y; is not affected by the interaction

from the other control loops. In this case, there is no coupling between variable

pairing u;-y; and other confrol loops;

A;j > 1, the effect of other control loops enhance the open-loop gain between u;
and y;, the larger 1;; is above the unity, the greater will be this effect. In this case,
variable pairing u;-y; is recommended when 4;; is not very large, a multivariable

control design [9] could be used to achieve optimized confrol performance;

Ai; > 1, a value of A;; greater than 3 indicates that the system is difficult to
control due fo strong coupling effects from other control loops, and is also
sensitive to input uncertainty (e.g., cause by neglected actuator dynamics) [10].
In this case, a robust decoupling control strategy [4] could be used fo achieve
opftimized conftrol performance.
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2.4.3.2 Coupling Analysis of the Proposed MIMO system (High
Efficiency Operating Region)

When the MEA temperature Tpemprane . the bipolar plate temperature Tg,por . the
membrane water content A emprane: ANA the uniformity coefficient of current density
distribution on the electrode Yeurrent are viewed as outputs

y = [Tmembmne,Tsupport,lmembmne,yc,ment]T, the formula of this four inputs four outputs

system can be described as follows:

Tmembrane Tcool,inlet
T T )
support =G channel,inlet
= Gmimo(s) (2.8)
/‘lmembrane PHzo,inlet
Ycurrent Qair,inlet

It should be noted that, the transfer function Gy e (s) is highly non-linear. In order to
linearize the non-linear system equation 2.8, two common operating points of fuel cell
system in typical fuel cell hybrid powerirain are selected for the analysis. The first
operating point is set to between 1/3 and 1/2 rated power point, which corresponds to

the high efficiency operating region of fuel cell system.

On the other hand, the magnitude range difference of each physical parameter is very
large. For example, the variation range of control iNput Teypp inier 1S from 297.15 K to 303.15
K, the variation range of control input Py, , inier is from 2814 Pa to 4700 Pa. In order fo
analyze the coupling effect of different physical parameters in the same RGA, their

numerical variation ranges are normalized firstly prior to the RGA analysis.

Table 2.1 Relative Gain Array of System among Thermal, Fluidic and Electrical

Domain in Fuel Cell High Efficiency Operation Range

Teoolintet Tenannel intet Pr,0,intet Qair intet

T 2.6948 3.6892 0.0056 0.0000
Tsupport 3.5376 -2.5309 -0.0083 0.0016
A rombrane 0.1859 -0.1899 1.0369 -0.0329
Yeurrent -0.0287 0.0316 -0.0343 1.0314

Then by applying RGA method to the normalized parameters of MIMO system
equation 2.8 in fuel cell high efficiency operation range, table 2.1 presents the
calculated corresponding steady-state RGA values between different input/output

variables. It can be seen from table 2.1 that, the RGA elements absolute value of 4,4, 445,
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A1 and A,, are relatively large, indicate that there exist a strong coupling effects. The
RGA element value 13, indicates that the thermal control input Tepepiner NAVE QN
intermediate coupling effect on fluidic variable A,,cmprane. ThESE tWO Observations are in
agreement with the analysis result of time constant in section 2.4.1, that coupling effects
may exist between the thermal variable and fluidic variable membrane water content

due to similar dynamic time constant values.

It can be concluded from the RGA elements value of 4,3, 4,3, 135 and 4,5 that, input
variable Py, , e has a direct control effect on the Aemprane. @t the same time it has little
effect on other three output variables. The similar conclusion can be also obtained for
input variable gy iner- AS the RGA elements value of 444, 1,4, 134 and 1,, indicated, the
iINPUT qqirinier NQs a direct control effect on y,rene, Ut it has little effect on all other

output variables.

2.4.3.3 Coupling Analysis of the proposed MIMO system (Rated
Power Operating Region)

In addition to the high efficiency operating region, the second operating point is set to
around its rated power point, which corresponds to the high power operating region of
fuel cell system. In this case, table 2.2 presents the calculated corresponding RGA values

between different input/output variables.

Table 2.2 Relative Gain Array in Fuel Cell High (Rated) Power Operation Range

Teoovintet Tchannetiniet Py, o0,intet Qair,intet

Tmembrane -3.0861 40767 0.0094 0.0000
Toupport 4.0384 -3.0351 0.0135 00167
I 0.1227 10,0966 0.9817 -0.0078
Yourrent -0.0750 0.0551 10,0046 1.0245

From table 2.2, the similar coupling effects can be observed, and the same results of
coupling analysis can be obtained. Thus it can be concluded that, there exist the similar
coupling effects between thermal and fluidic domains in the proposed MIMO system for

both fuel cell system typical operation points.

2.4.3.4 Coupling Analysis of Sub-System
From the analyses in the previous section, it could be possible to separate the proposed

MIMO system into two control sub-systems by minimizing confrol coupling effects
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between each other. The linearized formula of first possible sub-system can be described

as follows:
ITmembrane Tcool,inlet
Tsupport | = Gsyp 1(5) | Tenannetintet (29
Amembrane P Hyo,inlet
Table 2.3 Relative Gain Array of First Sub-System
Teootintet Tehannetintet Ph,0,intet
Trnembrane -2.7098 3.7040 0.0057
Tsupport 3.5451 -2.5362 -0.0088
Amembrane 0.1647 -0.1678 1.0031

Table 2.3 presents the corresponding RGA values for new three inputs three outputs sub-
system in fuel cell high efficiency operation range. As analyzed in the previous section,
large RGA elements indicate that the control design is critical and challenging due to
existence of coupling effect. In this case, a robust decoupling conftrol strategy [4] is
recommended to achieve the optimal control objectives for output variables. For
example, in [4], a single neuron adaptive PID feedback controller is proposed, which

can eliminate the interference derived from the coupling effect.

On the other hand, as the previously analyzed, the variable y .y ren: COUId almost be
independently controlled by input variable qgir iner, Which can be considered as the

second one input one output control sub-system:
[ycurrent] = Gsub_z (S) [qair,inlet] (2-10)

Furthermore, by conducting the same analysis for the rated power operating point,
similar sub-systems separation can also be obtained for the proposed fuel cell MIMO

system.

Based on the above analysis, it can be concluded that, different fuel cell operational
parameters coupling can be observed among different physical domains during fuel
cell operation. When a coupling effect exists, special attention should be paid for
control system design, in order to achieve an optimized control performance for fuel cell

systems.
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2.5 Conclusion

Although the coupling of dynamic phenomena in a fuel cell has an important influence
on the control design of fuel cell system, very little information has yet been published in
the literature on the analysis of interaction between fuel cell dynamic variables in
different physical domains. The first part of this chapter investigates in particular the
coupling effect between the dynamic behaviors during fuel cell transient operation,
based on the proposed improved dynamic multi-physical proton exchange membrane

fuel cell model, which can be found in the previous works [11] [12].
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Chapter lll: PEMFC 2-D model numeric
solver development for Real-Time
Control Implementation

As mentioned before, the quantitative analyses in Chapter Il can provide us useful
information for modeling assumptions (simplification), which can be used to simplify the
2-D modeling. For example, since the tortuosity 1 and porosity € can be considered as
insensitive parameters for a lower fuel cell stack current, the diffusion mass transport can
be reasonably neglected. In this case, there is no total pressure gradient in the gas
diffusion layer. During the development of fuel cell model with these simplifications,
the computational complexity can be effectively reduced while maintaining a high

accuracy.

The main objective of this paper is to present a novel 2-D PEMFC modeling approach
based on a numerical solver fridiagonal matrix algorithm (TDMA) for real-time control
implementation. The proposed PEMFC model covers multi-physical domains in both
fluidic and electrochemical. The major confributions of this paper can be summarized as

follows:

1) A novel non-uniform control volumes mesh grid is defined in fluidic domain
modeling based on channel geometric patterns, in order to thoroughly describe
the gas flow characteristics by taking the fuel cell flow field geometric form into
consideration. In addition, the differential equations of reactant gas convection
and diffusion phenomena are fransformed into tridiagonal systems of equations,

which can be efficiently solved by tridiagonal matrix algorithm.

2) An implicit iterative solver has been developed to solve spatial physical quantity
distributions for electrochemical domain. This original iterative solver algorithm is
composed by three interactive computational loops and uses a robust

convergence method for real-fime computation.

3) The practical feasibilities of the proposed 2-D model in advanced real-time
control of PEMFC systems have been experimentally demonstrated in a RT-LAB
real-fime simulator. The computing technologies presented in this paper are

original for real-time PEMFC model and completely independent of commercial
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platform. It can be easily implemented to any embedded controller of PEMFC

systems.

3.1 Literature Review

Different from the common modeling approach, a real-fime oriented fuel cell model has
more restrictions: the accuracy and computational efficiency of a real-time fuel cell
model are both crucial for model based control process [1]. A sophisticated fuel cell
model can provide comprehensive physical quantities for model-based control design
and optimization. While the high performance computation of a fuel cell model ensures
the model-based confroller can be efficiently implemented in real-time applications
with a low cost of computations. Several real-time control-oriented PEMFC models have

been previously presented in the literature [2]-[4].

Jung et al. [2] present a PEMFC real-fime model, which considers both the electrical and
thermal dynamics. In order to reduce the computational burden, three optimization
strategies are used: minimizing algebraic calculation, model separation and reducing

the layer structure.

Gao et al. [3] develop a cell-level dynamic PEMFC model, which covers
electrochemical, fluidic and thermal domains. A top-down design approach is used to
provide an efficient PEMFC model structure. By using VHDL-AMS language, the

developed model can be used in the hardware-in-the-loop application.

Colclasure et al. [4] describes a physical-based fransient solid oxide fuel cell (SOFC)
model, which considers the coupled interactions of multiple physics. In order to facilitate

the real-time control applications, linear model reduction method is used.

However, their models remain in 1-D. During the model-based control process, the
spatial physical quantity distribution is neglected, such as gas pressure gradient in the
channel, or current density distribution on the surface of electrode. Many PEMFC 2-D
models have been previously proposed in the literature [5] [6]. However, a common
drawback of these models is the computational complexity of mathematical operations.
For example, as mentioned before, the commonly used complex computational fluid
dynamic (CFD) models are not suitable for real-time simulation, since the computational

burdens are too heavy.
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3.2 Tridiagonal Matrix Algorithm for Real-Time
Simulation

The tridiagonal matrix algorithm is an efficient numerical solver, which can be applied
iteratively for solving multi-dimensional problems [7]-[?]. The tridiagonal matrix algorithm
uses a special form of Gaussian elimination, in order to solve a set of equations for
fridiagonal system in a backward substitution. Therefore, it can reduce the

computational time and memory usage considerably [?].

3.2.1 Tridiagonal Matrix Algorithm

A The TDMA is an efficient numerical solution for solving tridiagonal matrices. The TDMA
consists of two steps: a forward elimination procedure and a backward substitution
procedure. A fridiagonal system can be written as the following equations in the

tridiagonal matrix form:

b, ¢ 0 X1 d,
I[ a, b2 Cy -il[xz-i I[dz]
a; b; c X d
L | @D
| Cn—l | xn—l |d1’1—1|
L o P | S I
where x denoted the non-zero inputs of tridiagonal system.
For the first line:
b1x1 + Cle = dl (32)
Divide both sides of the equation 3.2 by b;:
xl + ylxz = el (33)
with
€1
Y1 b,
d,
61 = b_l

In order to forward eliminate x,, the equation 3.3 multiplied by a, and minus the second

row of equation 3.1:
(by — azy1)x; + Cox3 = dy — azeq (34)
Divide both sides of the equation 3.4 by b, — a,y;:

Xy +V2X3 =€ (3.5)
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with

C2
Yo =TT
b, — azy,
d; —aze;
ey =——7—
b, — azy,

Similarly, in order to forward eliminate x,, the equation 3.5 multiplied by a; and minus the

second row of equation 3.1:

(b3 — azyz)x3 + c3x4 = d3 — aze,

(3.6)

Similar forward elimination procedure is repeated unftil the n row, the fridiagonal matrix in

equation 3.1 can be fransformed into a upper triangular matrix:

1 v 0 X1 €1
[ 0 1 vy, I[ X2 ]I I[ ) ]I
I 0 1 vy, I X3 [_| €
VYn-1]j¥n-1 €n—-1
[ 0 0 " 1Jl Xn J l én J
with
Cn—1

Yn-1 =
bn—l — Ap-1¥Yn-2
dn — Apfn—1

e, =
" bn — An¥n-1
The inputs of fridiagonal system x can then be solved by backward substitution:

Xn = €n
Xn-1 = €n-1 — Yn-1%n

Xy = €2 —V2X3
X1 = €1 —VY1X2

(3.7)

(3.8)

Thus, the general solution for fridiagonal system equation 3.1 can be written as the

following equations:

{ d; fori=n
xX; = ,
oldj—c¢ixjy1  fori=n-—-1n-2,..1

with

(3.9)
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(
;L b
di = { di—a;di_4
{ b

A detailed schematic diagram of the TDMA is presented in the following figure 3.1. It is
worth specific mention that, by using this special form of Gaussian elimination, and
solving the ftridiagonal matrices in such backward substitution, compared with
straightforward  Gaussian  elimination 0(n3) , the arithmetic complexity of TDMA
exponential decays to operations 0(n). It means that, if total number of control volumes
is 32 (the elements number of inputs x in tridiagonal system), the model computation
speed can be 1024 times faster compared with Gaussian elimination. Such fast solving

speed allows to significantly reduce the computational time and memory usage.

r b, ¢ [V I c T
by &1 |’ pofl
a, by ¢ I 2 by b,
a; by c3 T3
Lo For n=2:1:N
C.\'—]'V\- i, = ‘2 e, = ?‘)' — G261
L 0 ay b\-l Ty b, —a,n by — ayn
Stepl: forward eliminatfion )
1o 0 I € T = Cn e = Ty — Gnén—_1
0 1 n I € by — anty—y by — anty—
0 1 1y €3
) Cn Iy = Aneyn-1
N " ey =3 3
?.N71|€;\"71 by —ayty-1 " by — Ayt
L ey J
0 0 1 |ey < =nd
Step2: backward substitution end
S 0| ¢ je——=2nd
0 1 n €2 X1 =61~ X
- e- _— -
0 1 715 I s Xn-1= €p-1 — Th-1Xn
) | For n=N:-1:2
Tny-1V€n-1
- 0 0 1 | en Xy = ey

Figure 3.1 Schematic diagram of the TDMA.

