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Résumé :
Le système de propulsion hybride à pile à combustible
(PàC) gagne du terrain sur le marché automobile actuel
et offre une solution durable au changement climatique
mondial dans le secteur des transports. Cependant, la
durabilité et la fiabilité des sources d’énergie utilisées dans
le système hybride sont les obstacles inévitables à sa
commercialisation massive. Pour optimiser et maximiser
la durée de vie du système hybride, une approche
de pronostic et gestion de la santé (PHM) est mise
en œuvre pour gérer et atténuer le comportement de
dégradation des sources d’énergie et appliquée à un
véhicule électrique hybride à pile à combustible.
Dans ce contexte, deux contributions principales sont
apportées. La première consiste à déployer une méthode
de pronostic pouvant être utilisée dans le système hybride.
Le filtrage de particules, en tant que méthode d’estimation
d’état communément utilisée, est adapté aux fins de
pronostic dans cette thèse. Il est utilisé pour traiter les
données de dégradation imprécises et incertaines et pour
estimer la durée de vie utile restante. La méthode est
validée par les ensembles de données historiques de

PàC et de batterie et les résultats sont évalués par les
métriques de pronostic conçues.
Ensuite, une deuxième étape sur l’aspect gestion de la
santé du PHM est proposée. Comme la répartition de
la puissance demandée dans un système hybride est
gérée par une stratégie de gestion de l’énergie (EMS),
l’orientation de cette étape est de développer une EMS
conscient de sa santé dans le contexte du PHM. Une
grande quantité de recherches sur les pronostics avec des
données expérimentales finies ont été trouvées dans la
littérature, alors que la manière d’utiliser les résultats de
pronostics pour réaliser des actions de contrôle correctives
est rarement discutée. Afin de pallier cette lacune dans
les applications de système hybride, un processus de
prise de décision basé sur le pronostic est conçu. Les
performances sont évaluées en quantifiant la dégradation
et la durée de vie du système dans un environnement
simulé et une discussion sur l’occurrence des pronostics
est lancée pour des investigations ultérieures sur la
maintenance.

Title: Contribution of developing a prognostics-based energy management strategy for fuel cell hybrid
system - application to a fuel cell/battery hybrid electric vehicle

Keywords: prognostics and health management, fuel cell hybrid system, particle filtering, prognostics-enabled decision-
making

Abstract:
Fuel cell hybrid propulsion system is gaining momentum
in today’s automotive market and offers a sustainable
solution for the world climate change in the transport
sector. However, the durability and reliability of the power
sources used in the hybrid system are the inevitable
obstacles for its massive commercialization. To optimize
and maximize the lifespan of the hybrid system, a
prognostics and health management (PHM) approach
is deployed to manage and mitigate the power source
degradation behaviour and applied to a fuel cell hybrid
electric vehicle.
In this context, two main contributions are made. The
first stage is to deploy a prognostics method that can
be used in the hybrid system. Particle filtering, as a
commonly used state estimation method, is adapted for
prognostics purpose in this thesis. It is used to handle the
imprecise and uncertain degradation data and estimate
the remaining useful life. The method is validated by the

historical fuel cell and battery datasets and the results are
evaluated by the designed prognostics metrics.
Subsequently, a second stage on the health management
aspect of PHM is proposed. As the split of demanded
power in a hybrid system is managed by an energy
management strategy (EMS), the orientation of this
stage is to develop a health-conscious EMS in the
context of PHM. A great number of researches on
prognostics with finished experimental data have been
found in the literature, while how to use the results
of prognostics to make corrective control actions is
rarely discussed. To help against this vacancy in hybrid
system applications, a prognostics-enabled decision-
making process is designed. The performance is evaluated
by quantifying the degradation and the lifetime of the
system in a simulated environment and a discussion
on prognostics occurrence is launched for further
investigations on maintenance.
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GENERAL INTRODUCTION

During the period where energy transition has become not only an environmental priority
but also an economic and political issue, fuel cell appears to be a promising alternative
energy source and fuel cell hybrid system has been widely considered in industrial appli-
cations. However, despite considerable research efforts on fuel cell hybrid system have
been made for several decades, its transfer to massive production is still struggling. Ac-
cording to the U.S. Department of Energy, improvements on the cost and durability of the
fuel cell system are the two primary challenges in its commercialization, while durability
can highly influence its cost-effectiveness.

To optimize and maximize the lifespan of fuel cell hybrid systems, it is necessary to un-
derstand the power sources degradation behaviour and act at their best to slow down
the degradation process before failure. In the state of the art, various health-conscious
energy management strategies (EMSs) for fuel cell hybrid systems have been developed
by taking the power source degradation into consideration. However, in most works, the
degradation is roughly considered by setting operation limits or by designing pre-defined
models based on finished experimental data. Online health states have rarely been in-
volved in the EMS design. At this point, prognostics and health management (PHM) is
positioning itself as an interesting discipline. It allows to follow and to continuously esti-
mate the state of health of a system, to predict its remaining useful life, and to make the
decisions to preserve it as long as possible. PHM works of fuel cell hybrid systems have
been investigated mostly in the stage of prognostics, while the health management de-
cision support has rarely been involved. To go further from the prognostics to the health
management of fuel cell hybrid systems, a French regional project PHyTie has been
launched, in which this thesis is inscribed. This project aims to develop online prognostic
approaches offering remaining useful life estimates with controlled uncertainty and also
to transfer these results to further decision-making phase where an energy management
strategy is expected to be developed to implement auto-corrective control for the fuel cell
hybrid system.

To be specific, this thesis will focus on completing the two aspects of PHM, namely, the
prognostics and the health management, for a fuel cell hybrid electric vehicle (HEV) appli-
cation, by developing an online prognostic approach and designing a prognostics-enabled
EMS. The hybrid electric vehicle will be constructed in a simulated environment and the
power source degradation will be simulated based on historical data. The manuscript is
structured in four chapters. They are organized as follows :

Chapter 1 starts by explaining the key elements for understanding the problem. The
context of fuel cell hybrid system and its durability challenge are discussed. A brief state
of the art on health-conscious EMSs is analyzed, highlighting the motivations of practi-
zing energy management with PHM. A framework of implementing on-board prognostics-
based health-conscious EMS is proposed.

Chapter 2 describes the general context of the lithium-ion battery and the PEM fuel cell
that are used in the studied hybrid system. Their degradation mechanisms are studied
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and methods of estimating their degradation in the literature are reviewed including their
pros and cons, which provide the basis for selecting a powerful prognostics approach
used in PHM cycle.

Chapter 3 develops the prognostics method for the hybrid system based on particle filte-
ring algorithm. Particle filtering is a recursive state estimation method and it is adapted for
prognostics purpose through propagating the particles with estimated parameters. Perfor-
mance metrics are evaluated to justify the effectiveness of the method and the possibility
of combining it to the EMS design of the studied fuel cell HEV.

Chapter 4 proposes an online health-conscious EMS based on prognostics for the fuel
cell HEV. A prognostics-enabled decision-making process is developed based on a se-
ries of classification and decision fusion methods. A closed loop is formulated with the
developed EMS to evaluate the performance of the developed EMS. Results of durability
improvement and degradation economic cost are compared and possible future works
are discussed as perspectives.

The manuscript ends with the conclusions and perspectives of this research work, to-
gether with the appendices of figures and tables. Appendix A is the genetic algorithm
optimization results under difference degradation states and Appendix B is the simu-
lation results of the developed EMS with different prognostics occurrence. These two
appendices are the complementary parts for Chapter 4. Appendix C lists the scientific
publications that have been realized during this thesis.
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1
TOWARDS A PROGNOSTICS-BASED

HEALTH-CONSCIOUS EMS

1.1/ INTRODUCTION

In an era of accelerating change, the imperative to limit climate change and achieve sus-
tainable growth is strengthening the momentum of the global energy transformation. The
rapid decline in renewable energy costs, improving energy efficiency, widespread elec-
trification, increasingly smart technologies, continual technological breakthroughs and
well-informed policymaking all drive this shift, bringing a sustainable energy future wi-
thin reach. While the transformation is gaining momentum, it must happen faster. Around
two-thirds of global greenhouse gas emissions stem from energy production and use,
which are at the core of efforts to combat climate change. To meet the climate goals, pro-
gress in the energy transition needs to be further accelerated, while the de-carbonization
of the transport sector must pick up steam.

Thanks to the reliable use of hydrogen energy, fuel cell propulsion has seen a promising
future, which offers a similar recharge time to that of the current gasoline solution and
a comparable autonomy. However, a central issue holding back the critical achievement
and massive use of fuel cell systems is the durability of the power sources used in the
powertrains, e.g., fuel cells and batteries, typically studied in this thesis. U.S. Department
of Energy (DOE) has reported the technical durability targets for integrated hydrogen-
fueled polymer electrolyte membrane (PEM) fuel cell power systems and fuel cell stacks
operating on direct hydrogen as 8000 hours for transportation applications [188], while the
target level of performance for electric vehicle lithium-ion batteries is namely 1000 cycles
or 15-year lifetime with adequate pulse power [5]. Efforts have been made to prolong their
lifetime and in the automation field, a delicately designed energy management strategy
for the hybrid system has drawn increasing attention. To be health-conscious, existing
researches have considered the degradation of the power sources by setting constraints
or using fitting degradation models, which are less accurate and cannot signify the real
health states of the power sources. Without an exact understanding of the current health
state, the actions taken by the controller may not be adequate and may even cause more
damages to the power sources, shortening their lifetime.

To assess the health state and estimate remaining useful life, the fuel cell research fe-
deration FCLAB (FR CNRS 3539) has been making efforts towards the prognostics and
health management (PHM) of fuel cell systems. The aim of this axis is to propose intelli-
gent PHM methods in order to assess the health state of a fuel cell system, to predict its

5
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remaining useful life (RUL) and to decide the corresponding mitigation/control actions for
mission achievement. To this spirit, an application of fuel cell hybrid electric vehicle (HEV)
is studied specifically in this thesis and an energy management strategy (EMS) under the
guide of PHM is proposed, which is believed to be one of the promising solutions to the
durability problems for fuel cell hybrid systems. A prognostics-enabled decision-making
(PDM) process is developed to formulate the EMS and to the author’s knowledge, it is a
first trial of completing the health management aspect of PHM in HEV applications.

In this chapter, motivations and objectives of the thesis are explained and then, the pos-
sibility of combining PHM with EMS is detailed based on the literature review of health-
conscious EMSs of fuel cell HEVs. At last, the framework of developing an on-board
prognostics-based health-conscious EMS is proposed.

1.2/ MOTIVATIONS AND OBJECTIVES

1.2.1/ CONTEXT

According to the International Energy Agency (IEA)’s first Global Energy and CO2 Status
Report released in March 2018, global energy-related CO2 emissions rose by 1.4% in
2017, an increase of 460 million tones (Mt), and reached a historic high of 32.5 Gt (Figure
1.1). The growth came after three years of flat emissions and contrasted with the sharp
reduction needed to meet the goals of the Paris Agreement on climate change [3]. The
growth in energy-related CO2 emissions in 2017 is a strong warning for global efforts to
combat climate change and demonstrates that current efforts are insufficient to meet the
well below 2◦C climate objective, and even further from attaining the aspirational target of
limiting warming to 1.5◦C [179].