3.2.2 Modeling Hypotheses

In order to be able to simulate the model in real-time while keeping the accurate spatial
non-homogeneous effect prediction and model accuracy, some assumptions are used

when modeling the PEMFC stack.

1) The two-phase flow of water is ignored, but the liquid water saturation, vapor

fransportation and pressure gradient is considered in the proposed model;

2) The gas flow in the channel and diffusion through the GDL is considered in steady
state, since the transient time constant of fluid is relatively short (microsecond or

millisecond);
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3) The diffusion mass transport due to total pressure gradient is neglected:;

4) The activation losses V,.. of the anode side are neglected due to the fast

electrode kinetic of hydrogen gas in PEMFC;

5) The Ohm losses are only determined by resistance of Nafion membrane, the layer

contact resistance, electrode resistance are negligible;
6) The reactants are considered as ideal gases;

7) The geometric characteristics of each layer remain unchanged.

3.2.3 Solve Reactant Gas Convection 2-D Model Using
Tridiagonal Matrix Algorithm

The conftrol volume partitions of cathode parallel serpentine channel are shown in the
figure 3.2 [10]. Based on the gas supply channel geometry, the gas supply channel can
be divided into two sections, denoted as “straight volume” and “bend volume”, as
illustrated in figure 3.2. From figure 3.2, the thin dotted line channel confrol volume is in
the straight section, denoted as “straight volumes” of gas channel. In contrast, the bold
dofted line channel control volume is in the curved section, denoted as “bend volumes”

of gas channel. The direction of gas convection flow is marked with arrows.

Bend
volume

N

N

“h d‘.ﬂwm Of w
nvection flowW

Gas pipelize S

The directon of gas
1 W
_convection fow |

Gas pipeline B

i The directon of gas
i i+ convection flow
< . - - |

Gas pipeline C

Figure 3.2 Control volume partitions of cathode gas supply

channel based on the geometric form.

70



In order to employ TDMA, the equation 1.43 should be discretfized in the serpentine
channel based on finite volume method. In addition, all the discretized equations should
be fransformed into fridiagonal matrix as expressed in equation 3.1. Taking the gas
pipeline A (shown in the figure 3.2) as an example, the confrol volume mesh grid

definitions are shown in figure 3.3.

4 i 92 . % 4o
of i D) 1 Channel
Clm/lﬂ inlet
&HZ
Qi+2
\ i3 Channel
"~ i+4 2i+2 | 2i+3 outlet
— > . e ° .
9.3 94 9rin1 9242 9ris3

Figure 3.3 Control volume mesh grid definition of

the “gas pipeline A” marked in the figure 3.2.

Based on the discretization using finite volume method, for each confrol volume, the
fluid mass flow entering info a control volume is equal to the fluid mass flow leaving out a
control volume due to convective transportation. Thus, for the control volume 1 shown in
the figure 3.3:

Qintet = 11 (3.10)

where q;ne: is the gas mass flow at gas supply channel inlet

Based on the assumption 2), the fluid behaviors considered in strady state. Thus, the

discretized form of equation 1.13 can be expressed as the following form:

AP 32uq

A= Dipd (3.11)
Thus, the fluid mass flow g can be written as:
AP D?pA
LRV T G
The equation 3.11 can be written as:
(Pinter = P1) ~ay = (PL — P3) " (3.13)
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where P;,;.: is the pressure at gas supply channel inlet. Thus, for equations of all the

control volume:

Qintet = 41
e (3.14)
Q2i+2 = 42i+3
the following equations can be obtained:
( Pinlet_PlszA_P1—P2D2pA
lintee-1 32 L, 32u
P, — P, D?pA P, — P; D*pA
) = (3.15)

bz 32u B lb3 32u
Pyisz — Pyiy3 D?pA _ Paiy3 = Poygrer D?pA

U Divo—2i43 320 lyivz—outter 32K

where [,_, is the distance between two adjacent control volumes x and y. Equation 3.15
can then be written as the tridiagonal matrix:

a1 Pinter — (@1 +az)Py + a,P, =0

a2P1 - (a2+a3)P2 + 0.’3P3 = 0 (316)

Privz — (@2i43+Q2i44) Poivs + @214 Poytier = 0

where P and Pier 1S considered as boundary conditions, since they are known.
Equation 3.16 describes the reactants flow behaviors in a fridiagonal matrix form, which
can be directly employed the TDMA. After solving equation 3.16 using TDMA, the
pressure distribution due to the mechanical losses suffered in straight channels (P, Pi,3)
can be obtained. Then the pressure distribution in the serpentine channels can be

further obtained based on the equation 1.43.

3.2.4 Solve Reactant Gas Diffusion 2-D Model Using
Tridiagonal Matrix Algorithm

In order to clearly show the calculation procedures of TDMA, the “fluid adjacent
volumes” are denoted as “F1-F6", the "solid adjacent volumes™ are denoted as “S1-S3”,
as illustrated in figure 3.4 [10]. Take the “solid adjacent volumes $2" as an example. Due
to the diffusion phenomena, the reactant gas molar flow (mol/s) entering the "S2”
including three parts: diffusion from “F3" to “S$2"” (x-axis, marked with arrow 1); diffusion
from “F4" to “S2" (x-axis, marked with arrow 2); diffusion from “S1" to “S2" (y-axis, marked
with arrow 3). The reactant gas molar flow (mol/s) leaving the “S2" including two parts:
diffusion from “S2" to “S3" (y-axis, marked with arrow 4); diffusion from "“S2" to catalyst

layer (z-axis, marked with arrow 35).
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Figure 3.4 Diffusion phenomena for “solid adjacent volumes $2”
In the steady state, the gas molar flow entering the “S2” is equal to that of leaving:

Nl + Nz + N3 = N4 + NOz,SZ (317)

where N is the gas molar flow. Since the gas molar flow is determined by the pressure

difference between two confrol volumes, thus the equation 3.17 can be expressed as:
f1(Pr2 — Ps3) + f2(Pra — Ps3) + f3(Psy — Ps3) — fa(Ps1 — Ps3) = N5 = 0 (3.18)

All these diffusion phenomena in the gas diffusion layer, except the above-mentioned

current-driven one qg, can be described by the modified Fick's diffusion law equation:

AGDL " Dgg{'x_y " AP
R-TepL" L

F(AP) = =a,-AP (3.19)

where Ngp, . is the gas molar flow rate of specie x, Agp, is the gas diffusion area, D¢y, _,
is the gas diffusion coefficient, R is the ideal gas constant, T;p,, is the temperature of GDL,
L is the center point distance between two control volumes. Thus, equation 3.18 can be

rewritten by:

—az P+ (g ta,+as+ay) Ps; —ay Ps3 =y Prp+ @y Pry — Noy 57 (3.20)
where
M, 'iSZ,solid
No,s2 = —"—7+—— 4F (3.21)
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In order to compute all the pressure of “solid adjacent volumes S2, S3, S3..."”, the above
equation can be extended to a set of equations:

—az - Psy+ (g +az +azg+ay)  Ps; —ay - Ps3

MO -iS i
_ > 2,solid
=a; Pprtay Ppp——————

4F
—ag - Ps; + (a6 + a7 + ag + @) - Ps3 — g * Py
My i i
3 =a6-PF3+a7-PF4’_W (322)

=3 Pz + (ag1 + a1 + aq3 + aq4) - Psgy — @14 * Pss
Mo, * 54 s01ia
4F

= Qq1 " Pps + @13 Ppe —

Thus, equation 3.22 describes the reactants diffusion behaviors through GDL in a

tridiagonal matrix form, which can be directly employed the TDMA.

3.3 Implicit Iterative Solver

In the proposed 2-D PEMFC model, the calculations of fluidic gas channel model is
based on the non-uniform control volume (black mesh in the figure 1.10), while the
calculations of electrode/electrolyte related physical quantities is based on the unified

control volume (red mesh in the figure 1.10).

It should be noted that, since the activation loss V,.. appears in an implicit form in the
Butler-Volmer equation 2.6, an iterative solving method should be developed to
calculate V., [11]. In addition, this iterative algorithm should also solve the current of
each segment (current density distribution) and cell potential (fuel cell output voltage),
which cannot be calculated explicitly a priori in a 2-D modeling approach. A detailed
schematic diagram of the proposed iterative algorithm is presented in the following

figures 3.5.
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Figure 3.5 Schematic diagram of the proposed iterative solver (First level).

As shown in the figure 3.5, the proposed solver consists of three levels bisection algorithm.
The first level solver is the top level algorithm, which is used to compute cell potential V.
(fuel cell output voltage), as shown in the figure. In order to resolve current value of
each segment i, (current density) based on the output of first level solver, a second
level solver is included in the algorithm. The third level iterative solver is used to calculate

activation losses Vg , in the non-linear implicit Butler-Volmer equation 2.6.

By knowing the total current value of fuel cell, and setting appropriate numerical ranges
for activation losses of segments V., current value of segments i, ,, and cell potential
V.o, the cell voltage and individual current in each control volume can be properly
calculated by the proposed iterative algorithm.
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3.4 Experimental Validation
3.4.1 Experimental Setup

In order to allow a real-time implementation of the developed PEMFC model, the model
physical equations, as well as the proposed iterative solver are written in pure C
language. The model is then implemented in a RT-LAB real-time simulator (real-time
processor operating at 2.5 GHz). The experimental setup of RT-LAB simulator and PEMFC

test platform is shown in Figure 3.6.

Host console PEMFC stack and
monitor the test platform for
i experimental
RT-LAB real-time validation

simulator

(2.5G HZ) /

‘aﬁ- ’ 4 Ballard NEXA
m 1.2kW PEMFC ‘

47-cells stack §

Cell voltage &,
acquisition P
module of
National
Instrument

.s\- “

q.:! v Host console

4 \_ BIIGrd confrol
system oord
Figure 3.6 RT-LAB real-time simulator platform setup.

The RT-LAB real-tfime simulator used in this thesis has a real-time processor operating at
2.5 GHz. For a real-time simulation, the model time step should be settled based on

model complexity and computation performance.

3.4.2 Experimental Results

The real-time simulation bench mark results of the proposed model under different 2-D

mesh number are shown in the table 3.1.

It can be seen from the fable 3.1 that, the model execution time increases quasi-linearly
with mesh number, since there are more iterations should be solved for a higher number
of control volumes. It can be concluded from this benchmark results that, the proposed
2-D multi-physic PEMFC model in this thesis can be effectively used in real-time conftrol

implementations with a time step level on the order of milliseconds.
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Table 3.1 2-D Real-Time Model Benchmark Results (2.5GHz CPU)

Mesh number Model CPU execution time Model time step used CPU occupation
32 7.429 ms 10 ms 73.3%
48 12.308 ms 15 ms 82.1%
64 17.731 ms 20 ms 88.7%
128 43.061 ms 50 ms 86.12%
256 101.218 ms 120 ms 83.35%
600 257.193 ms 300 ms 85.73%

It should be noted that, the iterative algorithm used in this thesis is completely
independent of commercial platform, and can be eacasily implemented to any

embedded confroller of PEMFC system:s.

3.4.3 Real-Time Performance Comparison
3.4.3.1 Comparison with Newton's Method

In order to show the advantages of the proposed 2-D model in terms of computation

time, its performance is compared with a recently published research [12] in Table 3.2.

Table 3.2 2-D Real-time performance comparison with Newton’s method [12].

Simulation Simulation duration  Simulation time cost Ratio
The proposed model with 800 s 297 s 37.12%
N=32 (2.5 GHZ CPU) 1200's 473s 39.41%
Model in [12] with 800 s 431s 53.87%
N=25(2.4 GHZ CPU) 1200's 611s 50.91%

The pseudo-2D fuel cell model in [12] uses Newton's method to solve the ordinary
differential equations, which describe reactant fransport only along the straight channel
direction. It can be seen from Table 3.2 that, the proposed full-2D real-time modeling
approach can achieve a faster computation speed with a more comprehensive two-
dimensional consideration and a slightly larger mesh number. It is also important to
mention that, the model in [12] uses a commercial software solver (Matlab/Simulink),
while the developed iterative solver is completely independent of commercial platform,

and can be easily implemented to any embedded conftroller of PEMFC systems.
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3.4.3.2 Comparison with Gaussian Elimination Method

As mentioned before, as the proposed approach uses a special form of elimination and
solves the ftridiagonal system equations in backward substitution, the arithmetic
complexity of tridiagonal equations system can thus be exponentially reduced
compared fo the classical Gaussian elimination method. This advantage is particularly
evident for a larger mesh number. To show further this advantage, another Gaussian
elimination based 2-D real-time modeling approach [13] has been used for

performance comparison.

It can be seen from the model computation time of different mesh numbers in Table 3.3
that, the model CPU execution time in [13] is faster than that in this paper for a low mesh
number (N<é4). However, the CPU execution time in [13] significantly increases with
increasing of mesh number. It can be observed that, when the mesh number N=328,
the CPU execution time could exceed 100 ms. And as mentioned in [13], for a large
mesh number, the CPU execution time could exceed 1 second, thus making this model

noft suitable for real-time model-based conftroller applications.

Table 3.3 2-D Real-time performance comparison with Gaussian method [13].

Mesh number 104 200 328

Execution time 6.3 ms 39.5ms 162 ms

Although the model CPU execution time in this paper is higher than that in [13] for a low
mesh number, the execution time quasi-linearly increases with mesh number when the
mesh number N is larger than 128. And it can be observed that from Table 3.3, when the
mesh number N=600, the execution time is 50.429 ms. Such short CPU execution fime
further demonstrates the effectiveness of the proposed modeling approach, especially

for large mesh numbers.
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3.5 Conclusion

A 2-D multi-physical real-time model of proton exchange membrane fuel cell has been
presented in this chapter. An innovative non-uniform 2-D mesh grid method is proposed
for real-time simulation performance consideration. In order to efficiently calculate the
physical quantities distribution in 2-D plane, an iterative solver is also developed in the
model. The proposed original iterative solver algorithm is composed by three interactive

computational loops and uses a robust convergence method for real-time computation.

The proposed 2-D model has been tested in a RT-LAB real-tfime simulator and has been
experimentally verified using a Ballard NEXA 1.2kW PEMFC stack. The experimental results
demonstrate the practical feasibilities of the proposed 2-D model for advanced real-
time control of PEMFC systems with a control loop time level on the order of milliseconds
[10] [14]. Such short execution time of the proposed 2-D model makes control decisions
and actions based on the predicted local phenomena and spatial distribution physical

variables inside the fuel cells.
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Chapter IV: Degradation Prediction of
Proton Exchange Membrane Fuel Cell
Stack

Two different degradation prediction methods for proton exchange membrane fuel cell
(PEMFC) performance are proposed in this chapter. In the first part, a novel degradation
prediction approach for proton exchange membrane fuel cell (PEMFC) performance is
proposed based on a multi-physical aging model with particle filter and extrapolation
approach. The proposed multi-physical aging model considers major internal physical
aging phenomena of fuel cells, including fuel cell ohmic losses, reaction activity losses,
and reactants mass fransfer losses. By knowing a prior the parameter-function pairs,
even when the acquired fraining data is extremely limited, this physical-based method is

still able to provide acceptable results at immediate short prediction time range.

However, the first physical-based method cannot be used in the on-line prognostic
applications, since this single-step prognostic method makes predictions for a fixed
horizon only. In order to improve the proposed method, iteration-based prediction
methods are particularly useful to achieve a better performance in the on-line

prognostic applications.

For this purpose, an iteration-based prediction algorithm for performance degradation
of PEMFC is proposed in the second part of this chapter. A novel approach using the
moving window method is applied, in order to dynamically retrain the models during the
forecasting process with new data inputs for iterative data training at next prediction
step. In addition, since the proposed hybrid prognostic method is based on a
combination of model-based and data-driven prognostic methods, it is able to capture
both the fade frend and non-linear features observed in the fuel cell voltage

degradation data.

4.1 Literature Review

As an advanced concept, the Prognostic and Health Management (PHM) of PEMFC is
designed to minimize maintenance costs while increasing operational availability and
utilization of PEMFC [1]. As a key process of PHM, the prognostics use a set of monitoring
data from actual life cycles of PEMFC system, in order to indicate the future degradation
frends as well as its current state of health [2]. Based on the degradation trends, the
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PEMFC system impending faults and remaining useful life (RUL) can be predicted, the

advent of failure can be further forecasted [3].

Generally speaking, there are two main approaches for degradation prediction: model-
based methods [4]-[6] and data-driven methods [7]-[12]. Model-based methods
consider the real physical aging phenomena during the PEMFC degradation process.
Although model-based methods need large computations and complex physical model,
it can predict not only the system degradation trend (fuel cell output voltage decay
over time), but also the information about the internal physical parameters during the
degradation process. However, as mentioned before, the complexity of physical
degradation phenomena makes it very difficult to build a reliable physical model of
degradation. Several PEMFC model-based aging prediction methods can be found in

the literature.

Jouin et al. [4] present a prognostics framework to provide RUL predictions based on
three voltage degradation empirical models: a linear, an exponential and a log-linear
model. However, the empirical voltage degradation models are too simplified, the fuel
cell operating conditions, such as operating current and temperature are also not taken

info account.

Bressel ef al. [5] have proposed an empirical model of degradation. Based on Extended
Kalman Filter (EKF) method, the proposed prognostic algorithm is able to estimate the
PEMFC state of health and to predict its RUL under a variable load profile. However, the
electrochemical kinetics in the proposed aging model is described by Tafel equation.
Under a variable load profile, this aging model can lead to a large error of

electrochemical activation loss, especially for small current values.

Chen et al. [6] have developed a PEMFC lifetime quick evaluation method by taking the
various changes of the operating condition into consideration. This method can achieve
the RUL prediction in real-time applications. However, the fuel cell performance
degradation is described by a linear aging model, which cannot truly reflect the non-
linear aging trend. Indeed, the fuel cell is a multi-physical system (electrochemical,
fluidic, and thermal). Therefore, it is necessary to take into account aging process in

different physical domains.

In the proposed model-based method, a multi-physical aging model is developed to
consider major internal physical aging phenomena of fuel cells, including Ohmic losses,

reaction activity losses, and reactants mass transfer losses. In addition, the Butler-Volmer
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equation is used in the proposed aging model to accurately calculate the

electrochemical activation loss for all possible values of PEMFC stack current.

On the other hand, the data-driven methods use pattern recognition, statfistical or
machine learning techniques, such as Artificial Neural Network (ANN) [7], Support Vector
Machine (SVM) [8], and adaptive neuro-fuzzy inference system (ANFIS) [?], to track and
predict the system non-linear characteristics. Compared with model-based approach,
data-driven method can be easily implemented without specific knowledge of physical

degradation.

Marra et al. [10] proposed a neural network estimator of solid oxide fuel cells for ifs
diagnostic. The proposed degradation estimator is trained based on a set of
experimental data, in which includes stack current, temperature and reactant gas mass

flow rate.

Mao et al. [11] investigated sensor selection algorithms for prognostic of PEMFC. With the
identified optimal sensor, an adaptive neuro-fuzzy inference system (ANFIS) is used to

predict the performance of fuel cell system.

lbrahim et al. [12] proposed a data-driven approach for PEMFC prognostic based on
Wavelet Transform technique. The prediction process consists of decomposition and
reconstruction. This approach is able to predict the future power and estimate RUL under

static and dynamic operating conditions of PEMFC system.

However, a common drawback of these data-driven methods is that the degradation
frend and non-linear behaviors cannot be simultaneously captured, thus make them
inaccurate for prognostic. The proposed hybrid prognostic method is able to capture
both the fade frend and non-linear features observed in the fuel cell voltage
degradation data. In addition, a novel approach using the moving window technique is
applied in order to iteratively update the prediction process when the newly measured
data become available. This iteration-based prediction method is particularly useful to

achieve a more accurate prediction when the initial training samples are limited.
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4.2 Degradation Prediction Based on Mulfi-
physical Aging Model with Particle Filter Approach

In this section, a multi-physical aging model of a PEMFC is developed at first. The
presented aging model considers different physical aging phenomena including fuel
cell ohmic losses, reaction activity losses and reactants mass transfer losses. The
proposed aging model is then initialized by fitting the PEMFC polarization curve at the

beginning of lifetime.

During the prediction process, the aging dataset is then divided into two parts: learning
and prediction phases. The particle filter framework is used to study the degradation
characteristics and update the aging parameters during the learning phase. The
suitable fitting curve functions are then selected to satisfy the degradation trends of
frained aging parameters, and used to further exirapolate the future values of aging
parameters in the prediction phase. By using these extrapolated aging parameters, the
prediction results are thus obtained from the proposed aging model. Three experimental
validations with different aging testing profiles have been performed. The resulfs

demonstrate the robustness and advantages of the proposed prediction method.

4.2.1 Description of Aging phenomena

In this sectfion, the presented aging model is developed based on a previously
developed multi-physical PEMFC model [13] [14]. In this model, each single cell is also
divided into seven different element layers, and each layer modeling covers three
physical domains: electrical, fluidic and thermal domain. It should be noted that, the
time constant of aging process is much higher than the other physical dynamics in
PEMFC system (thermal dynamic, membrane water dynamic, etfc.). Thus, all the physical
dynamics are removed in the proposed aging model compared to the original multi-

physical model.

In order to model the aging process over PEMFC operating lifetime, the proposed model
uses time-variant modeling coefficients to describe three most important aging
phenomena in different physical domains [15] [16], including fuel cell ohmic losses,
reaction activity losses in electrical domain, and reactants mass transfer losses in fluidic

domain, as shown in the figure 4.1.
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Figure 4.1 Degradation mechanisms considered

in the individual lumped aging parameters.

4.2.1.1 Aging Parameter Membrane Resistance
The first aging phenomenon considered in the proposed aging model is described by
ohmic losses of fuel cell, including layer contact resistance, electrode resistance and

membrane resistance [16]. More explanations and causes of fuel cell ohmic losses are
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shown in the figure 4.1 (first group). In order to describe the fuel cell ohmic losses during
the degradation process, the first lumped aging parameter ohmic resistance (Q) has

been proposed as following:

Rohmic,aging (t) = Rohmic,aging,o(1 + a(t)) (4‘-1)

where the aging coefficient a(t) indicates the aging degree of ohmic resistance.

42.1.2 Aging Parameter Exchange Current Density
In order to describe the reaction activity losses during fuel cell operation, the second
lumped aging parameter exchange current density igxch aging (A/M?) has been proposed

with the following form:

iexch,aging @) = iexch,aging,o(l + .B(t)) (4-2)

where the aging coefficient g(t) reflects the aging degree of exchange current density
over fime. As a parameter who represents electrode kinetics, the exchange current
density determines how easily the reaction can occur on the electrodes. The reaction
activity losses may result from degradation of active electrode surface area, Nafion in
contact with active areaq, or loss of catalyst material [16]. More explanations and causes

of reaction activity losses are shown in the figure 4.1 (second group).

4.2.1.3 Aging Parameter Gas Diffusion Coefficient

In order to describe the losses of reactants mass fransfer during fuel cell aging, the third

eff

lumped aging parameter gas diffusion coefficient Dgyj oy 4ing

(m2/s) between the

species x and y has been proposed under the following form:

ff _ peff
DCev‘DL,x—y,aging (t) - DgDL,x—y,aging,O(1 + )/(k)) (4'3)

where the aging coefficient y (k) reflects the aging degree of fuel cell gas diffusion layer
material that influences the reactants mass transfer. The losses of reactants mass transfer
may result from the corrosion of electrode supporting material, increase of tortuosity due
to catalyst parficle ripening, or more difficult water removal due to degradation of
polymer material [16]. More explanations and causes of reactants mass transfer losses

are shown in the figure 4.1 (third group).