FIGURE 1.1 – Global energy-related CO2 emissions, 2000-2017 [3]

Although many approaches can reduce energy-related carbon emissions, there is a uni-
versal agreement that working towards the energy transition is of considerable signifi-
cance. Efforts are demanding to execute a transition from consuming non-renewable
energy to renewable energy. However, according to International Renewable Energy
Agency (IRENA), the transport sector has lagged behind in the energy transition sce-
nario, which shared a very small part of just 4% of renewable energy consumption of
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the year 2015 (Figure 1.2) [179]. Electrification, one of the technologies that can help to
decarbonize the sector if associated with renewable power generation, is also extremely
limited : it has a share of just above 1%.

FIGURE 1.2 – Energy transition in transport sector [179]

Given adequate policies and developing orientations, the electricity consumption in the
transport sector has shown a steady increase according to the analysis of IRENA’s Re-
newable Energy Roadmaps (REmap) programme, as shown in Figure 1.2. Through thirty
year’s changing period, it shows the potential for the world to scale up renewable energy
in 2050. Such development is driven mostly by the penetration of electric vehicles in the
road transport sector. According to the EU Reference Scenario 2016, car manufacturers
are expected to comply with the CO2 standards by marketing vehicles equipped with a hy-
brid system on their powertrain (see Figure 1.3) [139]. The sales of plug-in hybrid electric
vehicles (PHEVs) hold a significantly larger share in total sales of electrically chargeable
vehicles in the mid-term. PHEVs, equipped with an internal combustion engine, do not
pose range limitations to the travellers and are relatively less capital intensive than battery
electric vehicles (BEVs), resulting in their increased sales compared to BEVs especially
over the period 2020-2025. However, since the PHEV combines a short-range electric
powertrain with a combustion engine, the level of PHEV emissions strongly depends on
the use cases. PHEVs operated in the regional distribution or local drop-and-drive envi-
ronments have the potential to run on very low CO2 emissions, as they employ the bat-
tery often. However, as soon as users demand longer driving ranges or higher payloads,
PHEVs act as a conventional ICE-powered vehicle and emit as much CO2. In Figure 1.3,
pure electric vehicles present higher levels of maturity, in particular, beyond 2025. The
developments of the battery costs also allow a decrease in capital costs of BEVs and
enable their penetration, especially in the urban zones [139]. However, BEVs have leng-
thy charging time and limited charging infrastructure. Even with superchargers, it will still
require about 20 minutes to charge the vehicle to 80% full. Moreover, the battery pack for
BEVs has lower energy density compared to fossil fuel resulting in a shorter driving range
compared to a conventional vehicle of the same weight. To improve this situation, manu-
facturers tend to enlarge the size of batteries to increase the energy storage capacity and
hence to allow longer driving ranges, however, these large batteries bring a higher cost.
A more promising solution in the current energy context is demanding.
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FIGURE 1.3 – Evolution of activity of passenger cars and vans by type and fuel [139]

Hydrogen is an essential element in the energy transition and can account for 24% of final
energy demand and 5.4 million jobs by 2050, says the new study by the FCH JU, ”Hydro-
gen Roadmap Europe : A sustainable pathway for the European Energy Transition” [4].
According to their study, hydrogen is the most promising decarbonization option for trucks,
buses, ships, trains, large cars, and commercial vehicles, where the lower energy density
(hence lower range), high initial costs, and slow recharging performance of batteries are
major disadvantages of BEVs. A fuel cell electric vehicle can drive further and transport
more payload than a BEV thanks to its significantly higher energy density than batteries,
both in terms of volume and weight. Although fuel cell might represent a niche market
by 2050 due to its relatively higher, albeit decreasing, cost, the REmap programme have
explored that the use of hydrogen in vehicles powered by fuel cells is particularly relevant
because variable renewable electricity generation is expanding and the production of hy-
drogen from renewable power may provide an important option in efforts to meet demand
flexibility and expand renewable power generation [179]. Although the technology is not
yet ready for widespread commercialization, compared to batteries and combustion en-
gines, fuel cells require significantly less raw materials. In addition, hydrogen refuelling
infrastructure has significant advantages : it requires only about one-tenth of the space in
cities and along highways compared to fast battery charging. Likewise, suppliers can pro-
vide hydrogen flexibly, while at-scale fast-charging infrastructure would require significant
grid upgrades [4].

As it could be seen from the Figure 1.3, the share of activity of total electric chargeable
light-duty vehicles in the total activity of light-duty vehicles reaches 17% in 2050 [139],
which has seen a dramatically increase and is making a change to the dominant place of
the internal combustion engine in vehicle’s propulsion system. Among them, the fuel cell
exists as a brand new hydrogen-based electrical solution, which offers a similar recharge
time to that of the current gasoline solution and a comparable autonomy. Compared to
BEVs, fuel cell electric vehicles, whether or not in a hybridized way, are assumed to be a
more promising solution for the future’s automotive market. Researches oriented on their
massive production are worth being taken place both in the scientific and technical way.
This thesis will focus on its durability limits and a solution based on EMS is proposed for
fuel cell HEV applications, which is detailed in the following sections.
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1.2.2/ DURABILITY AND ENERGY MANAGEMENT

1.2.2.1/ POWER SOURCE DURABILITY : AN IMPORTANT ISSUE

According to DOE, fuel cell system status and targets in different concerning perfor-
mances are plotted in a radar diagram, as shown in Figure 1.4 [188]. From Figure 1.4,
one can conclude that the two primary challenges for the current fuel cell system com-
mercialization are the cost and the durability. The challenge of reducing the cost of a fuel
cell system nowadays is mainly linked to the industrial deployment, while the challenge of
durability remains as a technological issue to be solved and the unsatisfied durability can
highly influence the cost-effectiveness of the system.

FIGURE 1.4 – Fuel cell system performance status and targets

Concerning the fuel cell HEV application in this thesis, the electrochemical components,
namely, lithium-ion battery packs and hydrogen-fueled PEM fuel cells, by their very na-
ture, prone to irreversible degradation phenomena during storage and operation mode,
leading to accelerated performance losses and shortened lifetime. Neglecting the degra-
dation could result in misunderstanding of the components’ available lifetime and overcon-
fidence of the vehicle’s condition, which would cause serious consequence. Degradation
of the power sources may be caused by different storage and driving conditions and the
degradation degree becomes especially high when they are submitted to harsh operating
conditions aboard HEVs. Analysis of the on-road fuel cell electric vehicles data provided
by NREL has shown that the maximum projected durability, which is the projected time
to 10% voltage degradation for the fleet that displays the best average durability, has
more than quadrupled over the last ten years, increasing from 950 hours in 2006 to 2,500
hours in 2009 and reaching 4,100 hours in 2016 [189]. In 2016, the DOE Fuel Cell Tech-
nologies Office made the decision, based on industry feedback, to increase the ultimate
target for fuel cell durability from 5,000 hours to 8,000 hours. The 5,000-hour target was
initially set to correspond with an expected lifetime of 150,000 miles driven within a parti-
cular range of speeds. Increasing the target to 8,000 hours effectively expands the metric
so that vehicles can achieve 150,000 miles in slower-speed driving conditions (e.g. city
driving) [193].

Besides the fuel cell, the lifespan of batteries can also be influenced by the use. If the
lithium-ion batteries are fully charged and depleted every day, known as deep cycles, they
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might only last a few years, while partial charge/discharge cycles help to save the battery’s
life [183]. Also, if the battery temperature exceeds 40 ◦C, they can suffer a permanent loss
of up to 20% of storage capacity within two years [102]. To allow for the expansion of the
electrification of vehicles, batteries must store more energy per unit volume and weight,
and they must be capable of undergoing many thousands of charge-discharge cycles [2].

Therefore, there is an increasing demand for improving the durability of power sources in
vehicle applications. Various efforts have been made : working on the materials, reducing
the causes of degradation, improving the structural design, implementing new supervision
and management designs, etc. The last solution appears to be of great interest in our field
and numerous studies have proved that it is possible to exercise active control over the
operating conditions, and in turn to mitigate the deleterious effects of the degradation
[45,91].

1.2.2.2/ IMPROVE DURABILITY THANKS TO ENERGY MANAGEMENT

When more than one power sources are used to supply a certain load, an efficient EMS
is needed to guide the flow of energy in the hybrid system. It controls the power distribu-
tion among different power sources in HEVs and the performance of a hybrid system can
be highly affected by the designing of EMSs [131]. Based on non-exhausted bibliography
research, for fuel cell/battery HEVs, various EMSs have been developed to take power
sources’ degradation into consideration and therefore, to prolong the lifetime of the HEVs.
To be health-conscious, most researchers tend to develop degradation models to quantify
performance degradation and to get the optimal solutions by designing rule-based and
optimization-based EMSs. A detailed literature review on the existed health-conscious
EMSs that consider the energy source degradation using different approaches is given
in the following Section 1.3 where the idea of developing an EMS based on prognos-
tics is proposed and believed to be a meaningful and promising solution to the health
management of the hybrid system.

1.3/ LITERATURE REVIEW ON HEALTH-CONSCIOUS EMS

1.3.1/ MULTI-OBJECTIVE PROBLEM

Since the degradation of energy sources in HEVs is inevitable and highly influences the
durability of the system, a health-conscious EMS aiming at prolonging the lifetime of the
energy sources is demanding. Developing a health-conscious EMS is generally regar-
ded as a multi-objective problem since the objectives of such an EMS may consist of not
only minimizing the economic cost of the system but also prolonging its lifetime. Some
others may also have the objectives of maximizing the efficiency and minimizing the
energy source degradation. The multi-objective optimization problem is also known as
Pareto optimization problem, which has more than one objective function to be maximi-
zed/minimized simultaneously. Since the objectives are often conflicting with each other,
optimal decisions need to be taken with trade-offs between the conflicting objectives. A
solution is said to be Pareto optimal or non-dominated if none of the objectives can be im-
proved without degrading some of the other objectives [66]. For example, a multi-objective
problem can be stated as follows :
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{
Objective function : F(x) = [ f1(x) f2(x) f3(x)... fm(x)]
Constraints : g j(x) <= 0, for j = 1, 2, ..., k

(1.1)

where x = [x1x2x3...xn] ∈ S is an n-dimensional vector of solutions which could be domi-
nated or non-dominated. The set of all non-dominated solutions is called the Pareto front,
which is supposed to be the final result of a multi-objective problem [66].

Therefore, how to find a solution that makes at least one objective better off without ma-
king others worse off remains discussing in the energy management field. The following
part of this section has reviewed the existing health-conscious EMSs for fuel cell HEVs in
the literature. They are classified into two categories : rule-based health-conscious EMSs
and optimization-based health-conscious EMSs.

1.3.2/ RULE-BASED HEALTH-CONSCIOUS EMSS

Rule-based health-conscious EMS is usually a set of rules that are designed based on hu-
man expertise and the aim is to find efficient operation points that can mitigate the energy
source degradation. This kind of EMS is less sensitive to real-time driving conditions and
easy to implement. However, the rules and the thresholds used to formulate the strategy
are hard to define and one cannot declare whether they are the optimal or not. Based on
the techniques to formulate the rules, rule-based EMSs are then classified into two cate-
gories : the deterministic rule-based strategies and the fuzzy ones, as shown in Figure
1.5. Some representative works using rule-based EMSs to solve the health management
problem are reviewed in the following part of this section.

FIGURE 1.5 – Category of health-conscious EMSs

1.3.2.1/ DETERMINISTIC RULE-BASED STRATEGIES

Deterministic rule-based strategies are mainly developed through look-up tables and
among which, thermostat strategy, frequency split strategy and state machine strategy



12 CHAPITRE 1. TOWARDS A PROGNOSTICS-BASED HEALTH-CONSCIOUS EMS

are mostly used [46]. Thanks to the simple and straightforward way of designing rules,
deterministic rule-based strategies are regarded as the most practical way to achieve
multiple objectives.