4.2.2 Estimation Method

Compared with the Extended Kalman filter (EKF) which only focuses on linear systems
and Gaussian noise [17], [18], the particle filter (PF), which use the Monte Carlo

sequence for solving integration problem in Bayesian estimation, has significantly better
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estimation accuracy when non-linear battery models are used, since it focus on

approximating the solution for non-linear and non-Gaussian system [19]-[22].

In this section, the state space representation of the proposed model is presented at first.
Then, the Bayesian estimation method is infroduced, followed by a detailed description

of particle filter algorithm.

4.2.2.1 State Space Model for Aging
In order to give a clear structure of the proposed aging model, the proposed non-linear
model can be written in the form of state-space representation as follows:

{ Xp = Xg—1 + Wi

4.4
Vi = h(xp, ug) + vy (44)

where x;, represents the state variable of system at time k, y, the observed variables of
system, u, the input variables of system, the non-linear system observation equation h
can be derived using the formula of the electrical and fluidic domain modeling
equations presented in chapter I. w, and v, the process and observation noises

respectively. The system state x; includes three aging parameters:

x = [a(k), B(K),y (K)]" (4.5)
The schematic diagram of non-linear function h is shown in the figure 4.2.

It can be seen from the figure 4.2 that, three aging coefficients are considered as the
system state variables. The initial values of the three aging parameters Rypmicagingo-

eff

epLx—yagingo Or€ Obtained by fitting the polarization curve of PEMFC at

iexch,aging,ol ond D
the beginning of lifetime (described hereafter in section 4.2.3.1). Other modeling
parameters (geometrical values or physical properties of the Ballard Nexa 1.2kW fuel cell

stack) can be obtained in the previous work [13] [14].
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Figure 4.2 Schematic diagram of proposed aging model.

88



4.2.2.2 Bayesian Estimation

In the framework of Bayesian estimation, the state variable x; in the state space of aging
model (equation 4.1- 4.3) is estimated based on the observation sequence yo., = {y;, i =
0,1,2..,k}. Then, the optimal estimation of x, can be written in the form of the

conditional expectation:

E(xo.x|Yo:) =f Xo:cP (X0:k | Y0:k)d X1 (4.6)

The main idea of Bayesian importance sampling is that, a set of random sample particles,
which are sampled from the known proposal distribution q(xo.xlvex) . Qre used to
approximate the posterior probability density function p(xg..|vo). Thus, E(xo.x Vo) CAN

be rewritten as:

p(Xo:xc|Yo:x)

Xok —————q X0k | Vo1 )d X 4.7
OkCI(xo:kb/o:k)q 0:k1Yo:k k (4.7)

EGorlyou) = f

Then the Summation form of equation 4.7 can be expressed by:

N

= Z xé:kw(x(i):k) (48)

NWt(xé:k) i=1

1 . .
Nzliv=1 x(l):kw(x(l):k)

E(xo:k |y0:k) =

where x},, are the particles sampling from q(xo. Vo). W(x(i,:k) are the normalized form of

importance weights w(x,., ). which can be expressed by:

_ P (YVo:x | X0 )P (X0:1)
witou) = q(Xo.x|Yo:1) (49

Bayesian importance sampling is an effective method using Monte Carlo sequence.
However, each step of importance weights calculation depends on all the previous
observations, thus its computation is increasing with fime. In order to avoid this
deficiency, the sequential importance sampling is proposed. In this case, the
importance weights are calculated recursively, and the proposal distribution can be

rewritten as:
q(xo:kY0:6) = Qi X0:k-1, Yo:k) 4 (X0:k—11Vo0:k-1) (4.10)
From equation 4.10, the importance weights at time k-1 can be described as follows:

w _ P(Vo:k—11%0:k-1)P(X0:k-1)
o q(Xo.k-11Yo:k—-1)

(4.11)

From equation 4.10 and 4.11, the importance weights at time k can be described as

follows:
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P()’o:k|x0:k)P(x0:k)

= 4.12
* q (x| Xo:k-1, Yo ) 4 (Xo:k—11Y0:1-1) ( )
Thus, the relationship between w,and wy,_; can then be expressed by:
Wi = Wi PVoux|X0: )P (X0:x) Wit Pkl xi)p Ccge | xk-1) (4.13)

PVouk—11%0:k-1)P Xo:k-1) G ke | X0: k-1, Yo:x) B q(xxlxo:k-1, Yok

It should be noted that the system state variables follow a first order Markov process, and

each observation are stafistically independent.

4.2.2.3 Particle Filter Framework
From the previous analysis of Bayesian estimation based on the sequential importance

sampling, a detailed particle filter algorithm can be described as follows:

1) Initialization: the set of particle samples is obtained from the initial distribution at time

t=0: xi~p(xo),i = 1,2, ..., N, where N is the number of particles.
2) Importance sampling: the proposal distribution is generated by:
Xic~q (Xk | X6k-1, Yorr) (4.14)

3) Weights calculation: the state estimation is optimal with the assumption of
q(xL| k-1 Yo ) = a(xk|xk_1, 7). It means that probability density function only depends
on xx_; and y,, then each sample particle x. can be obtained. Each sample particles

weights can be calculated from equation 4.12 and 4.13:

i i p(yk|xlic)p(xlic|xlic—1)

= _ A 415
Wi = W = T ) (1%

The importance weight at time t=0is set to 1/N.

4) Normalize the weights: the set of new particle sample is obtained by normalized

weights:
Wi = w,i/Zw,i (4.16)

5) Re-sampling: the effective sample size is defined by: Ny, :1/2?’:1(w};)2, the re-

sampling step is performed when N, is smaller than the given threshold Ny,.

6) State prediction: calculate the state by the equation:

N
%, = Z Wixl 4.17)
i=1
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4.2.3 Prediction Methodology Implement

In this section, the proposed model-based PEMFC performance degradation prediction
method is given in detail. The initialization of three aging parameters is performed based
on the initial polarization curve of PEMFC. Then, the proposed prediction method is
divided into two stages: learning and prediction phases. During the learning phase, the
particle filter estimator studies the system non-linear behavior, and at the same fime
updates the corresponding aging parameters. Based on these updated aging
parameters, suitable fitting curve functions are then selected to extrapolate the values
of aging parameters in the prediction phase. At last, by using these extrapolated aging
parameters, the proposed aging model predicts the PEMFC degradation voltage in

prediction phase.

4.2.3.1 Initialization of Aging Parameters

The performance of the proposed prediction method depends strongly on the initial
estimation of aging parameters. In order to accurately estimate the initial values of
aging parameters, these values are determined based on the reliable physical

equations and experimental calibrations.

4.2.3.1.1 Initialization of Aging Parameter Ohmic Resistance
At the beginning of PEMFC lifetime, the ohmic losses are considered only in the
membrane, the electrode resistance and layer contact resistance are negligible. Thus,

the initial value of ohmic resistance can be calculated by the equation:

‘Smem
fO Tmemdz

Rohmic,aging 0) = (4.18)

Amem

where 8,0 is the thickness of the membrane (m), Apen is the membrane section surface
(M2), 1em 1S the membrane resistivity and is highly dependent on water content 1(z) in
polymer membrane, where z € [0(anode), §,,.m(cathode)]. More detailed information
about ohmic losses and water content equations can be found in [13]. With the
membrane properties data given in [13], the initial value of first lumped aging parameter
Ronmic,aging(0) is around 2.1e-03 (Q).

4.2.3.1.2 Initialization of Aging Parameter Exchange Current Density
The initial value of exchange current density igyenqging is Calculated by the following

equation:

_Ec(. Teata
.pBe g ro(1-388%)

iexch,aging 0) =vc 0,,cata (4.19)
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where Py, cqtqis the oxygen pressure (atm) at the interface of cathode catalyst layer, y,
and B, are two empirical parameters need to be identified through fuel cell
experimental tests, E. is the oxygen activation energy at electrode platinum interface
(J/mol). With y, = 2.42, B, = 2.12, the initial value of second lumped aging parameter
lexchaging(0) is around 0.1154 (A/m?2).

4.2.3.1.3 Initialization of Aging Parameter Diffusion Coefficient

3) Initialization of DEL, ., 2omg: The inifial value of diffusion coefficient between species x
andy D(‘;{;{'x_y'aging is calculated by the equation [13]:

b
1 TGDL
Deff_ ' (0):_,(1_(—
GDL,x—-y,aging Ptot Tcrit,xTcrit,y
1

1 12 (1073 1073\2
' (Pcrit,xPcrit,y)3 ' (Tcrit,xTcrit,y) 5 M + M et (4-20)
X y

where P,,; is the total pressure of species (atm), T, is the critical temperature of species
(K). P, is the critfical pressure of species (atm), and M is the molar mass of species
(kg/mol). The coefficients a and b depend on whether one of the species is a polar gas
or not and are determined accordingly, € is the porosity of the GDL and tis the GDL
tortuosity. With the characteristic data of gas diffusion layer given in [13], the initial value

of third lumped aging parameter DZZ} . (0) is around 6.7e-06 (m?2/s).

4.2.3.1.4 Genetic Algorithm

In order to demonstrate the modeling accuracy and identify the initial values of aging
parameters, the proposed multi-physical aging model is used to fit the experimental
measurement of polarization curve at the beginning of PEMFC lifetime. As a commonly
used strategy, the Genetic Algorithm (GA) is particularly suitable for such multi-
parametric and non-linear system. The purpose of GA is to find opfimal solution for

objective function, defined as follow:

T

f(2) =min Z [(Yie = Pspm (212 (4.21)
t=T,

where )2;? are the estimated parameter values at time k in the generation g, Y, is the

measured output value at time k, and 7(#?) is the predicted output value.

The flow diagram of aging parameters initialization using GA algorithm is shown in the
figure 4.3. The main idea of GA is to generate a population of solutions and then to

improve it using techniques of natural evolution, such as inheritance, mutation, selection,
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and crossover method. This generational process is repeated unfil an appropriate
solution can satisfy (optimize) the objective function. More detailed content about GA
can be found in [23] [24].

As shown in the figure 4.3, the inputs of GA include fuel cell stack geometry parameters
and physical properties, as well as operating condition of auxiliary components. In
addition, the numeric variation range of above each aging parameter has been set to

+5% of their calculated initial values for the GA tuning.

Nexa 1.2kW PEMFC stack
geometrical parameters
and physical properties

‘ G Initial values
‘ PEMFC system auxiliary 9 polarization poorfocri%r’igrs:
| components operating condition | curve
| Setting aging parameters values | | \i GA ohmic,aging,0
range based on the reliable i algorithm Lexch,aging 0
physical range and off
experimental calibrations 3 D.%, cging.0

Figure 4.3 Flow diagram of GA for fitting the initial polarization curve.

Figure 4.4 shows the polarization curve measured at PEMFC beginning of lifetime, and
the GA fitting result of the proposed model. It can be seen from the figure 4.4 that, the
identified aging model output fits very well to the experimental measurement over the
entire current range by using the GA approach (the fitness value is 97.27%). The

identified initial values of three aging parameters are, respectively, Ronmicagingo0=2.081€-

03 (Q). iexchagingo=0-1149 (A/m2), and DZE} . = =6.839e-06 (m2/s). These three initial

values are further used for particle filter to study the degradation characteristics in the

learning phase of the proposed aging prediction method.

45
; ; + Initial measurement of polarization curve
B S GA Fitting result M
E i ’ : : : : : : :
@ ; . ; ; ; ; ; ; ;
o A S S S B S
2 : : : : . : : : :
R e B e ey
25 i i i i i i i

| i
0 5 10 15 20 25 30 35 40 45
Current (A)

Figure 4.4 Initial measurements of polarization curve and GA fitting results.
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4.2.3.2 Prediction Method Design

The proposed model-based prediction method is divided into learning phase and
prediction phase. In order to give a detailed flow diagram of proposed algorithm design,
the PEMFC experimental degradation voltage dataset and working conditions are
presented aft first. A Ballard NEXA 1.2 kW commercial PEM fuel cell stack is used in this
experimental aging test. As shown in the figure 4.5, the PEMFC stack voltage is measured
under a current of 36 A at a temperature of 40 °C. The experimental aging data is

measured and recorded every ten minutes during the 400 hours experimental test.

Operating current of 36A, temperature of 40°C
T T I |

31 { I - |
L Learning phase Prediction phase
gy 1 : : : : ;
L) s 2 P R I R B N
2 RS NI -
g2 _*rﬁ* """ A A A 7
2 ’ : T - S I : :
= 28}----{ * Traning data %ﬁ_ﬂ» i'**""*++ ....... P P -
*' Predic’Fion data . f *i* ) 1?**+ A
| | | | | R |
2?O Operating time (hour) tp 400

Figure 4.5 Experimental measurements of the fuel cell stack

output voltage under a current of 36A at a temperature of 40 °C.

It should be noted that, in order to eliminate the unreliable measurement data points
before applying the proposed algorithm, a data post-processing is performed to down-
sample the original measured data. Thus, the available measured aging data consists of
91 data points as shown in the figure 4.4. The learning phase point is setf to t,. It means
that, by using the proposed prediction method, the aging parameters is frained and
updated from 0 h to t, h, the remaining data between the learning time t, h and the
end time 400 h is thus used to evaluate the consistency of the prediction results from the

proposed aging model.

The detailed flow diagram of proposed prediction methodology is shown in figure 4.6. It

includes accordingly two parts: learning phase and prediction phase.

For the learning phase, the objective of particle filter is to recursively estimate the state
variables x;, based on the initial aging parameters and experimental aging voltage data.
It should be noted that, during the particle filter based estimating process, the variance
selection of process noise wy is a compromise problem. A large variance of w, can
provide a set of sample particles with great diversity, and further expands the sampling

distribution, while a small variance ensures a sufficiently fast convergence. The
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observation noise v, already exists in the experimental aging data, since the stack

voltage is measured by physical sensors.

Operating current of 36A, temperature of 40°C
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Figure 4.6 Schematic diagram of proposed prediction methodology

including learning phase and prediction phases.

The particle filter in the previous learning phase estimates and updates the state
variables x(k) at every sampling step, thus the non-linear behaviors of voltage
degradation before the learning time t, h can be fully captfured. In order fo well
represent the captured aging behavior, the multiply exponential function is commonly
used in the literature [25]-[28] to describe the degradation trend. Furthermore, linear,
exponential, power, and Fourier series functions [29] can also well express the PEMFC
aging process under constant current and temperature condition. Since the
degradation trends of different aging parameters represent different physical aging
progresses and degradation mechanisms, the above-mentioned fitting curve functions
should be properly selected for each aging parameter extrapolation, in order to further

achieve accurate prediction voltages in the prediction phase.
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4.2.4 Experimental Results and Discussions

In this section, a 400 hours experimental degradation voltage dataset is fully investigated
to perform the fitting curve function selections at first. Then, based on the selected fitting
functions, the proposed prediction method is then applied to 3 other 400 hours PEMFC
experimental degradation tests under different operation conditions. The prediction
performance evaluation of the proposed approach with shorter duration of learning

phase is also shown and discussed aft last.

The 4 datasets of Ballard NEXA 1.2 kW commercial PEMFC stacks, used in this thesis, are
measured and post-processed under steady-state operation conditions of 12A 30°C, 30A
35°C, 36A 40°C and 44A 40°C, respectively. Four identical NEXA stacks (from same
manufacturer batch) are used during experiments and each stack is tested under 400
hours aging experimentation. The detailed operation conditions of 4 NEXA fuel cell

stacks are listed in the following table 4.1.

Table 4.1 Operation Conditions of NEXA Fuel Cell Stacks

Test in section 15t test in 2nd test in 3rd test in
4.1.4.1 section 4.1.4.2.1 section 4.1.4.2.2 section 4.1.4.2.3
Stack type Ballard NEXA 1.2 kW commercial PEM fuel cell stack
Operation mode Dead-end mode
Air supply Air blower + filter
Cooling Air fan cooled
Active area 150cm?
Fuel supply 99.99% dry H, @1.2 bar
Operating hours 400 hours
Air stoichiometry 2.0 4.2 2.2 2.0
Stack temperature 40°C 30°C 35°C 40°C
Current density 0.24 A/cm?  0.08A/cm? 0.20 A/cm? 0.30 A/cm?

4.2.4.1 Fitting Function Selection and Extrapolation Method
In the first experimental aging test, the Ballard NEXA 1.2 kW PEMFC stack runs for 400
hours under 36 A at 40 °C (the dataset is shown in the figure 4.5). The learning phase fime

t, is set to 250 h. This experiment aims fo find appropriate fitting function for each aging
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parameter extrapolation. By applying the proposed prediction method, the particle filter
studies the non-linear aging behaviors and updates the aging parameters in the
learning phase. Then, an important step of the proposed method is to select appropriate
fitting functions, which are used to represent the frends of aging parameters in the
learning phase, and further extrapolate the future values of aging parameters in the
prediction phase. As mentioned previously, the aging frend behaviors can be well
expressed by the following fitting curve functions: multiply exponential, linear,

exponential, power, and Fourier function.

Taking the first aging parameter R,pmicaging @5 AN example. In the learning phase, the
particle filter studies the voltages degradation behaviors and updates the parameter
Ronmicaging VAlUES, as shown in the figure 4.7 (blue points in the learning phase). The
upward tendency of Rypmicaging iN the leaming phase can be well described by above-
mentioned linear, exponential, power, and Fourier series functions. These four functions
also generate different extrapolated values of parameter Rypmicaging iN the prediction

phase, as shown in the figure 4.7 (different colors points in the prediction phase).

-3 - A A A N A
x 10 Fitting curves of ohmic resistance parameter using different functions
#+ Updated Parameters using PF ! !

Linear function,R?=0.9643
Exponential fundion,R2:0_9489

c

o - Power function,R%=0.9417

o - — . .

S Four|erfunct|on,R2:O_9?83

T 108 A R— S — .
o ' e

E : +  Extrapolated parameters using linear function

S L) S ,.: z ‘ ________ Extrapolated parameters using exponential function ||

Extrapolated parameters using power function

+  Extrapolated parameters using Fourier function

2; ------- Le-:armﬁgphs;rse-------f--------; ------ Prefliction phase------—
Y 1 1 1 1 o ™ 1 1 }
0 50 100 150 200 250 300 350 400

Operating time (hour)
Figure 4.7 Fitting curves of ohmic resistance parameter using different functions.

It can be seen from the figure 4.7 that, although all the four functions can provide good
fitting results in the learning phase (high coefficient of determination R? ), the
extrapolated parameters have large differences in the prediction phase. For
comparison purpose, these different extrapolated values of parameter Rypmicaging Are
further used in the proposed aging model. As a consequence, the prediction results of
degradation voltage also show difference in the prediction phase, as shown in the

figure 4.8.
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Prediction voltages using different extrapolated parameters of ohmic resistance
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Figure 4.8 Prediction voltage results using extrapolated parameter of R,pmicaging-

In figure 4.8, the voltage curve in the learning phase (blue curve) is estimated by particle
filter. The four forecasted voltage curves in the prediction phase are generated by the
proposed aging model with the above-mentioned different extrapolated aging
parameter Ropmicaging- |1 Can be clearly seen from the figure 4.8 that, the trend of
forecasted curves using power function and Fourier function are in good agreement
with the measured voltage points, while the linear and exponential functions have
relatively large errors. It can be concluded from the prediction results that, compared to
linear and exponential functions, power and Fourier functions can reflect more

accurately reflect the trend of fuel cell ohmic losses.

The similar function selection process are also used for the other two aging parameters
fexchaging ONA Dent o omg - SINCE each aging parameter has four different fitting
functions to extrapolation, there are a total of 43 = 64 possible combinations to predict

the degradation voltage.

The root mean square error (RMSE) is used to measure the accuracy of all the 64
different prediction results using the above fitting functions selection method. It has been
found out that, in order to achieve best forecast performance of prediction curve, the

most appropriate extrapolation pairs are:
Power function extrapolation for Rypmic,aging:
Ronmicaging(t) = a - tP (4.22)
Fourier series function extrapolation for igyep qging:
lexchaging (£) = D1 + b cos(wt) + ps sin(wt) (4.23)

Multi-exponential function extrapolation for Déﬁ{’x_y’agmg:
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DE’;{,x-y,aging (t)=a-exp(b-t)+c-exp(d-t) (4.24)

where the parameters a, B, p;, v, p3, w, a, b, ¢, d are determined by the curve fitting

functions. The above three parameter-function pairs are then considered for future study.

4.2.4.2 Experimental Validation: Long Learning Time

In order to experimentally verify the effectiveness of proposed prediction method, three
more experimental degradation voltage datasets of the same type of Ballard NEXA 1.2
kW PEMFC stack for 400 h operation under different working conditions of 12A 30°C, 30A
35°C, 44A 40°C are presented respectively, with a leamning fime ¢, of 250 hour.

4.2.4.2.1 First Experiment: PEMFC Operation under 12A at 30°C
In the first experimental aging test, the PEMFC stack runs for 400 hours under a current of
12A at 30°C. By applying the proposed prediction method, the extrapolation results of

the aging parameter are shown in figure 4.9.
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Figure 4.9 Extrapolated result of aging parameters: (a). ohmic resistance. (b).

exchange current density. (c). diffusion coefficient. (operating current 12A at 30°C).
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It can be seen from the figure 4.9 that, three aging parameters show different non-linear
aging characteristics, due to their different physical performance and degradation
mechanisms. The prediction results show that under the first PEMFC 400 hours operation
under a current of 12A at a temperature of 30°C, the Ohmic resistance increases by
more than 39%, the exchange current density and diffusion coefficient decrease by 10%
and 23%, respectively. Based on the values of three extrapolated parameters, the

proposed aging model outputs the prediction results, as shown in the figure 4.10.

Operating current 12A, temperature 30°C

36 g T o T T L
Leprning phase : B Prediction phase

: ; : +  Validation data
Prediction curve using
proposed method

+ Traning data
Estimation using PF

335 i | | | | |
0 50 100 130 200 250 300 350 400

Operating time (hour)

Figure 4.10 Prediction result (current 12A at 30°C, learning time is set to 250 h).

It can be seen from the figure 4.10 that, the predicted voltages can follow the trend of
the non-linear experimental data set with a great accuracy. The root mean square error
(RMSE) and mean absolute percentage error (MAPE) of prediction result are 0.1857 and

0.0042, respectively.

4.2.4.2.2 Second Experiment: PEMFC Operation under 30A at 35°C

In the second experimental aging test, the PEMFC stack runs for 400 hours under a
current of 30A atf 35°C. By applying the proposed prediction method, the exfrapolation
results of the aging parameter and voltage degradation prediction result are shown in

figure 4.11 and figure 4.12, respectively.

It can be seen from the figure 4.11 that, three aging parameters show again different
non-linear aging characteristics. The prediction results show that, for the second
experimental aging test, the Ohmic resistance increases by more than 57%, the
exchange current density and diffusion coefficient decrease by 12% and 29%,
respectively. Then, based on the values of three extrapolated parameters, the proposed

aging model outputs the prediction voltages. Figure 4.12 clearly points out again that,
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the proposed prediction method shows a precise conformity with the validation data.
The RMSE and MAPE of prediction result are 0.1865 and 0.0052, respectively.
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Figure 4.11 Extrapolated result of aging parameters: (a). ohmic resistance. (b).

exchange current density. (c). diffusion coefficient. (operating current 30A at 35°C).
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Figure 4.12 Prediction result (current 30A at 35°C, learning time is set to 250 h).
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4.2.4.2.3 Third Experiment: PEMFC Operation under 44A at 40°C
In the third experimental aging test, the PEMFC stack runs for 400 hours under a current
of 44A at 40°C. By applying the proposed prediction method, the extrapolation results of

the aging parameter and voltage degradation prediction result are shown in figure 4.13

and figure 4.14, respectively.
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Figure 4.13 Extrapolated result of aging parameters: (a). ohmic resistance. (b).

exchange current density. (c). diffusion coefficient. (operating current 44A at 40°C)

The prediction results show that, for the third experimental aging test, the Ohmic
resistance increases by more than 76%, the exchange current density and diffusion
coefficient decrease by 15% and 40%, respectively. Figure 4.14 clearly shows again that,
the prediction curve can describe the trend of the non-linear experimental data set. The
RMSE and MAPE of prediction result are 0.3168 and 0.0083, respectively.
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Figure 4.14 Prediction result (current 44A at 40°C, learning time is set to 250 h).

It can be concluded from the above three experimental validations that, when a
relatively large amount of data is used by particle filter in the learning phase, with
suitable fitting curve functions to extrapolate the values of aging parameters, the
proposed prediction method has demonstrated its strong capability on forecasting the

future trend of PEMFC degradation voltage under different fuel cell operation conditions.