For example, in order to reduce system’s degradation and fuel consumption at the same
time, Marx et al. [157] designed the sizing strategy based on expertise knowledge : re-
ducing degradation by starting as few fuel cells as possible, operating the fuel cell un-
der its open-circuited voltage, limiting the depth-of-discharge of the battery, and reducing
consumption by operating at maximum efficiency as much as possible. State machine
method is therefore used to decide how many fuel cells should be turned on and a set of
rules are made to decide the power level of the fuel cells. However, the rules are defined
based on human expertise and the optimality hasn’t been discussed.

To optimize the rules in an intelligent way, researchers have started to combine some
optimization techniques with deterministic rules. For example, in [29], the boundaries of
state-of-charge (SOC) and desired torque of the rule-based controller are dynamically
calculated by the minimizing the real-time consumption. Also, in [94], the optimal para-
meters for the rule-based EMS are calculated offline, which allow the vehicle to achieve
lower fuel consumption and higher autonomy.

Furthermore, a frequency split EMS has been proposed in [116] which decomposed the
power demand into different frequency bands by wavelet transform, and to be health-
conscious, the frequencies of the decomposed signals are in the range of acceptable
frequencies of the battery and the fuel cell. Therefore, both energy sources are operating
in their health modes. However, the auto-regressive integrated moving average model
used for the prediction of the time series in this work is highly dependent on the available
data and researchers’ expertise, which causes generality problem.

1.3.2.2/ FUZZY RULE-BASED STRATEGIES

Fuzzy rule-based strategies use fuzzy inference systems to transfer the deterministic in-
puts and outputs into linguistic ones. The fuzzy outputs are then defuzzied into precise
control signals for the system. The fuzzy inference system solves the multi-objective pro-
blem by adding multiple inputs and designing proper rules.

For example, a multi-input fuzzy logic controller has been proposed in [150], in which a
set of rules are designed to determine the power split for battery/ultracapacitor storage
system. At the same time, some other rules are developed to reduce battery degradation
by sacrificing the operation time of the ultracapacitor. Besides, to manage the fuel cell
degradation, Ravey et al. have used the degradation index of the fuel cell as an input
of fuzzy logic controller and the reference current of the fuel cell as the output [129].
When degradation or failure happens, the fuel cell can be operated over its efficiency
point in order to maintain the battery’s SOC. In [105], the C-rate of the battery has been
used as an auxiliary input of the fuzzy logic controller in addition to the voltage and the
demanded power. C-rate is only functioned in part of the rules which are used to suppress
the battery power when the value of C-rate is high. This consideration is responsible for
protecting the battery. However, similar to deterministic rule-based strategies, fuzzy rule-
based strategies are easy to implement but can hardly reach the optimal if the rules are
designed without combining any optimization methods.

A general way to improve the optimality of fuzzy rule-based strategies is to tune the mem-
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bership functions of the fuzzy logic controller using intelligent methods. For example,
Wang et al. have proposed to use the genetic algorithm for fine-tuning the parameters
of membership functions [21] and Chrendo et al. have referred that neural network al-
gorithm can also be used to improve the conventional fuzzy logic, which is the so-called
adaptive neuro fuzzy inference system [112]. However, these algorithms are developed
highly dependent on the driving profiles and the parameters derived for certain driving
conditions may be not applicable to other conditions. Martinez et al. have proposed to
design a survey-based fuzzy logic controller to combine different expertise and use the
type-2 fuzzy system to handle the uncertainty in the rules [64, 79]. In the application of
a fuel cell HEV, the reference fuel cell current has been controlled to satisfy the power
demand and maintain the SOC of the battery to avoid further degradation.

1.3.2.3/ SYNTHESIS ON RULE-BASED EMSS

According to the literature, rule-based strategies are easy to design and implement in real
time for HEV applications when designing health-conscious EMSs. However, the optima-
lity of rule-based strategies is hard to achieve. Although some offline optimization tech-
niques can be combined with the rules to reach better management results, the real-time
capability is weakened. On the other hand, the above mentioned rule-based strategies
in the literature have performed health management by designing rules on SOC values,
degradation models, C-rate, etc. It should be noticed that the rules could only be correctly
designed once the degradation models are well defined.

1.3.3/ OPTIMIZATION-BASED HEALTH-CONSCIOUS EMSS

Optimization-based strategies are often classified into two categories : global optimiza-
tion strategies and real-time optimization strategies, as shown in Figure 1.5. The idea of
developing a health-conscious global optimization strategy is to get the global optimal so-
lution by solving a health-conscious cost function. However, global optimization strategies
are carried out based on the overall driving cycle information, which cannot be applied
in real time applications unless the driving cycle could be predicted. On the contrary,
real-time optimization strategies solve the optimization problem by defining an instanta-
neous cost function, which is updated along with the time. Therefore, real-time strategies
are preferred to be as simple as possible due to the heavy computation cost. Various
optimization-based EMSs used to solve the health management problem for HEVs are
reviewed in the following part of this section.

1.3.3.1/ GLOBAL OPTIMIZATION STRATEGIES

Dynamic programming Dynamic programming can divide the optimization problem
into a series of sub-problems by discretization and the cost function is calculated for
each discrete time step. Consequently, a path with the minimum cost at each step is
obtained [133].

For example, a cost function for minimizing the overall battery degradation has been
formulated in [101] and the power splitting to the battery was determined according to the
minimization results. Another optimization problem has been proposed in [125], where
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the cost function considered battery degradation, hydrogen consumption, as well as grid
recharge expenses. The cost function has been used to evaluate each decision made by
the dynamic programming algorithm. Other dynamic programming algorithm applications
considering both battery and fuel cell degradation could be found in [76,124,156].

However, dynamic programming algorithm is sensitive to driving cycles and the compu-
tation load is heavy. To overcome these constraints, stochastic dynamic programming
(SDP) method has been proposed that applies a Markov process to represent the power
demand and allows real-time application. For example, Fletcher et al. have defined the
driving cycle using a Markov decision process, which was subsequently solved by SDP
algorithm aiming at minimizing the total cost of hydrogen consumption and fuel cell degra-
dation [142]. Besides, SDP has been proposed in [162] to optimize the energy consump-
tion by integrating the battery lifetime wear model into the cost function and obtaining a
single-objective problem. Moura et al. have formulated a multi-objective problem aiming
at finding a trade-off between energy consumption and battery’s health. Two battery de-
gradation models, solid-electrolyte interphase (SEI) film layer model and ampere-hour
processed model, have been evaluated and the problem was solved by a shortest-path
SDP [83].

Moreover, dynamic programming can be used as evaluation, comparison and analysis
tools [133]. For example, it can derive the optimal performance condition for a given dri-
ving profile and help to formulate rules for real-time management. Carla et al. have used
dynamic programming to produce a dataset which is large enough to train an artificial
neural network [169]. The cost function of dynamic programming consisted of both fuel
consumption and battery degradation. With the results of dynamic programming, an arti-
ficial neural network has been implemented with the SOC of the battery and the forecast
power demand as two inputs and the fuel cell power as the output and has achieved
near-optimal results in real time.

Stochastic search method Stochastic search methods are commonly used in HEV
applications, which are the most effective methods to solve multi-objective problems. Ac-
cording to [133], frequently used stochastic search methods consist of genetic algorithm,
particle swarm optimization (PSO), extreme algorithm, etc. They are able to solve the
optimization problem by iterative approach.

For example, a multi-objective fitness function including battery cost, capacity cost and
total energy cost is formulated in [146]. In each generation of genetic algorithm, the po-
pulation generates a set of Pareto-optimal solutions and at the end, the most feasible so-
lution with respect to all objective functions is selected. Besides, authors in [45] and [38]
have proposed to use a non-dominated sort genetic algorithm (NSGA-II) to solve the op-
timization problem of two conflicting objectives. With the formation of a Pareto front, the
opposite effects of energy minimization and battery health on the cost function are traded
off optimally. In [144], three objective functions have been proposed including operation
cost, efficiency and system lifetime, which were integrated into a single function through
weight aggregation approach. The optimization problem was subsequently solved by the
PSO algorithm. Furthermore, Chen et al. have proposed a novel EMS which used qua-
dratic equations to find a relationship between fuel rate and battery power and applied
simulated annealing method to determine the battery power input when taking into ac-
count the state-of-health (SOH) of the battery [111].

However, similar to dynamic programming algorithm, stochastic search methods are sen-
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sitive to driving cycles and are usually implemented based on specific pre-defined driving
conditions. Therefore, unless combining with driving cycle identification, stochastic search
methods still lack the generality in HEV applications.

1.3.3.2/ REAL-TIME OPTIMIZATION STRATEGIES

ECMS and EDMS Equivalent cost minimization strategy (ECMS) and equivalent degra-
dation minimization strategy (EDMS) are widely used for real-time optimization in HEV
applications. Generally, an equivalent cost function is established to transfer the global
optimization problem into a local optimization problem by minimizing the cost function in
real time [133].

For example, an instantaneous optimization process based on ECMS has been proposed
in [168] for a multi-mode power-split HEV. In this work, the battery degradation has been
modelled by SEI film growth and integrated into the cost function. Instead of minimizing
the total cost, Hissel et al. [171] have proposed to minimize the battery degradation in
the hybrid energy storage system. The cost function was formed by an equivalent factor
which represented the marginal degradation caused by the power demanded from the
capacitor.

Besides, Pontryagin’s minimum principle (PMP) is one of the most commonly used op-
timal approaches in ECMS and EDMS, which works effectively with constrained optimi-
zation problems. For example, in order to prolong the battery’s lifetime, Liu et al. have
minimized the fuel consumption with the constraints of battery’s SOC and current, sol-
ving by PMP optimal control [121]. To better demonstrate the degradation of the battery,
a severity factor map has been built based on the battery ageing model and combined
into the cost function in [160]. The problem was then solved by PMP to reach a trade-off
between battery ageing minimization and fuel consumption minimization. However, Ettihir
et al. claimed that some cost function minimization method can only be used to minimize
the fuel consumption over a global level and the real performance of the fuel cell has been
ignored. In order to track the best performance of the fuel cell, they have applied an adap-
tive recursive least square algorithm to seek the optimal performance of the fuel cell when
considering ageing effects and integrated it with PMP to form an adaptive management
strategy, A-PMP [141].

Model predictive control (MPC) MPC is another real-time optimization-based ap-
proach which assumes that the current state is the initial condition and solves the optimi-
zation problem at each sampling instant. It is implemented in three steps : (1) calculate
optimal control sequence in a prediction horizon that minimizes the cost function subject
to constraints ; (2) implement the first part of derived optimal control sequence to physical
plant ; and (3) move entire prediction horizon one step forward and repeat step (1) [133].
Therefore, it is interesting to use MPC in a multi-objective health-conscious EMS since it
can involve several constraints into the control actions.

For example, Arce et al. have used MPC to track the power demand of an HEV and set
constraints to battery’s SOC to avoid degradation [34]. On the other hand, the fuel cell
degradation is limited by setting the threshold of fuel cell power and the time limit between
its start-ups and shut-downs. Due to MPC’s receding horizon nature, it is possible to
reduce the computation cost when comparing to PMP and dynamic programming results
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after multiple trials to different driving cycles. However, by dividing the problem into several
time steps, the solutions of MPC are usually suboptimal.

Machine learning methods Machine learning methods are known as intelligent control
strategies, which are suitable to solve complex nonlinear problems. Therefore, they are
widely used in developing EMSs. Various machine learning strategies exist in the litera-
ture including neural network, support vector regression (SVR), etc.

For example, to be health-conscious, Caihao et al. have used SVR to monitor the SOH of
battery in HEV applications, which realized the real-time analysis of battery ageing based
on partially charging data [86]. Besides, neural network has been used in [159] to perform
power split between two storage system - battery and ultracapacitor. The instantaneous
battery current has been considered to have an impact on its degradation and the po-
wer delivered by the ultracapacitor could help to handle the peak current demand in the
battery, and therefore to reduce the degradation of the battery during operation. These
methods have shown some improvements in robustness but the solution is not an optimal
one. To improve the optimality, Chen et al. have proposed to train two neural network mo-
dules for known and unknown trips separately based on the optimization results of offline
dynamic programming method and improved the optimality to some extent [90]. However,
machine learning methods are not that practical since the computation load of training
datasets is considerably heavy.

1.3.3.3/ SYNTHESIS ON OPTIMIZATION-BASED EMSS

Optimization-based strategies are widely used in developing health-conscious EMSs
and various health-conscious objectives can be achieved through formulating health-
conscious cost functions with proper constraints. Global optimization-based strategies are
able to find an optimal solution to the cost function and they could also work as an evalua-
tion and analysis tool. However, they cannot be applied directly to a real-time application
unless the driving cycle can be identified or predicted by other identification or prediction
approaches. When it comes to instantaneous applications, real-time optimization-based
strategies are used but they are not supposed to be designed in a complicated way due
to the computational burden and memory limits. Therefore, one has to reduce the com-
plexity of the problem in order to make it implementable. Another weak point of real-time
EMSs is low optimality since they lack the global understanding of the problem.

1.3.4/ OPEN ISSUES AND REMAINING CHALLENGES

1.3.4.1/ OPEN ISSUE 1 : OPTIMALITY OF EMSS

Optimality of multi-objective health-conscious EMSs is always regarded as a tough issue
and generates many discussions. As discussed above, the optimality of rule-based stra-
tegy can hardly be assured if the rules are designed based on human expertise. One
possibility is to use other optimization techniques to tune the rules or the membership
functions of the fuzzy logic controller offline. However, the control effects of all existing
offline optimizations are affected by different driving cycles and in vehicle applications,
the operation condition of the vehicle is changing all the time so that the offline tuning is
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rarely convinced. Although real-time optimization strategies can adjust the control strate-
gies according to the current state of the vehicle, the computation burden is too high and
the calculation speed is limited. The existing approaches usually choose to reduce com-
putation load at the expense of optimization performance or using rather simple models.
Besides, without a global understanding of the driving condition, their optimality can be
also weakened.

1.3.4.2/ OPEN ISSUE 2 : DEGRADATION QUANTIFICATION IN EMSS

For the moment, most of the existing health-conscious EMSs just set boundaries to bat-
tery’s SOC or limit the upper or lower voltage to protect the fuel cell, which can hardly
quantify the degradation or the lifetime of the energy sources. Other studies quantify the
ageing phenomenon by degradation rate derived from pre-defined degradation models,
which are highly dependent on the driving conditions (acceleration, idling, etc.). With dif-
ferent driving cycles and different vehicle configurations, the effectiveness of the model
cannot be guaranteed. Although some prognostics and health management works have
been done to predict the RULs of the battery and the fuel cell, they are implemented with
finished experimental datasets. The prognostics results have neither been used in the
design of EMSs nor applied in the realization of vehicle applications yet.

1.3.4.3/ FACING THE CHALLENGES

In light of quantitative and qualitative literature survey on developing a health-conscious
EMS for fuel cell HEVs, the following challenges are pointed out and a possible solution
based on prognostics is proposed. The synthesis scheme is shown in Figure 1.6.

FIGURE 1.6 – Facing the challenges in energy management of fuel cell HEVs

To face the afore-mentioned issues, a way to improve the optimality of the EMSs and
a method to quantifying the power source degradation are demanding. The difficulty of
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solving the optimality problem does not only come from its multiple objectives but also
come from the various operation conditions in real time. Solutions depend on which kind
of strategy is going to be used. The optimality of rule-based EMSs can be achieved by
designing the rules delicately and combining intelligent algorithm, while for optimization-
based EMSs, possible perspectives could be placed on the prediction of driving cycles
to improve global strategies or reducing computation burden of real-time strategies and
improving its optimality.

Furthermore, works have been done to exhaustively search for the accurate power source
degradation models but due to the variable operation conditions, the existing degradation
models are far from satisfaction. In this case, state estimation and prognostics techniques
are believed to be one of the possible solutions to provide real-time health state informa-
tion as a guide for taking automatic corrective actions along with the vehicle’s operation.
PDM is a newly emerging research area that aims to integrate prognostic health infor-
mation and knowledge about the future operating conditions into the process of selecting
subsequent actions for the system, namely, the management aspect of PHM. It is of great
interest in the health assessment and life prediction field of power sources, with which
one can incorporate the current SOH into the health management.

Due to the fact that the prognostics study of battery and fuel cell has remained on com-
ponent level and has not yet been combined in the control part of the system, a propo-
sition of health-conscious EMS based on prognostics aiming at preserving the system
and improving its durability is expected to be highlighted in the near future and has been
enforced in this thesis as a beginning step.

1.4/ RESEARCH ORIENTATION - PROGNOSTICS-BASED EMS

1.4.1/ WHAT IS PROGNOSTICS ?

Predicting the future health states of the system and estimating its RUL could be
regarded as a prognostic process. Various definitions of prognostics have been proposed
in the literature and according to the international organization for standardization (ISO)
committee, prognostics can be defined as [15] :

Standard ISO 13381 (2004). The aim of prognostics is the ”estimation of time to failure
and risk for one or more existing and future failure modes”.

We can highlight from the definition that prognostics implies not only that we should be
able to project into the future the behaviour of a system, but also that we should be
capable of identifying the health state at each instant, taking into account the chosen
mission criteria. Prognostics appears to be a key process which makes the current in-
dustrials think more about ”predict to prevent” rather than ”fail to fix”. As the main goal of
prognostics is to provide information that helps in taking corrective decisions, therefore,
to evaluate prognostics, one of the metrics to quantify is the RUL - it is defined as the
time between the current instant tc and the instant where the degradation will reach the
failure threshold t f - end of life (EOL) [77]. The EOL threshold is usually set as a certain
percentage of the original value. It also needs to construct a confidence measure in order
to indicate the degree of uncertainty of the RUL, as shown in Figure 1.7. In Figure 1.7, Y
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axis could be any health indicator that degrades along with time. The green dots denote
the available measurement data and the dotted line denotes the predicted trajectory. RUL
can be calculated as :

RUL = t f − tc (1.2)

FIGURE 1.7 – Definition of RUL and its uncertainty

Prognostic methods usually differ in the type of considered applications, while the im-
plemented tools depend mainly on the nature of available data and knowledge. In the
scope of our study, prognostics used in the applications of predicting battery capacity
loss and fuel cell performance degradation are discussed. The approaches exist in three
manners : data-driven approach, model-based approach and the hybrid one, shown as
the Cluster I in the bibliography map (Figure 1.8). For battery prognostics, support vector
machine [84], neural network [47] and Gaussian process [27] have been used as data-
driven methods to simply capture the inherent trends without knowing the exact ageing
mechanisms, while some filter algorithms like extended Kalman filter [26], unscented Kal-
man filter [134] and particle filter [80] have existed as hybrid methods to perform pro-
gnostics with state-space models. Moreover, the equivalent circuit model makes it pos-
sible to develop a model-based method which uses the knowledge of battery’s physical
failing mechanism to estimate the RUL [20]. For fuel cell’s prognostics, two of the three
approaches exist in the literature : echo-state networks [82] and adaptive neuro fuzzy
inference system (ANFIS) [104] as data-driven approaches and unscented Kalman fil-
ter [70] and particle filter [77] as hybrid approaches. However, these prognostics methods
are investigated based on finished experimental degradation data. Although these me-
thods contribute to estimating the RUL, post-prognostics decisions are lacking, let alone
the mitigation actions in HEV control. Therefore, developing an integrated PHM cycle to
benefit from not only from the results of the prognostics but also the corrective control
actions is demanding.

1.4.2/ TOWARDS PHM OF FUEL CELL/BATTERY HYBRID SYSTEM

To complete the bibliography map, previous discussed health-conscious EMSs are map-
ping as Cluster II in Figure 1.8. As indicated in the map, existed health-conscious EMSs
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FIGURE 1.8 – Bibliography mapping

are based on pre-developed degradation models and no prognostics work is combined to
EMSs, which means there is a lack of knowledge of knowing the current health state of the
system and the corrective actions taken by the EMSs maybe not suitable to the current
health state. Therefore, health-conscious EMSs are still poorly developed. Indeed, the
predictive nature of prognostics does give a chance to develop a new health-conscious
EMS, which performs energy management through automatic corrective actions with the
help of the awareness of the power sources’ health states. The whole can be summarized
as a PHM system.

According to the definition made by the Center for Advanced Life Cycle Engineering
(CALCE), PHM is a discipline developed originally from condition-based maintenance,
which is defined as the means to predict and protect the integrity of equipment and com-
plex systems, and avoid unanticipated operational problems leading to mission perfor-
mance deficiencies, degradation, and adverse effects to mission safety [77]. The entire
PHM procedure contains a set of activities that permits the evaluation of a system’s re-
liability in its actual life-cycle conditions and aims to enhance the effective reliability and
availability of the system by detecting its current and approaching failures. Three phases
and seven layers of a general PHM architecture are shown in Figure 1.9 and described in
the following paragraphs :

Layer 1 : Data acquisition In this layer, analogue data from sensors or transducers
are acquired as digital data and provided to the system. Physical quantities like voltage,
current, power, etc. in the electrical domain and force, displacement, speed, etc. in the
mechanical domain are observed.
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FIGURE 1.9 – PHM architecture [77]

Layer 2 : Data processing This layer aims at filtering noise and extracting/selecting
features that enable to characterize the functioning of the system. Data acquired for sen-
sors are processed, which normally undergoes feature extraction, reduction and selection
procedures.

Layer 1 and Layer 2 are known as the ”Observe” phase, which deal with the problems
of data. The main challenge of this phase is firstly to find reliable, non-intrusive and non-
damaging observation techniques. Besides, easily implementable technology concerning
cost, volume and online operation is another challenging aspect.

Layer 3 : Condition assessment The extracted features are compared with the expec-
ted values to get the current health state of the system. This layer is also able to give
alerts when the performance loss exceeding the pre-defined thresholds.

Layer 4 : Diagnostic The diagnostic layer performs the identification and localization of
the system’s fault and failure. It is launched when the system has already ceased and is
used to propagate back to the causes according to the effects.

Layer 5 : Prognostics Prognostics performs the estimation of remaining useful life and
the estimation of the probability of a system to fail at a given time, which based on the
current state of the system. Opposite to diagnostic, prognostics propagate from causes to
effects, which gives the possibility of improving the reliability of the system and reducing
the cost at the same time.

Layer 3, Layer 4 and Layer 5 are indicated as ”Model/Analyse” phase, which gives
users the reference of whether the current mission could be fulfilled and also whether the
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future mission could be completed. An extended framework for detection and diagnostics
approaches and advance prognostics models are expected in the future development.