4.2.4.3 Experimental Validation: Short Learning Time

In order to thoroughly show the effectiveness and advantages of the proposed
prediction method, we would like to further investigate the prediction performance of
the proposed model with a shorter learning time interval. The learning time t, is now set
to only 150 h (previously 250h). In this case, fewer training points are available to fit the
function. By applying the proposed method with this new learning interval, the

prediction voltages are shown in the figure 4.15-4.17.

The degradation prediction results for the first experimental aging test are shown in the
figure 4.15. In this limiting condition, the frend of PEMFC degradation voltage can still be
captured, however with a larger prediction error. Figure 4.16 shows the second
experimental aging test and it can be seen that, although the proposed prediction
method could not show a precise conformity with the validation data after 200 hours,
the prediction could sfill provide accurate and useful prediction results in the near time
inferval (i.e. between 150h and 200h). For the third experimental aging test, the
prediction results are shown in the figure 4.17. Since the training data is very limited, its
non-linear degradation trend is not fully learned by particle filter. Thus, the prediction
results are not very accurate, especially after 250 hours. Nevertheless, the voltage aging

frend can still be roughly described by the predicted results.
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Figure 4.16 Prediction result (current 30A at 35°C, learning time is set to 150 h).
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Figure 4.17 Prediction result (current 44A at 40°C, learning time is set to 150 h).

Thus, it can be concluded from the above experimental validation that, although the
acquired aging data is extremely restricted, based on the prior known parameter-
function pairs, the proposed method has the potential to provide fairly acceptable
prediction results, especially at immediate short prediction time range.
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It worth also to mentioned that, when the initial fraining samples are limited, iteration-
based prediction strategies [30] are particularly useful to achieve a better performance
of the proposed prediction method. The purpose of using an iteration-based prediction
strategy is to provide more accurate short-term prediction results and to dynamically
update the prediction result with the newest dataset (newly measured data) for iterative

data training af next prediction step.

4.2.5 Conclusion

In this section, a novel approach for PEMFC output voltage prediction based on a multi-
physical aging model with particle filter and data extrapolation approach was
proposed (please refer to previous work [13] [14]). The proposed mulfi-physical aging
model fully considers the three most important aging phenomena during PEMFC

operation: ohmic losses, reaction activity losses, and reactants mass fransfer losses.

The proposed prediction method is divided into two stages. learning phase and
prediction phase. During the learning phase, the particle filter is applied to study the
non-linear aging behavior and update the proposed aging parameters. Then, different
fitting curve functions are used to represent the trend of aging parameters in the
learning phase, and further extrapolate the future values of aging parameters in the
prediction phase. At last, by using the extrapolated aging parameters, the proposed

aging model predicts fuel cell voltages in the prediction phase.

The experimental validations show that, in order to fully and accurately represent the
non-linear trends of aging parameters and further achieve a better performance of
proposed prediction method, a relatively large amount of data should be learned by
particle filter in the learning phase, and suitable fitting curve functions should be used to
extrapolate the values of aging parameters in the prediction phase. It is also important
to note that, even when the acquired fraining data is exiremely limited, by knowing a
prior the parameter-function pairs, the proposed method is sfill able to provide

acceptable results, especially at immediate short prediction fime range.
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4.3 Degradation Prediction Using a Moving
Window Based Hybrid Prognostic Approach

The above physical-based prediction method cannot be used in the on-line prognostic
applications, since this single-step prognostic method makes prediction for a fixed
horizon. In order to improve the proposed method, an innovative robust prediction
algorithm for PEMFC performance degradation is proposed based on a combination of
model-based and data-driven prognostic method. In the proposed hybrid method, a
novel approach using the moving window method is applied, in order to 1) train the
developed models; 2) update the weight factors of each method and 3) further fuse the
predicted results iteratively. In the proposed approach, both model-based and data-

driven methods are simultaneously used to achieve a better accuracy.

In order to verify the proposed method, three experimental validations with different
aging testing profiles have been performed. The results demonstrate that the proposed
hybrid prognostic approach can achieve a higher accuracy than conventional
prediction methods. In addition, in order to find the satisfactory trade-off between the
prediction accuracy and forecast time for optimizing on-line prognostic (for example the
dynamic operating conditions in fuel cell hybrid electric vehicles), the performance
variation of proposed approach with different moving window length is further shown

and discussed.

In this section, a model-based fuel cell voltage degradation prediction model using
empirical equation and particle filter approach, and a data-driven prediction model
using NARNN are presented, respectively. Then, a hybrid prognostic approach is further

given based on combining the fusion approach and moving window techniques.

4.3.1 Model-Based Prediction Method

A model-based approach has been chosen as the first prediction method in this thesis.
In this section, an empirical fuel cell voltage degradation model is presented at first. In
order to estimate the state variables in the model, a particle filter based identification
algorithm is applied. The corresponding prognostic method is presented and discussed

at last.
Based on regression analysis of experimental degradation data, it has been found that
an empirical equation form can well describe the fuel cell voltage degradation process

[26]-[28]:
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Veeu(t) = a(t) - exp(b(t) - t) + c(t) - exp(d(t) - t) (4.25)

where V,.;(t) is the fuel cell output voltage at time ¢, the coefficients a and b are related
to the fuel cell internal impedance, the coefficients ¢ and d are related to the fuel cell
aging rate. The discrete-time state space of this voltage degradation model is depicted
as follows:

{ x(k) = x(k = 1) + Qx-1

y(k) = a(k) - exp(b(k) - k) + c(k) - exp(d(k) - k) (4.26)

where k is the sampling step, the state variables need to be estimated can be described
by x(k) = [a(k),b(k),c(k),d(k)]", the observed variable y(k) represents the fuel cell

voltage, and @y is the system stochastic normal distributed noises.

The equation 4.26 is clearly in a non-linear form. In order to accurately estimate the state
variable x(k), the particle filter approach is used, since it can effectively solve the
Bayesian estimation problem of non-linear system based on the Monte Carlo sequence.
The purpose of using particle filter for non-linear model parameter identification is to
capture the trend of fuel cell degradation voltage during the training phase, and further

correctly represent the captured aging trend in the future (prediction phase).
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Figure 4.18 Schematic diagram of model-based diagnostic approach.

Based on the presented degradation model state space representation equation 4.26,
the detailed flow diagram of model-based prognostic methodology is shown in figure
4.18. It can be seen from the figure 4.18 that, the development and validation of this
model-based prognostic method includes three parts: initialization, training phase and

prediction phase.
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4.3.1.1 Initialization of Model-Based Approach

The detailed steps of initialization for model-based diagnostic approach are described

as follows:

1) The degradation data and corresponding experimental conditions are
presented at first. A PEMFC stack (commercial Ballard NEXA 1.2 kW PEM fuel cell
stack) is used in a 400 hours experimental degradation test. It can be seen from
the figure 4.19 that, during the 400 hours degradation testing (operating
condition: current 35A at temperature 40°C), the fuel cell degradation voltage
data is measured and recorded every 10 minutes. It should be noted that, before
applying the proposed algorithm to the PEMFC stacks aging dataset, a data
post-processing is performed to eliminate the unreliable measurement data
points. Thus, the available degradation data consists of 21 data points (by down-

sampling the original measured data), which can be seen in the figure 4.19.

Degradation voltage data, operating current 35A, temperature 40°C
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Figure 4.19 Fuel cell stack experimental aging voltage under current 36A at 35 °C.

2) Then, the training time point is set fo T, and thus the prediction phase is 400 — T;
long. It means that, 0 h to T; h, the state variable is frained and updated using
particle filter, the remaining degradation data from T, to 400 hours is use fo

evaluate the prediction results.

3) The initialization of state variables x(k) is performed by fitting the experimental

degradation data into the initial model.
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4.3.1.2 Training Phase of Model-Based Approach

In the training phase, the purpose of particle filter is to estimate recursively the state
variable x(k) based on the initialization model and experimental aging data in the
fraining phase. It should be noted that, during the particle filter based estimating process,
the variance selection of process noise @, need to be chosen carefully. A large variance
of @, ensures a more extensive sampling distribution, since it provides sample particles
with a great diversity. On the other hand, a smaller variance of Q, allows a sufficiently
fast convergence. There already exists the observation noise in the experimental aging

data, since the fuel cell degradation voltage data are measured directly by sensors.

From the known proposal distribution, the particle filter uses a set of random sample
particles based on the Monte Carlo sequence, in order to estimate the posterior
probability density of non-linear system. More detailed content about particle filter can

be found in the previous section.

4.3.1.3 Prediction Phase of Model-Based Approach

In the previous training phase, the particle filter estimates and updates the state
variables x(k) at every sampling step. Thus, the voltage degradation behaviors of
training phase have been fully captured. As mentioned before, in order to well represent
the captured aging behavior in the prediction phase, all of the trained state variables
x(k) during the fraining phase should be taken into account in the empirical model
equation 4.25. In this case, the most efficient way of integrating all the state variables
x(k) is to use their average value during the fraining phase (from 0 to T, hour). The
average value of state prediction results is expressed as:

_ o

o = Zk=07k 4.27
%o Te Ntrain ( )

where N4 is the number of degradation data (blue points), which are used for particle

filter learning during the training phase, as shown in the figure 4.19.

Thus, the prediction voltage results in the prediction phase §, are calculated by the

output equation of state space equation 4.25:
:),)k = do_Tt : exp(l_)o_'rt - k) + EO—Tt - eXp(d_()_Tt : k) (428)

where the sample step k =T, + 1,T, + 2, T; + 3, ...400.
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4.3.2 Data-Driven Prognostic Method

The proposed model-based prognostic method is essentially based on an exponential
regression model, it cannot accurately catch the non-linear and uncertain behaviors
during the aging process. Compared with model-based prognostic method, the data-
driven approach can well describe the local non-linear characteristics of degradation
voltage. Especially for the short-range and medium-range prediction fime, the dato-
driven prognostic method can give a better representation of uncertainties in the
degradation process. In this thesis, a data-driven prognostic method has been chosen

as the second prediction method.

As a data-driven approach, the artificial neural networks can be effectively used to
implicitly indicate the complex non-linear characterization between system inputs and
outputs. The aging process of PEMFC can be considered as a non-linear autoregressive
time series model. The actual fuel cell voltage (model output) can be considered as a
variable determined by an unknown non-linear process from the previous voltage values.
In this case, the non-linear autoregressive neural network (NARNN) model can then be

used to track the non-linear characteristics of PEMFC degradation.

In this section, a NARNN model for fuel cell degradation is presented at first. An optimal
training strategy is also proposed in order to achieve good prediction performance of
the developed NARNN model.

4.3.2.1 Non-linear Autoregressive Neural Network Model
A NARNN model is suitable to describe the non-linear dynamic in a wide variety of
system and have been extensively implemented in various applications [31]-[33]. The

general formulation of NARNN model can be expressed as follow:

Ve = F(Vem1,Ve-2s o Ve Ups Ug—1, Ug—2, - Up ) (4.29)

where u; and y, are the prediction model inputs and outputs at time t respectively, m
and n are the respective delay factors, F is the NARNN function describes the non-linear
correlation between the u, and y,. For the fuel cell diagnostic purpose, the detailed

NARNN layer diagram is shown in the figure 4.20.
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Figure 4.20 Structure of the NARNN model for PEMFC aging prediction.

As shown in the figure 4.20, the vector of the input layer at fime t is
Ur = [Ye-1,Vi-2, - Ve—mlT. and the output of model y, stands for the PEMFC voltage value
at time t, p is the number of neurons in the first hidden layer, q is the number of neurons in
the second hidden layer. The activation functions of neurons in the first hidden layer are
log-sigmoid transfer functions, the function in the second hidden layer is the tan-sigmoid
fransfer function, and the function in the output layer is the linear transfer function. Thus

the output of the proposed NARNN model can be written as follow:
y(t) = purelin(w3tansig(w?logsig(w'U, + b') + b?) + b3) (4.30)

where w and b respectively stand for the vector of weights and bias for each layer, the
output of NARNN model y(t) is the PEMFC voltage prediction result, the model input U, is
the PEMFC voltage in the previous time from t — 1 to t — m. Thus, the future degradation

behaviors of PEMFC y(t) are expressed in the above non-linear autoregressive form.

4.3.2.2 Data-Driven Prognostic Method Implementation

The detailed flow diagram of data-driven prognostic methodology using the presented
NARNN prediction model is shown in figure 4.21. Similar to the previous model-based
prognostic method, the proposed data-driven prognostic method also includes two

parts: training phase and prediction phase.
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Figure 4.21 Schematic diagram of data-driven prediction using NARNN model.