Layer 6 : Decision support The function of this layer is to take actions based on the
previous modules, which has the objectives of ensuring mission achievement, prolonging
useful life, reducing cost and optimizing maintenance strategy. It aims to improve the
quality of services and help operators perform their duties faster, more accurately and
more efficiently by providing a decision aid.

Layer 7 : Human-machine interface This presentation layer is necessary in the indus-
trial application which should be developed more user-friendly in order to ensure commu-
nication between modules.

Layer 6 and Layer 7 are known as the ”Decide” phase, which is a post-prognostics phase
mainly to give maintenance decisions. Different to passive decision support systems,
which depend on pre-defined strategies and models leading to sub-optimal solutions in
most cases, this phase of the PHM cycle gives system maintenance decisions or control
actions based on the dynamic system knowledge. However, for the moment, this phase
hasn’t seen its full development yet and a fault-tolerant, self-adaptive and reconfigurable
control system is demanding. Besides, verification and validation procedures are needed
to verify the effectiveness of the control.

In fact, one of the research areas of our lab (Federation FCLAB) is towards the PHM of
fuel cell systems. In the PHM axis, the health states of the power sources are assessed
and the RULs are estimated. However, RUL estimation is not the objective of PHM :
predicting the remaining life should enable the degradation mitigation actions in order to
improve the durability of the system (Layer 6 : decision support). To accomplish this work,
PDM has emerged as a newly emerging research area that aims to integrate prognostic
health information and knowledge about the future operating conditions into the process
of selecting subsequent actions for the system. It is of great interest in health assessment
and life prediction of the power sources, with which one can incorporate the prognostics
aspect of PHM with the health management aspect.

As the prognostics aspect of PHM enables the estimation of RUL of a system, which in-
dicates whether it is necessary to implement preventive maintenance in order to avoid
further degradation, PDM is then defined as the process of selecting system actions in-
formed by prognostics results, which is actually the management aspect of PHM [71].
Speaking about PDM in HEV applications, the decision-making process turns out to be
a part of EMS, which is regarded as the high-level control loop to distribute the power
between multiple power sources. However, the immediate characteristics of control ac-
tions may cause problems when considering the granularity of decisions : how to make
immediate controls to avoid or to mitigate the degradation that appears as a long-term
phenomenon? This question turns out to be the main issue to be solved in this thesis.
The framework of developing an on-board prognostics-based health-conscious EMS is
introduced in the next section, which is a first trial of completing the health management
aspect of PHM in HEV applications.
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1.4.3/ ON-BOARD PROGNOSTICS-BASED HEALTH-CONSCIOUS EMS

To combine PHM in the energy management of fuel cell HEV, a system-level block dia-
gram is proposed in Figure 1.10. In this process, when the mission is initiated, the system
collects the raw data and a data processing module is used to clean and select the data.
Then, state estimation is performed based on the preprocessed data and when a thre-
shold is reached, the prognoser is triggered to perform the prognostics and get the RULs.
According to the results of the prognostics, EMS is modified based on a PDM process with
the objective to improve the durability of the system. By tuning the current EMS, the de-
manded power (Pdem) is redistributed to the fuel cell and the battery by a current-based
control scheme as shown in the action module of Figure 1.10.

FIGURE 1.10 – System-level block diagram of PHM process in fuel cell HEV

As mentioned above, to implement PDM in fuel cell HEVs, it is important to determine
when prognostics should be performed. According to [151], setting a threshold on the
SOH to capture a performance drop is one of the possible solutions. The PDM process
based on this idea is illustrated in Figure 1.11. The thresholds are chosen based on the
historical datasets and the RUL estimate and its confidence interval could be obtained by
prognostics algorithm [184]. Each time a threshold is reached, the prognostics is triggered
and the power is redistributed based on the proper decision-making process, which is
adaptable to the current health state of the system by making full use of the results of
prognostics. By setting the prognostics triggering thresholds, this process will be repeated
and the power will be redistributed again and again until the mission is completed and the
lifetime of the system is expected to be prolonged.

1.5/ SYNTHESIS

This chapter has presented an overview of the current energy context and it has been
justified that the fuel cell system applied in transport sector still has a long way to browse
before it fully entering the automotive market. The main obstacles are concerning about
the cost and the durability, while the durability highly influences the cost-effectiveness.
Therefore, this research work positioned itself on enhancing the durability and prolonging
the lifetime of fuel cell systems for automotive applications.

A framework of developing on-board health-conscious EMS for the hybrid system based
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FIGURE 1.11 – PDM process

on PHM cycle is proposed in this chapter. First, the context of the energy market world-
wide has been described and a hydrogen solution based on fuel cell propulsion has been
justified as the momentum of today’s sustainable development. Then, the durability limits
of the energy sources have been pointed out for the automotive applications, which are
believed to be the principal obstacles for the massive commercialization of fuel cell ve-
hicles. Next, the state of the art oriented towards solving the durability issue based on
EMS design has been reviewed according to the literature research. Challenges have
been analyzed and a PHM solution has been proposed.

Due to the fact that the prognostics study of battery and fuel cell has remained on com-
ponent level and has not yet been combined in the control part of the system, a health-
conscious EMS based on prognostics aiming at preserving the system and improving its
durability is going to be developed and enforced in this thesis as a beginning step.

In the next chapter, some generalities concerning about the durability of the studied
energy sources, i.e., lithium-ion battery and PEM fuel cell, are going to be explained
and the possibility of building a fuel cell hybrid system is going to be addressed.



2
GENERALITIES ON LITHIUM-ION
BATTERY AND PEM FUEL CELL

2.1/ INTRODUCTION

This chapter is started by justifying the necessity of hybridizing the fuel cell with other
energy storage devices, e.g. batteries, for high-qualified performance in the vehicle pro-
pulsion system. Hybridization is proposed based on the fact that the fuel cell itself cannot
provide satisfying driving conditions as it suffers from worse performance during starting-
on and acceleration due to its low power density. On the contrary, lithium-ion batteries
have relatively high power density and energy density, which allow them to operate as
energy storage systems and provide fast dynamics. Therefore, a fuel cell hybrid pro-
pulsion system together with lithium-ion batteries has gained more popularity in today’s
automotive market. In the vehicle applications, compared to battery-only electric vehicles,
fuel cell HEVs benefit not only the high power density of the battery but also improve the
limited driving distance and the long charging time.

However, a central issue holding back the critical achievement of fuel cell hybrid propul-
sion is the durability of the power sources. Both batteries and fuel cells in the hybrid sys-
tem are operated through complicated electrochemical reactions, which bring more diffi-
culties to quantify their degradation. Concerning this issue, this chapter assumes that the
interaction between them in a hybrid system is neglectable and then analyses the lithium-
ion batteries and PEM fuel cells separately, starting by describing their characteristics
and then discovering their degradation mechanisms and modelling methods. During bat-
tery’s lifetime, both calendar ageing and cycle ageing damage its available capacity. The
ageing phenomenon happens on anode and cathode due to various chemical reactions,
resulting in its capacity fade and impedance rise. Besides, PEM fuel cell, as the main
power source of fuel cell HEVs, suffers from the degradation from different components
of the stack : electrolyte, electrodes, membrane, bipolar plates and sealing gaskets. To
assess their degradation, various degradation modelling and estimation methods are re-
viewed from the literature. In fact, this part is not only a literature review but also the basis
of selecting possible PHM solutions to implement the energy management for the hybrid
system.

This chapter is arranged as follows : first, a description of building fuel cell hybrid systems
is given, in which the battery is used as the energy storage system. Next, the ageing phe-
nomenon and degradation modelling and estimation methods of the lithium-ion battery
are studied, and then those of PEM fuel cell are discussed with the same structure. The
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advantages and disadvantages of different methods are also analyzed and summarized
with comparison tables.

2.2/ FUEL CELL/BATTERY HYBRID SYSTEMS

2.2.1/ FUEL CELL/BATTERY HYBRID PROPULSION

As shown in Figure 2.1, a Ragone plot is used for performance comparison of various
energy storing devices. On such a chart the values of specific energy (in W ·h/kg) are plot-
ted versus specific power (in W/kg). Both axes are logarithmic, which allows comparing
the performance of very different devices (for example, extremely high and extremely low
power) [12]. According to the Ragone plot, fuel cell serves a significantly higher energy
density than batteries (40,000 W · h/kg compared to 278 W · h/kg of the lithium-ion battery
according to the literature). This implies that given limitations in the weight and size of
the energy storage in the vehicle, a fuel cell electric vehicle can drive further and trans-
port more payload than a BEV. However, due to fuel cell’s relatively low power density,
one favourable way to deal with the start-ups and acceleration for electric vehicles is by
hybridizing fuel cell with another energy storage devices with high power density, e.g.,
lithium-ion batteries. Therefore, a fuel cell/battery hybrid propulsion system is considered
when developing fuel cell electric vehicles where the fuel cell provides the most power
required for cruising and the battery deals with the transient power demand.

FIGURE 2.1 – Ragone plot : power density vs. energy density

The development of fuel cell vehicles has been a polarizing topic for years. At its core,
a hydrogen-fueled fuel cell pulls the stored hydrogen gas, mixes it with oxygen from the
atmosphere, and runs it through a proton exchange membrane to release electricity along
the way, namely, a PEM fuel cell. Compared to the BEVs, the on-board battery in this hy-
brid configuration can be reduced in size, decreasing the overall weight of the propulsion
system. Since there is no need to plug in the vehicle to recharge the batteries, the total
cost of the vehicle is then reduced. Besides, hydrogen refuelling takes one-tenth to one-
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fifteenth of the time battery fast charging requires. That means the hydrogen refuelling
station infrastructure requires about 10 to 15 times less space to fuel the same number
of vehicles [4]. And as a further benefit, the by-product heat of the electricity production
reaction is useful as a source of energy for heating system, such that as little energy as
possible is lost in the process.

In fact, there are more than 4000 fuel cell vehicles on the road today and numerous ve-
hicle enterprises are devoted to developing fuel cell powertrains to deliver the quality,
reliability and dependability to accelerate their commercialization in the vehicle market.
For example, Mirai fuel cell vehicles developed by Toyota have used mass-production
PEM fuel cells with a 3.1 kM/L volume power density and a 144 kW (155 DIN hp) maxi-
mum power output, where a 1.6 kWh nickel-metal hydride battery is connected in parallel
to deal with the regenerative braking and also assist during high-power demands like ac-
celerating. A high-capacity fuel cell boost converter is developed to boost the fuel cell
voltage to a maximum output of 650 V. Its operation principle is shown in Figure 2.2.

FIGURE 2.2 – Operation principle of Toyota Mirai fuel cell vehicle

This parallel configuration is also favourable to other commercial fuel cell vehicles, e.g.,
Honda’s Clarity fuel cell vehicle, Hyundai’s NEXO fuel cell vehicle, etc. Their characteris-
tics and performance are listed in Table 2.1. Despite this kind of parallel structure, other
alternatives of powertrains also exist in the literature varying on the physical arrangement
of the power sources, selection of the energy storage devices, and the control strategy for
splitting power between the fuel cell and the energy storage unit [40, 44, 49, 78, 88, 141],
as shown in Figure 2.3. Figure 2.3 (a) uses a fuel cell only powertrain where the bus
voltage equals the output voltage of the fuel cell. Figure 2.3 (b) uses an ultra-capacitor
as the energy storage system to recover the braking energy. Figure 2.3 (c) is the one
discussed above which uses the fuel cell as the principal power source and the battery
as a secondary source. Figure 2.3 (d) uses the fuel cell as a range extender while the
battery used in this structure is larger than the one used in Figure 2.3 (c). Next, the roles
of fuel cell and battery used in the hybrid propulsion system are discussed separately.
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TABLE 2.1 – Examples of commercial fuel cell vehicles

Vehicle type Fuel economy Engine
Toyota Mirai
(2019)

67 MPGe city / 67 MPGe
highway

113 kW electric motor + 245 V
Nickel-Metal hydride battery

Honda Clarity
(2018)

69 MPGe city / 67 MPGe
highway

130 kW electric motor + 346 V
lithium-ion battery

Hyundai
NEXO (2019)

59 MPGe city / 54 MPGe
highway

95 kW electric motor + 240 V
lithium-ion battery

FIGURE 2.3 – Some alternatives of powertrains for fuel cell vehicles

2.2.2/ USE OF FUEL CELLS IN ELECTRIC VEHICLES

Fuel cell is an electrochemical device that converts the chemical energy into electrical
energy with high energy density. Among various types of fuel cells, PEM fuel cell is the
one most widely used in vehicle applications due to the fact that they can be operated at
low temperature (-20-80◦C), therefore a fast starting from idle to full load operation can
be achieved. PEM fuel cells use a solid polymer as an electrolyte and porous carbon
electrodes with a platinum catalyst, however, the use of platinum makes PEM cells highly
sensitive to carbon monoxide and Sulphur pollutants. As a result, they need to be fuelled
by very pure hydrogen. Hydrogen produced from natural gas, for instance, is likely to
require purification before being used by PEM fuel cells.

Besides, fuel cell can rarely be the mono-source in fuel cell electric vehicles due to the
following considerations : firstly, as we know, electric vehicles are well suited to recover
the energy dissipated in braking since their electric motors can be reversed to act as ge-
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nerators. Fuel cell can provide a direct current/voltage to power the electric motors, while
it cannot absorb energy reversibly ; secondly, fuel cells usually achieve their maximum
efficiency at partial loads. Both of the facts suggest that fuel cells are particularly well
adapted to be hybridized with other energy storage systems (e.g., batteries). The intro-
duced energy storage systems can be used to store recovered braking energy and help
provide the peak power demand. Hybridization in this way can also help reduce costs if
the energy storage system has higher specific power and lower cost than the fuel cell
stack. Given these considerations, most fuel cell electric vehicles are preferred to be hy-
brid ones. The technology of hybridizing fuel cell with energy storage systems is in an
earlier stage of development than the technologies of mono-source electric vehicles and
few models are currently commercially available. Further technological developments are
needed to improve their durability and lower the costs.

Concerning the durability issues of both battery and fuel cell, their characteristics and
degradation mechanisms, together with degradation modelling and estimation methods
are discussed in the following sections.

2.2.3/ BATTERIES AS ENERGY STORAGE SYSTEM

Batteries are essential energy storage devices that facilitate the conversion from chemical
energy into electrical energy, and vice versa. Being used in a hybrid propulsion system,
the batteries could have a much longer life in shallow depths of discharge since they
will be charged either by the fuel cells or through regenerative braking during cruising
and will rarely be over-discharged. Lithium-ion batteries serve as supplemental power
sources for propelling the electric vehicles in most of the present work. This is because
that they have a higher energy density than most other types of rechargeable batteries,
i.e., for the same size or weight, they can store more energy than others, as derived from
Figure 2.1. In addition, lithium-ion batteries have a lower self-discharge rate than other
types of batteries, which means that once they are charged, they will retain their charge
for a longer time. Besides, lithium-ion batteries can offer good dynamic performance with
high charge/discharge current. Charging/discharging tests performed in [57] on fuel cell
vehicle equipped with lithium-ion batteries and lead-acid batteries suggest that for high
discharge currents (≤ 40 A), the nominal capacity of lithium-ion batteries was almost com-
pletely maintained, while the actual capacity of lead-acid batteries was reduced by about
50%. The good performance for dynamic driving conditions allows the lithium-ion battery
to offer major flexibility in the design and energy management of hybrid powertrains.

2.3/ LITHIUM-ION BATTERY AND ITS DEGRADATION

2.3.1/ INTRODUCTION TO LITHIUM-ION BATTERY

2.3.1.1/ LITHIUM-ION BATTERY CHARACTERISTICS

Batteries are essentially energy storage devices that facilitate the conversion from che-
mical energy into electrical energy and vice versa. Lithium-ion batteries are widely used
as energy storage systems in fuel cell HEVs in most of the present work. The charge
and discharge mechanism of a lithium-ion battery is shown in Figure 2.4. The lithium-ion
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FIGURE 2.4 – Lithium-ion battery charge and discharge mechanisms

battery consists of a pair of electrodes (anode and cathode), which are immersed in an
electrolyte and sometimes separated by a separator. The main role of the separator in
a battery is to isolate the positive and negative electrodes, while allowing the transport
of ions. Recently, a microporous membrane of polyethylene or polypropylene has been
used commercially as a separator [118]. Considering lithium manganese oxide batteries
as an example, during charging the Li+ escapes from the LiMn2O4 at the cathode, under
the electromotive force, the Li+ passes through the electrolyte and embeds into the car-
bon interlayer of the graphite. Thus, lithium and carbon interlayer are combined internally.
When discharging, the Li+ escapes from the carbon interlayer of the anode, through an
opposite process under the electromotive force, and embeds into the anode LiMn2O4.
The charging reactions of the batteries are as follows, which the discharging process is
in the opposite direction.

LiMn2O4 → Li1−xMn2O4 + xLi+ + xe− (2.1)

C + xLi+ + xe− → LixC (2.2)

The overall reaction is written as :

LiMn2O4 + C → Li1−xMn2O4 + LixC (2.3)

The chemical driving force across the cell is due to the difference in the chemical poten-
tials of its two electrodes, which is determined by the difference of the standard Gibbs
free energies between the products of the reaction and the reactants. The theoretical
open circuit voltage, E0, of a battery is measured when all reactants are at 25◦C and at
1 atm pressure. However, this voltage is not available during use. When a cell or battery
is discharged, its voltage is lower than the theoretical voltage, as illustrated in Figure 2.5.
Under actual conditions, the initial voltage of the cell under a discharge load is lower than
the theoretical value due to the internal cell resistance and the resultant ohmic drop as
well as polarization effects at both electrodes [35].

The voltage drop due to the above-mentioned factors are detailed as follows :
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FIGURE 2.5 – Typical polarization curve of a battery [35]

Ohmic Drop refers to the diffusion process through which Li-ions migrate to the cathode
via the electrolytic medium. The internal resistance to this ionic diffusion process is also
referred to elsewhere as the IR drop. For a given load current, this drop usually decreases
with time due to the increase in internal temperature that results in the increased ion
mobility.

Activation Polarization refers to a self-discharge process, which is caused by the re-
sidual ionic and electronic flow through a cell even when there is no external current
being drawn. The resulting drop in voltage has been modelled to represent the activation
polarization of the battery.

Concentration Polarization represents the voltage loss due to spatial variations in
reactant concentration at the electrodes. This is mainly caused when the reactants are
consumed by the electrochemical reaction faster than they can diffuse into the porous
electrode, as well as due to variations in bulk flow composition. The consumption of Li-
ions causes a drop in their concentration along with the cell, between the electrodes,
which causes a drop in the local potential near the cathode.

Since these factors are current-dependent, i.e., they come into play only when some
current is drawn from the battery, the voltage drop caused by them usually increases with
increasing output current. The term most often used to indicate the rate at which a battery
is discharged is the C − Rate. The discharge rate of a battery is expressed as C/r, where
r is the number of hours required to completely discharge its nominal capacity. So, a 2
Ah battery discharging at a rate of C/10 or 0.2 A would last for 10 hours. The terminal
voltage of a battery, as also the charge delivered, can vary appreciably with changes
in the C − Rate. Furthermore, the amount of energy supplied, related to the area under
the discharge curve, is also strongly C − Rate dependent. Besides, along with battery’s
cycling, they exhibit a gradual decrease in discharge capacity which is manifested as a
loss of autonomy for the powered device, i.e., they cannot provide as much energy as its
initial state even at the same C − Rate. This is due to the ageing phenomenon of lithium-
ion batteries. An ageing lithium-ion battery is demonstrated in Figure 2.6. There are three
zones : an empty zone that can be refilled by charging, an available energy zone and a
dead zone which cannot be usable any more. To understand the ageing mechanisms of
lithium-ion batteries is not easy since they are such complex systems and their ageing
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are even more complicated. According to the use condition of the battery, there are two
types of ageing : calendar ageing and cycle ageing, which are introduced in the following
part of this section.

FIGURE 2.6 – An ageing battery

2.3.1.2/ CALENDAR AGEING AND CYCLE AGEING

Ageing of the lithium-ion battery can be dissociated into two categories : the calendar
ageing and the cycle ageing. Each term defines the alterations caused by different uses
of the battery. Calendar ageing is the irreversible proportion of the lost capacity during
storage taking into account the fact that, a personal vehicle spends about 90-95% of its
lifetime in storage mode when parked [102]. Self-discharge rate varies highly according
to storage conditions. Hence, effects occurring within the battery can be accelerated or
slowed depending on the storage conditions. The first factor affecting battery’s calendar
ageing and its self-discharge is the storage temperature. When the temperature is high,
secondary reactions such as corrosion are facilitated and the lithium loss is more impor-
tant than in moderate temperature conditions, which induces capacity fade. Low tempera-
tures enable to limit the development of these phenomena but these conditions engender
some problems due to the loss of material diffusion and alter the battery chemistry. Ano-
ther variable of calendar ageing is the level of SOC during storage. One can observe
a higher battery degradation for elevated SOC. This is because, for high SOC, there is
a huge potential disequilibrium on the electrode/electrolyte interface causing electroche-
mical instability on electrolyte material. Intercalated lithium in lithiated graphite tends to
diffuse to the edges where it may interact with solvent components [73,102].

Cycle ageing happens when the battery is being charged or discharged. It is a direct
consequence of the discharge level, the utilization mode, the temperature conditions and
the current solicitations of the battery. Consequently, an immense number of factors are
involved in this kind of ageing. All previously described factors that affect the calendar
ageing are also included in the cycle ageing because the previously cited ageing pheno-
menons may appear whether the battery is used or not. Apart from these factors, cycling
ageing is also a function of the battery utilization mode. A recurrent factor existing in li-
terature is the ∆S OC, which represents the state of charge variation during a cycle. This
is an important factor considering the amount of charge taken from or given to the bat-
tery during a discharge or charge cycle. Deep cycling considerably reduces the cycle life
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of the battery due to the volume changes in materials (impact on the mechanical stabi-
lity) [130]. Another variable impacting the lithium-ion battery ageing and function of the
utilization mode is the charging/discharging voltage during its life. Thus, high charging
voltage implies accelerated ageing phenomenon [73].

Calendar ageing and cycle ageing are the two origins of lithium-ion battery’s degradation.
However, when considering the ageing phenomenon, capacity loss and power fading
do not originate from one single cause, but from a number of various processes and
their interactions. Moreover, most of these processes cannot be studied independently
due to different time scales, complicating the investigation of ageing mechanisms. In the
next section, the ageing mechanisms are discussed in detailed on anodes and cathodes,
separately.