For the training phase, the initialization of NARNN model includes setting the number of
neurons, transfer functions selection, initialization of weights and deviations in each
hidden layer, etc. In terms of the system identification algorithm, the Levenberge-
Marquardt optimization method is adopted. Compared with the common back
propagation first-order method, this training method provides a more rapid quadratic
rate of convergence. More detailed content about Levenberge-Marquardt method

can be found in [34].

It should be noted that, different from the previous particle filter training, the neural
networks are sensitive to data over-fitting. To overcome this problem in pracftice, the
aging data of training phase are further divided into fraining part and evaluation
(validation) part. The training data are used to identify the NARNN model parameters,
and the evaluation data are used to evaluate network generalization fitting ability
(accuracy on the validation data). There is usually a frade-off between accuracy for
fraining part and generalization fitting ability for prediction part [35]. In our proposed
method, the training process is terminated when the mean squared error (MSE) of

validation part stopped decreasing, as shown in the figure 4.21.

4.3.3 Hybrid Prognostic Approaches

As an integration process of multiple prognostic results from different methods, a suitable
fusion approach is critical to demonstrate their advantages [36]-[42]. It increases the
process reliability and robustness by combining the complementary information from

different prognostic methods in infeligent ways. Therefore, a hybrid prognostic
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approach can be expected to provide more accurate and robust prediction results

compared with single model based method.

In order to combine the advantages of different prediction methods in the proposed
hybrid prognostic approach, a good understanding about the specific characteristics of
each prediction method is important. The model-based method can effectively forecast
the aging trend for a long-range prediction time, however it cannot accurately describe
the local non-linear characteristics of aging. In contrast, the data-driven method can
provide a good non-linear representation of uncertainties in the degradation process for
the short-range and medium-range prediction time. But its long-term prediction result is
not accurate due to predicted data fluctuation. Therefore, in order to effectively taking
the advantages of each method intfo account, there are two critical issues that need to
be considered when using a hybrid prognostic approach: 1) the range selection of
fraining and prediction time, and 2) weight factors determination of each

corresponding method.

As an efficient computational strategy, the moving window method is considered to be
a good solution for the above-mentioned issues. In this section, a moving window
method is presented firstly in order to take different prediction time range into account.
A weight factors adjustment method is then proposed using the results from the moving
window method. The proposed method can dynamically adjust the weights vector at

each step of the moving window.

4.3.3.1 Moving Window Method

The primary purpose of using a moving window method is to update and add the
newest dataseft for iterative data training, and provide dynamic weight factors to further
improve the prediction accuracy. In order to perform iterative training during the
forecasting process, the model input dataset are updated continuously by moving

window approach, as shown in the figure 4.22.
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Figure 4.22 Schematic diagram of moving window

method in the proposed hybrid prognostic approach.

In the figure 4.22, the length of each window includes three parts: training part (white
region, measured data in the past), evaluation part (gray shadow region, measured
data in the past) and predicting part (black shadow region, prediction data for the
future). At each prediction step, the data in the white region are used to frain the
previously developed models. The data in the gray shadow region are then used to
evaluate the newly updated model fitting ability, and the data in the black shadow

region are the future data points that need to be predicted from the models.

Take the first model-based method as an example. It is assumed that the data number in
fraining part, evaluation part and predicting part are equally defined as N, the moving
size between each prediction step is also set to N. At the k-th prediction step, the N
measured training data located at the beginning of moving window (from 1 to N) are
applied to train the k-th model, the measured data from N + 1 to 2N are then used to

evaluate the model prediction accuracy, and the predicted data are given from 2N + 1
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to 3N. When the prediction is iterating from k to k+1 step, the previously measured aging
data from N + 1 to 2N are applied to frain the k+1-th model, the newly measured data
between two prediction step from 2N + 1 to 3N are used to evaluate the new model
accuracy, and the predicted data are given this fime from 3N + 1 to 4N. The data-driven

method has the similar iteration procedures.

Therefore, this moving window method is an efficient strategy to dynamically retrain the
models during the forecasting process with new data inputs. In addition, by iteratively
evaluating the fitting ability of each method at each prediction step, the corresponding
weight factor can also be adjusted dynamically. Moreover, by using the proposed
moving window method, the forecast time can be easily changed by using different

values of N.

4.3.3.2 Weight Factors Calculation

As mentioned before, the data of gray shadow region are used to evaluate the model
fitting ability (estimation of accuracy at actual prediction step). During the evaluation
process (gray shadow region), the measured fuel cell voltage data are compared with
both model outputs to generate individual residuals. The generated residuals are then
used to calculate the weight coefficient of future prediction value obtained from each
method. This weight factor, noted as wy, ., represents the modeling accuracy of each
method at actual prediction step, which is inversely proportional to the residual as

expressed in the following equation:

1
Wy = (4.31)

N N oo )2
i=1 \/(yeva,p,k (l) - Yeva,p,k (l))

where p = 1 stands for the first model-method and p = 2 stands for the second data-

driven method. k is the actual prediction step, y.,qapx is the measured fuel cell voltage
values used for evaluation, Y.,k is the model predicted fuel cell voltage values in the

evaluation part. At each prediction step, this weight factor is dynamically adjusted.

By assuming that both prediction processes (model-based and data-driven) are

conditionally independent at each prediction step, the overall prediction results ys,x
can be described using weighted average as:

P

Vfusk = Z Yprepk * Wnormp,k (4.32)
p=1
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where P = 2 representing the total number of methods, y,,.,« is the predicting data,

Wnormpk 1S the normalized weight factor, which can be calculated by:

Whormp,k =

Wp.k

-
p=1 Wp.k
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Figure 4.23 Flowchart of the proposed overall prediction

(4.33)

The proposed overall prognostic algorithm can then be illustrated in figure 4.23. In figure

4.23, N is the moving window coefficient, nis the number of predicted data, k is the

actual prediction step, the total prediction step K (the threshold step in a specified

length of voltage data) determines the retraining cycle fime.

4.3.4 Experimental Results and Discussion

In order to experimentally validate the accuracy and robustness of the proposed hybrid

prognostic method, experimental degradation datasets from three different types of fuel

cell stacks are presented respectively in this section:

First case study: Ballard NEXA 1.2 kW commercial PEM fuel cell stack 400 hours

aging test under the working conditions of current 35A at temperature 40°C;

Second case study: PM 200 8.0 kW fuel cell stack 10000 hours aging test working

under stationary prime power application;
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Third case study: 600 W stationary PEM fuel cell stack 1200 hours aging test under

static current load.

4.3.4.1 First Case Study: Comparison of the Proposed Hybrid
Model and Single Model Methods

In the first case, a Ballard NEXA 1.2 kW commercial PEM fuel cell stack runs for 400 hours
aging test under the working conditions of current 35A at temperature 40°C (the aging
dataset is presented in figure 4.19). This experiment aims to clearly show the accuracy
and robustness of the proposed hybrid method. The detailed operation conditions of
NEXA fuel cell stack are listed in table 4.2.

Table 4.2 Operation conditions of the first case study: Ballard NEXA fuel cell stack

First case study

Stack type Ballard NEXA 1.2kW
Number of cells 47
Operation mode Dead-end mode
Air supply Air blower + filter
Cooling Air fan cooled
Operating hours 400h
Air stoichiometry 2.0
Stack temperature 40°C
Stack current density 0.24A/cm?

By applying only the model-based method, with a moving window coefficient N of 15,

the prediction results and identified parameters are illustrated in figure 4.24.
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(a) Model-based prognositc using moving window method
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Figure 4.24 Prediction results and identified

parameters of model-based prediction method.

As shown in the figure 4.24 (a), the inifial known 30 data are used to frain and evaluate
the model for the 1-st step of prediction. It can be seen clearly from the figure that, the
fade trend of red prediction curve is in well agreement with the measured degradation

data. It should be noted that, since the model is retrained at each step when data
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training window move forward, it is natural that the new forecast trend of the new step is
slightly different from the previous one. For each prediction step, the blue points in each
data window indicate training data, which is used to identify four model parameters
a(k),b(k),c(k),d(k) in equation 4.25. The green curve stands for the obtained fraining
results. Then the trained model generates the yellow curve, which is compared with the
corresponding measured data to evaluate the accuracy of the frained model. The
purple curve is the combination of prediction results at each step (moving window) from

frained model.

Figure 4.24 (b)-(e) shows the identified model parameters at each prediction step, it can
be seen that during forecasting process, the degradation model is dynamically
retrained and the particle filter iteratively update the model parameters. As mentioned
in section 4.3.1.3, the average value of each identified parameter at each step is further
used fo predict the model output in the prediction part, as shown in equation 4.28. These

average values of model parameters a(k), b(k), c(k), d(k) are given in the table 4.3.

Table 4.3 Average values of identified parameters used

in the prediction part at each step (model-based)

a(k) b(k) e(k) d(k)
1-th 29.7299 -6.2637e-04 0.7831 3.9282¢-03
2-th 29.7294 -4.4274e-04 0.7827 3.9289¢-03
3-th 29.7297 -4.9277e-04 0.7835 3.7804e-03
4-th 29.7305 -4.8636e-04 0.7833 4.1389e-03

By applying only the data-driven prognostic method with the same moving window

coefficient, the prediction results from data-driven method are illustrated in figure 4.25.

It can be seen clearly from the figure 4.25 that, compared with previous results from
model-based method, the data-driven method has more advantages on describing the
non-linear features of the degraded voltage during forecasting process (i.e. the results of
NARNN model are fluctuated more dynamically with the measured voltage values). For
each prediction step, the blue points in each data window indicate the training data,
which is used fo identify the model parameters. Then the trained model generates the
gray curve, which is compared with the corresponding measured data to evaluate the

accuracy of the frained model. The red curve is the combination of prediction results at
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each step (moving window) from trained model. The identified NARNN model is shown in
figure 4.26.

Model-based prognositc using moving window method
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Figure 4.25 Prediction results of data-driven prediction method.
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Figure 4.26 Identified NARNN model for data-driven method.

As shown in the figure 4.26, this NARNN model has two hidden layers, and its parameters
consist of delay coefficients, the weight coefficients array of each layer wyigaen 1. Whidden,2-
Woutput. The bias coefficients vector of each layer bpiggen,1: Priaaenz: Poutpue- AS Shown in
figure 4.26, the input layer is Uy = [Yi—1, Vi—a» Vee7 Ve—10, Ve—13] ", the first hidden layer has
seven neurons, thus the oufput of the first hidden layer a is a 7 x 1 vector, which can be

expressed as the following equation:
a = logsig(Whiaaen1 * [Ve-1, V-2, - bhiaden,1) (4.34)
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where the weight coefficients wy;ggens is @ 7 x 5 array, the bias coefficients bpiggens IS @
7 x 1 vector. The second hidden layer has four neurons, thus the output of the second

hidden layeris a 4 x 1 vector, which can be expressed as follow:

B = tansig(Whiqden,1 * @ + briaden,2) (4.35)

where the weight coefficients wyggen 2 iIs @ 4 x 7 array, the bias coefficients byiggen 2 IS @

4 x 1 vector. The output of the NARNN y, is:

Ve = purelin(woutput B+ boutput) (4.36)

where the weight coefficients wyiggen2 is 0 1 x 4 array, the bias coefficients byypye is @

1 x 1 vector.

Similar to the previous model-based prediction method, for each prediction step, the
NARNN model is dynamically retrained and all the weight coefficients array and bias
coefficients vector are iteratively updated. By applying now the proposed hybrid

prognostic method, the comparison of prediction results is shown in figure 4.27.
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Figure 4.27 Comparisons of three prediction method results.

121



It can be seen from the figure 4.27 that, by adjusting the weight factors at each
prediction step, the proposed hybrid prognostic method can simultaneously and
accurately capture the long-term fuel cell voltage degradation trend, as well as the
non-linear voltage variation characteristics. Comparison results show that the proposed
hybrid prognostic method has stronger capability on maintaining high prediction
accuracy. The accumulated prediction errors for the entire forecasting range (0 to 400
hours), such as Root Mean Square Error (RMSE) and maximum prediction error (MAE) are
shown in table 4.4. It can be seen again that the proposed hybrid prognostic method
can achieve better accuracy (prediction error is at least 30% lower) than both single

prediction method.

Table 4.4 RMSE of Prediction Results

Model-based method Data-driven method  Hybrid prognostic method

RMSE 0.3362 0.3665 0.2352

MAE (V) 0.7949 0.8915 0.6302

4.3.4.2 Second Case Study: Performance Evaluation with
Different Moving Window Length

In this second case, an 8 kW PM 200 PEMFC stack (96 cells) is operated for 10000 hours

aging test. The operation conditions of PM 200 fuel cell stack are listed in table 4.5.