2.3.2/ DEGRADATION MECHANISMS

Lithium-ion batteries are competitive in vehicle applications thanks to their high energy
density and high power density. They have also shown good lifespan attributes without
memory effects like nickel-cadmium and nickel-metal-hydride batteries, which will gra-
dually lose usable capacity owing to a reduced working voltage after being only partially
discharged. However, the health of lithium-ion batteries can be affected by other various
effects, resulting in capacity fade and impedance rise [172]. Figure 2.7 shows the opera-
tion principle of a lithium-ion battery and its ageing phenomenon. The change happening
at the electrode/electrolyte interface is the most dominant ageing phenomenon of the
lithium-ion battery where solid electrolyte interface (SEI) is formed, shown in the zooming
part of Figure 2.7. The continuous growth of SEI leads to the change of surface poro-
sity, the decrease of active surface and the deposition of metallic lithium, resulting in the
loss of capacity and power capability. However, the processes occurring at the anode and
cathode are significantly different but they can rarely be considered independent since
reaction products formed on one side which are at least partially soluble in the electrolyte
can diffuse to the other electrode and result in additional reactions [181]. Details of de-
gradation mechanisms on both anode and cathode are described in the following part of
this section.

2.3.2.1/ AGEING MECHANISMS ON ANODE

Carbon, in particular, graphite, is the most important anode material in lithium-ion batte-
ries and the changes at the electrode/electrolyte interface are believed to be responsible
for the ageing on carbon anode, known as SEI instability and lithium metal plating [181].
However, changes of the active material and the contactless of the composite electrode
may also have an influence on the ageing process [19], which will be discussed here by
a short summary.

Changes at the electrode/electrolyte interface : The most dominant ageing mecha-
nism on the anode is caused by SEI formation, as shown in Figure 2.8. This solid inter-
phase is naturally created during the first charge at the beginning of its life cycle. Its role
is to protect the negative electrode from possible corrosions and the electrolyte from re-
ductions [73]. However, SEI is permeable to the lithium ions and also to other charged
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FIGURE 2.7 – Ageing phenomenon of the lithium-ion battery

elements (anion, electrons) or neutral elements (solvent). Therefore, the solvent interacts
with the graphite after diffusion through the SEI resulting in graphite ex-foliation. Together
with the crack formation in the SEI due to mechanical stress, an additional SEI grows
consuming the electrolyte and leading to an impedance rise at the anode due to the ex-

FIGURE 2.8 – Ageing mechanism on anode/electrolyte interface of lithium-ion battery [73]
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posure of fresh naked graphite surfaces to the electrolyte [181]. Normally, SEI formation
takes place mainly at the beginning of cycling, while SEI growth proceeds during cy-
cling and storage and is favoured by elevated temperatures. On a long time scale, the
SEI penetrates pores of the electrode and in addition may also penetrate the pores of
the separator. This may result in a decrease in the accessible active surface area of the
electrode [19]. A high SOC will accelerate these phenomena as it enlarges the potential
difference between electrode interfaces and electrolyte. Moreover, inadequate conditions
can also accelerate the process, such as high temperature, overcharge, short circuit,
etc [73].

Lithium metal plating might occur at low temperatures and high charge rates. At low tem-
peratures, the diffusion of Li+ ions inside the graphite structure becomes slow. The de-
posited lithium reacts to form its SEI, consuming the electrolyte. At high charge rates,
high cell polarization can enable reaching the lithium metal deposition potential, where
the Li metal reacts with the electrolyte leading to accelerated ageing [181]. Besides, in-
homogeneous current and potential distributions may also contribute to the lithium metal
plating [19].

Changes of the active material : Graphite ex-foliation and cracking due to solvent co-
intercalation, electrolyte reduction inside graphite, and gas formation inside graphite will
certainly lead to rapid degradation of the electrodes due to the SEI’s penetration. These
reactions lead to the loss of active material, which contribute to cell ageing. Besides, at
the surface of the active material, ion exchange at surface groups with lithium ions and
redox reactions of surface groups are possible but should also have only a minor impact
on cell ageing [19].

Contact loss within the composite electrode : Obviously, the loss of active material
on the anode will lead to the volume changes, which is an inevitable source for contact
loss resulting in the mechanical disintegration within the composite electrode. Contact
loss may happen (i) between the carbon particles, (ii) between current collector and
carbon, (iii) between the binder and carbon, and (iv) between binder and current col-
lector [19]. Also, the electrode porosity is affected by the volume changes of the active
material since it allows the electrolyte to penetrate the bulk of the electrode.

2.3.2.2/ AGEING MECHANISMS ON CATHODE

The cathode of the battery is subject to a low alteration within time, depending on the cho-
sen material. There is also an SEI creation on the positive electrode/electrolyte interface
causing electrolyte decomposition, especially at high potentials [181]. Figure 2.9 gives a
schematic overview of the ageing mechanisms for lithium-ion cathode materials. In addi-
tion to the SEI formulation, another two main degradation processes on cathode materials
are transition metal dissolution and catalytic reduction. The dissolution of transition metal
involves net loss of transition ions from the cathode through the acid attack, which may
be related to specific operation conditions (i.e. high temperature) [164, 185]. According
to [19], following changes on the cathode will result in the decrease of the lifetime of a
lithium-ion cell :

1. Ageing of active material ;
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FIGURE 2.9 – Ageing mechanism on the cathode of lithium-ion battery [19]

2. Degradation or changes of electrode components like conducting agents, binder,
corrosion of current collector ;

3. Oxidation of electrolyte components and surface film formation ;

4. Interaction of ageing products with the negative electrode.

Based on the literature investigation, a summary of the ageing phenomenons regarding
the anode and the cathode of lithium-ion battery has been listed in Table 2.2. As discus-
sed above, two principal effects of battery ageing can be identified : capacity fade and
impedance rise. In vehicle application, the capacity loss induces an autonomy reduction
while the impedance raise reduces the maximum power available. As indicated in Table
2.2, the causes of ageing are related to temperature, SOC, DOD, current, etc., therefore,
how to use the battery in an adequate way to avoid its performance degradation is widely
concerned by the researchers. As a priority, knowing the current health state of the bat-
tery is necessary before exercising an active control over the battery system. Numerous
battery degradation modelling and estimation methods in the literature are reviewed and
compared in the next section, which has taken an important place in developing health-
conscious EMS.

2.3.3/ LITHIUM-ION BATTERY DEGRADATION MODELLING AND ESTIMATION

Since a lithium-ion battery is such a complex system that its ageing process is even more
complicated, accurately modelling and estimating its degradation is of great significance
before developing a health-conscious EMS. Based on the analysis of battery’s ageing
mechanisms above, different degradation modelling and estimation methods that can be
used on-board are studied in this section. Some of them are electrochemical models
which are closely related to the chemical reactions happening inside the battery. This kind
of model is accurate but complicated and difficult to apply in practice. Others are empirical
models which can be obtained by fitting experimental data. They are used to estimate the
health state of the battery and predict RULs. However, it is inevitable that empirical models
have problems of inaccuracy and huge dataset. Therefore, researchers start to place
more attention on finding a semi-empirical model, which combines the theoretical aspects
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with data fitting. This kind of model is more implementable compared to electrochemical
ones and at the same time, more accurate than empirical ones [172]. The following part of
this section has roughly reviewed these modelling methods according to the output of the
models. This work may not be a complete one with an exhaustive survey on all existing
battery degradation models but it is committed to finding practical ones that can be used
in the energy management of HEVs.

2.3.3.1/ SEI FILM THICKNESS MODEL

From an electrochemical point of view, the cell degradation of the battery is, to a large
extent, due to the loss of lithium on the SEI. Therefore, researchers have proposed to use
the SEI film formation model to symbolize the degradation degree of the battery [83,168].
The change of the film thickness is written as :

∂δ f ilm(x, t)
∂t

= −
Mp

anρpF
JS (x, t) (2.4)

where δ f ilm is the film thickness, Mp is the average molecular weight of the SEI layer’s
compounds, an is the specific surface area, ρp is the average density of the compounds,
F is Faraday’s constant and JS is the side reaction current density calculated by Tafel
equation [83] :

JS (x, t) = −i0,sane
−0.5F
RgasT ηS (x,t) (2.5)

where i0,s denotes the exchange current density for the side reaction, Rgas is the universal
gas constant and T is the temperature. ηS represents the side reaction over potential,
calculated by :

ηS (x, t) = φ1(x, t) − φ2(x, t) − Ure f ,s −
Jtot(x, t)

an
R f ilm(x, t) (2.6)

where φ1 and φ2 represent solid and electrolyte potentials, Ure f ,s denotes the equilibrium
potential of the solvent reduction reaction, Jtot is the total intercalation current calculated
as a sum of intercalation current in anode and R f ilm is the resistance of the film.

However, this model consists of a large number of state variables and a large set of
nonlinear algebraic constraints, which brings a heavy burden for calculation [38]. To sim-
plify the calculation, Forman et al. have proposed to linearize the constraints by a quasi-
linearization method and a family of analytic Padé approximations has been used to re-
duce the number of state variables [41]. The implementation of this simplification enables
real-time operations without a trade-off on the system accuracy.

2.3.3.2/ INTERNAL RESISTANCE MODEL

Rather than using an electrochemical model, the internal resistance of the battery can
be estimated by equivalent circuit models. As shown in Figure 2.10, the model with one
ohmic resistance and two RC brunches is commonly used. For example, Remmlinger et
al. have proposed to use this equivalent circuit to estimate the internal resistance and
derive a temperature-related degradation index calculated from the increase of battery’s
internal resistance [54]. The index kd is solved by the equation :
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Ri,actual = kdRi,new(T ) (2.7)

where i is the time step, R denotes the internal resistance and the actual resistance is
calculated by the identification method using terminal voltage and the measured cur-
rent. The idea is to calculate the proportion factor between the theoretical resistance of
a new battery cell under actual temperature and the actual internal resistance [54]. An
exponential expression is used to calculate the theoretical resistance value related to the
temperature :

Ri,new(T ) = ae−bT + c (2.8)

FIGURE 2.10 – Battery equivalent circuit model (two RC branches)

Besides, Stroe et al. have found the dependence of the battery’s internal resistance on its
storage time, SOC level and temperature [173]. They used a two-step fitting procedure to
develop the model for 2.5 Ah LFP/graphite battery cells with all the three aspects :

R = (a · eα·T ) · (b · S OCβ) · t (2.9)

where a, b, α and β are the fitting results.

In fact, the internal resistance of the battery can also be estimated through the filtering al-
gorithm with the help of the equivalent circuit. A broad variety of state estimation methods
were proposed and dual extended Kalman filter (EKF) is one of the key scenarios [16–18].
Instead of observing only the state variables, the internal resistance is regarded as a
parameter, which can also be estimated through tracking the system performance [18].
However, the effectiveness and adaptability of this method are highly dependent on the
credibility and robustness of the prescribed battery models [115].

2.3.3.3/ CAPACITY DEGRADATION MODEL

The capacity of a battery refers to how much electrical charge that the battery can hold
in its fully charged state. When the capacity fades to the threshold, usually 20%-30% of
its original value, batteries are believed to be not able to operate their normal mode and
should be replaced [35].

As battery’s capacity is the most widely used indicator of battery’s SOH, numerous pro-
gnostics approaches based on capacity estimation and prediction have been proposed
in the literature. He et al. have experimentally found that the sum of two exponential
functions can well describe the capacity degradation trends of several different batteries,
which is frequently used in the studies of battery prognostics [50]. He et al’s model is
expressed as :
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Q = a · exp(b · k) + c · exp(d · k) (2.10)

where Q denotes the battery capacity and k denotes the full charge-discharge cycle num-
ber.