Table 4.5 Operation conditions of the second case study: PM 200 fuel cell stack

Second case study

Stack type PM 200 8.0kW
Number of cells 926
Operation mode Recirculation mode
Air supply Air blower + filter
Cooling DI-Water / Glycol
Operating hours 10000hn
Air stoichiometry 1.7
Stack temperature 58°C
Stack current density 0.64A/cm?
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In this study, the total available aging data contains around 6500 data points, which are
measured and post-processed under operation condition with a current density of
0.644/cm? and a temperature of 58°C. This experiment aims to analyse the influence of
different moving window coefficient (length) on the performance of proposed algorithm
for the long-term degradation prediction. By applying the proposed hybrid prognostic
method, the coefficient of moving windows N is respectively set to 100, 200, 300, 500 and

700. The obtained prediction results are shown in the following figure 4. 28.
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Figure 4.28 Prediction results of proposed hybrid prognostic

method using different moving window coefficient N (length).
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Figure 4.29 The accuracy improvement with different moving window coefficient N.

It should be noted that, the time interval between 2 data points is around 1.5 hours in this
test case. Thus, a moving window coefficient N 100 fo 700 corresponds to a forecast

time of 150 to 1050 hours respectively. It can be concluded from the figure 4.29 that, by
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using the proposed hybrid prognostic method, the accuracy improvement decreases
when the forecast time length increases. This is mainly because the errors of data-driven
method increase significantly with the forecast time. In conftrast, it can be seen that the

errors of model-based method are not visibly affected by the forecast fime.

Thus, in order to maintain simultaneously high precision and relatively long forecast time
for on-line prognostic applications, a compromise between prediction accuracy and
forecasting time length should be appropriately defined based on the specific
application requirement. From a decision making point of view, the prognostic of fuel
cell system must be performed with a long enough forecasting fime to allow reaction.
For a stationary fuel cell application [12], around 160 hours long prediction (one week) is
considered appropriate. It should be noted that, the proposed hybrid prognostic
method has a rapid execution time for all the fraining, evaluation and prediction parts.
With different moving window coefficient N from 100 to 700, the forecasting process is

capable for on-line prognostic with a time step level in the order of several seconds.

4.3.4.3 Third Case Study: Comparison of the Proposed Hybrid
Method with Other Methods

In the third case, a 600 W PEM fuel cell stack (5 cells) is operated for 1200 hours aging
test under stationary condition with a static current density of 0.704/cm?. This third case
experiment aims to show the prediction performance comparison between the
proposed hybrid method and other methods. The operation conditions of this case

experiment are listed in table 4.6.

Table 4.6 Operation conditions of the third case study: 600W fuel cell stack

Third case study

Stack type 600W PEMFC assembled at FCLAB
Number of cells 5
Operation mode Recirculation mode
Air supply Air boiler
Cooling Cooling water system
Operating hours 1200h
Active area 100cm?
Stack current density 0.70A/cm?
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By down-sampling the original measured data, the 1200 hours degradation voltage and

power of PEMFC are shown in the figure 4.30.
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Figure 4.30 The third case 1200 hours aging test under a static current density of

0.70A/cm?: fuel cell degradation voltage and power.
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By applying the model-based method, the data-driven prognostic method and the

proposed hybrid prognostic method with the same moving window horizon N of 165

hours (corresponds to one week), the comparison of prediction voltages is shown in

figure 4.31.
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Figure 4.31 Comparisons of three prediction method (voltage and absolute error).
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It can be seen from the figure 4.31 that, the proposed hybrid prognostic method can
represent both the fade trend and non-linear features observed in the fuel cell voltage
degradation data. The comparison of mean prediction error between the proposed
methods and Adaptive Neuro-Fuzzy Inference System (ANFIS) algorithm [11] is shown in
table 4.7. It can be seen that the proposed hybrid prognostic method can ensure a
higher prediction accuracy than the both single prediction method, and could achieve
nearly 21% improvement on the mean prediction error compared with the ANFIS
algorithm. In addition, it is important to consider that the algorithm in [11] uses more
degradation data (from 0 to 825 hours) for training the ANFIS, while the proposed
moving window based prognostic approach requires fewer degradation data (only
from O to 330 hours) for the first training, and can dynamically retrain the models during
the forecasting process using the newly measured data. The above prediction results
and analysis demonstrate the robustness and effectiveness of the proposed hybrid

prognostic method.

Table 4.7 Comparison of mean prediction error

between the proposed methods and ANFIS algorithm [11]

Model-based Data-driven Hybrid prognostic ANFIS
method method method algorithm [11]
Mean error 0.0093 0.0089 0.0069 0.0087

In order to further show the prediction performance comparison of each moving
window step between the proposed hybrid method and other method, the fuel cell
power degradation dataset (shown as red curve in figure 4.30) is used to perform the
proposed prediction methods. The forecast time is also set to one week (moving window

horizon N = 165 hours), the comparison of prediction power is shown in the figure 4. 32.

The comparison of Root Mean Square Errors (RMSEs) between the proposed methods
and Auto-Regressive Integrated Moving Average (ARIMA) algorithm [12] is shown in
table 4.8.

It can be seen from the table 4.8 that, the proposed hybrid method shows again a
beftter prediction performance than single model method. Compared with the ARIMA
algorithm in [12], the proposed hybrid method could achieve higher forecasting
accuracy from the fourth week to the sixth week, the RMSE result of the proposed hybrid

method is nearly 19% less than that of ARIMA algorithm for the fotal four weeks.
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(a) Comparison of each prediction method results (degradation power)
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Figure 4.32 Comparisons of three prediction method results

(power and absolute error).

Table 4.8 Comparison of RMSEs between the proposed methods and ARIMA [12]

Model-based  Data-driven Hybrid ARIMA
method method method algorithm [12]
Week 3 0.6184 0.5832 0.4778 0.4
Week 4 0.6458 0.6377 0.5145 0.6
Week 5 0.8026 0.8571 0.6633 0.7
Week 6 0.8027 0.7523 0.6265 1.1
Total four weeks 0.7198 0.7075 0.5705 0.7
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4.3.5 Conclusion

In this section, an innovative approach based on a combination of different prognostic
methods has been proposed for the application of PEMFC performance degradation
prediction (please refer to previous work [43]). The proposed hybrid prognostic method
considers two basic prediction approaches: model-based approach and data-driven
approach. Model-based approach can be efficiently used to forecast the fuel cell
aging trend in a long-range forecast time. Data-driven approach can accurately
describe the local non-linear characteristics of degraded voltage for the short-range

and medium-range prediction time.

By combining the advantages of the above two common prediction methods (i.e.
model-based approach and data-driven approach), the proposed method in this thesis
can simultaneously and accurately capture the long-term fuel cell voltage degradation
frend, as well as the non-linear voltage variation characteristics. In addition, a novel
approach using the moving window technique is applied in order to iteratively update
the parameters during the prediction process. Furthermore, the prediction performance
evaluation of the proposed hybrid prognostic approach with different moving window

length is further shown and discussed.

Three experimental validations with three different PEMFC stacks and different aging test
profiles have been performed to verify the accuracy and effectiveness of the proposed
fuel cell performance degradation prediction method. The presented results can help
engineers to appropriately choose the moving window length, in order to achieve
simultaneously high prediction precision and relatively long forecast time for on-line

prognostic, for example, the fuel cell hybrid electric vehicle (FCHEV) [] [].
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CONCLUSION

Before mass commercialization of proton exchange membrane fuel cell, the research
on the design of appropriate control strategies and auxiliaries need to be done for
achieving proton exchange membrane fuel cell (PEMFC) optimal working modes. An
accurate mathematical PEMFC model can be used to observe the infernal variables
and state of fuel cell during its operation, and could further greatly help the system

control strategy development.

A comprehensive multi-physical dynamic model for PEMFC is developed in chapter |.
The proposed model covers multi-physical domains for electric, fluidic and thermal
features. Particularly, the transient phenomena in both fluidic and thermal domain are
simultaneously considered in the proposed model, such as the dynamic behaviors of
fuel cell membrane water content and temperature. Therefore, this model can be used

to analyze the coupling effects of dynamic variables among different physical domains.

Based on the developed multi-physical PEMFC model, a full two-dimensional multi-
physical model is further presented. The proposed model covers electrical and fluidic
domains with an innovative 2-D modeling approach. In order to accurately describe the
characteristics of reactant gas convection in the channels and diffusion through the gas
diffusion layer, the gas pressure drop in the serpentine pipeline is comprehensively
analyzed by fully taking the geometric form of flow field into consideration, such as the
reactant gas pressure drop due to the pipeline sharp and U-bends. Based on the
developed 2-D fluidic domain modeling results, spatial physical quantity distributions in
electrical domain can be further obtained. Therefore, this 2-D PEMFC model can be use
to study the influences of modeling parameters on the local multi-dimensional
performance prediction. The simulation and experimental test are then performed to
validate the proposed 2-D model with a commercial Ballard NEXA 1.2 kW PEMFC stack.

In chapter Il, analyses of dynamic phenomena step responses are conducted based on
the developed multi-physical dynamic PEMFC model using the relative gain array (RGA)
method for various confrol input variables, in order to quantitatively analyze the
coupling effects in different physical domains, such as the interactions of membrane
water content and temperature. Based on the calculated values of relative gain array,
the proposed model can be considered as a fuel cell MIMO system, which could be
divided into two independent control sub-systems by minimizing parameter coupling

effects between each other. Due to the closely coupled parameters in the proposed
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first control sub-system, a decoupling control method is recommended to achieve
optimized control results. The coupling analysis presented in this thesis can help
engineers to design and optimize the fuel cell control strategies, especially for the water

and thermal management in fuel cell systems.

A mathematical solver algorithm for the developed 2-D multi-physical real-time model of
proton exchange membrane fuel cell is presented in Chapter Il using an efficient
fridiagonal matrix algorithm (TDMA). TDMA uses a special form of elimination, and solves
the tridiagonal matrices in a backward substitution, its arithmetic complexity exponential

decays to operations 0(n) compared with straightforward Gaussian elimination 0(n3).

In order to thoroughly and effectively describe the gas flow characteristics in serpentine
channels, the differential equations of reactant gas convection and diffusion
phenomena are transformed into tridiagonal matrix. In addition, an original iterative
solver algorithm composed by three inferactive computational loops is also developed
in the model, in order to obtain spatial physical quantity distributions of electrochemical
domain in real-time. The experimental results demonstrate the practical feasibilities of
the proposed 2-D model for advanced real-time conftrol of PEMFC systems with a control
loop time level on the order of milliseconds. The model execution time can be at least 4
times faster compared with step-by-step computing. Such short execution time of the
proposed 2-D model ensures fast control decisions and actions based on the predicted

local phenomena and spatial distribution physical variables inside the fuel cells.

Two different prognostic approaches for PEMFC performance degradation prediction is
proposed in the Chapter IV. In the first part, a novel approach for PEMFC output voltage
prediction based on a multi-physical aging model with particle filter and data
extrapolation approach is proposed. The proposed multi-physical aging model fully
considers the three most important aging phenomena during PEMFC operation: ohmic
losses, reaction activity losses, and reactants mass transfer losses. The proposed
prediction method is divided into two stages: learning phase and prediction phase.
During the learning phase, the particle filter is applied to study the non-linear aging
behavior and update the proposed aging parameters. Then, different fitting curve
functions are used to represent and extrapolate the aging parameters in the learning
phase. Three experimental validations with different aging testing profiles have been
performed. The prediction results demonstrate that, this physical-based method could
provide an acceptable prediction results under the condition of limited initial training

samples.
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However, the proposed physical-based method is a single-step prognostic method,
which cannot be directly used in the on-line prognostic applications. In order to achieve
on-line prognostic, it is important to develop an iteration-based prediction strategy,
which allows the prediction result to be dynamically updated with the newest dataset

(newly measured data) for iterative data training at next prediction step.

For this purpose, in the second part of chapter IV, a moving window based prediction
method is developed, in order to dynamically retfrain the models during the forecasting
process with new data inputs. In addition, this approach is based on a combination of
model-based and data-driven prognostic methods. By combining the advantages of
the above two common prediction methods, the proposed hybrid method can
simultaneously and accurately capture the long-term fuel cell voltage degradation
frend, as well as the non-linear voltage variation characteristics. Furthermore, the
prediction performance evaluation of the proposed hybrid prognostic approach with
different moving window length is further shown and discussed. Three experimental
validations with three different PEMFC stacks and different aging test profiles have been
performed to verify the accuracy and effectiveness of the proposed hybrid method. The
presented results can help engineers to appropriately choose the moving window
length, in order to achieve simultaneously high prediction precision and relatively long

forecast time for on-line prognostic applications.
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