Xing et al. have compared He et al.’s model with another capacity degradation model in
the form of polynomial regression. Particle filter estimation results have shown that the
exponential model had better predictive performance [69]. Base on that, the authors have
developed another model that has shown an even better regression characteristic over
the whole battery life. The model is expressed as [87],

Q = γ1 · exp(γ2 · k) + γ3 · k2 + γ4 (2.11)

However, models in prognostics works are usually verified through the degradation data
with regular charge/discharge cycles. When it comes to vehicle applications, randomized
charge and discharge process should be considered due to uncertain driving conditions.
In order to quantify this kind of capacity fade, semi-empirical models are then proposed in
the literature to take more physical parameters into consideration, such as SOC, DOD, Ah
throughput, current rate, etc. For example, Wang et al. have carried out the battery ageing
tests under different DODs (10%-90%), temperatures (-30◦C-60◦C) and discharge rates
(C/2-10C) [58]. To demonstrate the capacity loss, a power-law equation has been adopted
with related to time, charge throughput and an Arrhenius correlation of temperature, which
is expressed as :

Qloss = B · exp(−(
Ea + m ·Crate

RT
))(Ah)z (2.12)

where B is a pre-exponential factor, Ea is the activation energy, m is the compensation
factor for C-rate and Ah is the total charge throughput. This model can also be used to es-
timate the SOH of the battery [62] and as a battery life indicator to study the degradation
issues in vehicle applications [105, 138, 166]. To further improve the accuracy, the para-
meter B in the above equation has been introduced as a function of SOC in [160], which
extends the model to be SOC-related. Similarly, using self-organizing maps, Fernandez
et al. have yielded another semi-empirical capacity fade model, in which both tempera-
ture and DOD are identified to be the most related aspects of degradation [75]. In order
to study its ageing phenomenon under a realistic vehicle driving cycle, Cordoba-Arenas
et al. add another parameter into this model, which is the ratio of charge depleting time
to total driving time, tCD

tCD+tCS
[113].

However, Baghdadi et al. pointed out that Ah-throughput could lead to mistakes in sepa-
rating calendar ageing and cycle ageing [136]. Therefore, a total ageing expression with
only one ageing rate based on Dakin’s degradation approach was proposed and tested
over three different temperatures (30◦C, 45◦C and 60◦C) with three different SOC levels
(30%, 65% and 100%) for calendar ageing and four ageing factors including current,
charge throughput, temperature and DOD for cycle ageing. The ageing rate k is express
as :

k = e(a(T )×I) × e
cS OC

a × e
d
a × e

−b
aT (2.13)

The capacity is calculated by :
Q = Q0 · exp(±ktz) (2.14)
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where the time-dependent parameter z is determined by fitting the logarithm of battery
capacity fade according to (2.14) and it varies with different kinds of batteries. Similarly,
Schmalstieg et al. have considered the calendar ageing and cycle ageing separately with
different parameters [103]. The normalized capacity is expressed as :

Q = 1 − α(T,V) · tz − β(S OC, I,V) ·
√

Ah (2.15)

where α is the calendar ageing coefficient related to the temperature and voltage, while β
is the cycle ageing coefficient related to SOC, current, I and voltage, V.

Although semi-empirical models complete the problem by adding physical interpretations
of the ageing sources, the drawback is that they are highly dependent on the design of
ageing experiments [136].

2.3.3.4/ RESIDUAL LIFETIME MODEL

Estimating the residual lifetime of the battery is another approach to indicate the de-
gradation degree if the same conditions were maintained during its lifetime [172]. Some
researchers have proposed to use rainflow counting technique to estimate the lifespan of
the battery [145, 146]. The model is established based on cycle numbers and DOD. The
battery degradation is accumulated by counting the swapping SOCs. For example, the
effect of cycling is considered in [146] where the rainbow algorithm records the number
of charge/discharge cycles with different values of DOD until the end of life. The battery
lifetime (L) is calculated by :

L(year) = min
[
Lnom ·

1∑9
j=1(k · 365/L j)

]
(2.16)

where Lnom is the nominal value of battery’s cycle life with no degradation, k is the counted
charge/discharge cycle number according to the rainbow algorithm and L j is the pre-
defined number of life cycles for nine different values of DOD.

Besides, an empirical lifetime prediction model have been proposed in [51] takes into
consideration the influence of temperature, SOC as well as DOD, written as :

∆L1

L
=

∫
1

8760 · L(T + R· | P(t) |)
dt +

tmax − tch

8760 · L · T

−
tmax

8760 · L(Pmin · R + T )

(2.17)

∆L2

L
=

m · S OCavg − d
CFmax · 15 · 8760

(2.18)

∆L3

L
=

ET,used − ET,base

ET L
(2.19)

Equation (2.17) denotes the temperature-related degradation where P is the charging
power. L denotes either the power lifetime or the capacity lifetime which is inversely pro-
portional to the Arrhenius relationship (r = A · e−E/kT ). The second term and the third
term indicate the life expense of no charging plugging in and slow charging, respectively.
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Equation (2.18) suggests the SOC-related degradation where CFmax is the maximum ca-
pacity fade at the end of life and m and d are tuned parameters. Equation (2.19) is the
DOD-related degradation where ET L is defined as the lifetime energy throughput, ET,used

is the total change in the remaining energy throughput, and ET,base is the minimum energy
throughput required to recharge the battery [51]. This modelling method has also been
used in [150] as an analysis tool to demonstrate the effectiveness of the designed EMS.

2.3.3.5/ PARTIAL SYNTHESIS

Since batteries in HEVs usually have a limited life, health monitoring of battery is of consi-
derable importance. Numerous studies have been done to evaluate the health state of
the battery and to quantify the degradation in order to implement health management, as
summarized in Table 2.3. Nevertheless, battery’s ageing models on an experimental scale
or a simulation scale are insufficient to describe the battery in actual use because the
power profiles in automotive applications are completely random. Well-designed ageing
tests are helpful in developing models and saving time and costs. However, they can
hardly cover all operating conditions. Therefore, in order to develop an effective health-
conscious EMS, modelling and estimating battery’s ageing performance is one of the
most crucial problems to solve. Using the same structure of this section, the next section
gives an introduction to PEM fuel cell as well as its degradation modelling methods.

TABLE 2.3 – Summary of various battery degradation modelling methods

Model output Modelling method Advantages Disadvantages
SEI film thickness
model [41,83,168]

Electrochemical
model

Accurate with theoreti-
cal interpretations ;

Complicated ; difficult to
determine the parame-
ters and their ranges ;

Internal resistance
model [54,173]

Electrochemical
model/ Equivalent
circuit model

Calculated by the ins-
tantaneous behaviour
of the battery ;

Less accurate than the
electrochemical models ;

Capacity degrada-
tion model [27, 50,
58, 62, 69, 75, 87,
103, 105, 113, 136,
138,160,166]

Empirical/ Semi-
empirical model

Easy to implement ;
online and close-
loop ; able to perform
prognostics ;

Need of large experi-
mental dataset ; parame-
ters need to be tuned
each time with the chan-
ging of operating condi-
tions ; heavy computatio-
nal burden ;

Residual life model
[51,145,146,150]

Semi-empirical
model

Easy to implement ;
moderate complexity ;

Sensitive to operating
conditions ; least accu-
rate ;

2.4/ PEM FUEL CELL AND ITS DEGRADATION

2.4.1/ INTRODUCTION TO PEM FUEL CELL

2.4.1.1/ FUEL CELL OPERATION PRINCIPLE

Figure 2.11 shows the fuel cell operation principle, where the cell is fed with the fuel
(hydrogen) and air at the anode and cathode respectively. Hydrogen gas, with the help
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of a catalyst, separates into electrons and hydrogen ions. These ions flow to the cathode
through the electrolyte while the electrons flow through an external circuit (electricity is
generated). At the cathode, the hydrogen ions combine with oxygen (from the air) to form
water.

The reactions involved at the electrodes are :

2H2 → 4H+ + 4e− (2.20)

O2 + 4H+ + 4e− → 2H2O (2.21)

The general reaction equation of the system is :

2H2 + O2 → 2H2O + electricity + heat (2.22)

FIGURE 2.11 – Fuel cell operation principle

2.4.1.2/ STACK STRUCTURE

PEM fuel cell is widely used in vehicle applications since it has shown high power density,
relatively lower operating temperature (60-80 ◦C) and low corrosion compared to other
types of fuel cells [165]. According to Jouin et al., ”PEM fuel cell system” refers to a PEM
fuel cell stack and all its auxiliaries (reactant storages, pumps, power electronics, thermal
management system, etc.), while the stack is the part which converts the energy and is
referred as the fuel cell [152]. The stack contains several cells and one cell contains dif-
ferent components, namely, electrodes, membrane, gas diffusion layer (GDL) and bipolar
plate, as shown in Figure 2.12. All of these components may suffer from different pro-
cesses of degradation during usage, which is going to be discussed in the next section.

The stack is an energy converter. It cannot work alone but requires auxiliaries to supply
reactants, monitor the operating conditions and collect the electricity produced. The study
of this multi-physics system (stack + auxiliaries) can be very complex because of the
number of elements and their failures. Therefore, in this thesis, we suppose that this study
is limited to the stack and its subcomponents. The degradation mechanisms of different
components are described one by one in the next section.



44 CHAPITRE 2. GENERALITIES ON LITHIUM-ION BATTERY AND PEM FUEL CELL

2 bipolar plates to supply the gas and evacuate the effluents

2 gas diffusion layer to supply reactants to electrodes

2 electrodes

1 electrolyte (polymer membrane)

Cell 

Stack 

FIGURE 2.12 – Components in a PEM fuel cell stack

2.4.2/ DEGRADATION MECHANISMS

2.4.2.1/ BIPOLAR PLATES

The bipolar plates are the skeleton of the stack. They isolate the individual cells, conduct
the current between the cells, help in water and thermal managements but also provide
flow fields for incoming reactants and outgoing products. Three degradation mechanisms
intervene in bipolar plates : (1) corrosion leading to the production of multivalent cations
that impact seriously the durability of the membrane and the catalyst layers ; (2) appea-
rance of a resistive surface layer on the plates leading to a higher ohmic resistance ;
and (3) fractures or deformation of the plates accentuated by operational factors such as
thermal cycles, bad temperature distributions or non-uniform currents [152].

2.4.2.2/ GAS DIFFUSION LAYERS (GDL)

The GDL, with its porous nature, plays an essential role for assisting the reactions of hy-
drogen oxidation and oxygen reduction in the catalyst layers by allowing the reactant to
diffuse from the flow fields to the active sites. It facilitates water management in the cata-
lyst layer and the membrane by ensuring the diffusion of vapour water mixed with the reac-
tants and by evacuating liquid water out of the stack. The GDLs are electrically conductive
to ensure the electrons transfer from the catalyst layer to the bipolar plates. Because of
the major difficulty of separating the degradation of the GDL from that of the membrane-
electrodes assembly, most of the ageing studies on GDL are ex-situ. Three main changes
can be observed when the GDL degrades : (1) behaviour modifications regarding water
due to the loss of hydrophobicity and changing of the carbon surface ; (2) changes in
the GDL structure due to the carbon corrosion and the mechanical constraints ; and (3)
changes in the electrical and thermal resistance combined with a loss of porosity [152].
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2.4.2.3/ ELECTRODES

The electrodes are composed of two layers : a catalyst layer and a support for that layer,
the carbon support. A conventional catalyst layer is made with platinum (Pt) nanoparticles
supported by a surface of black carbon in close contact with a controlled quantity of io-
nomer (membrane material). The carbon support allows the nanoparticles to have a high
dispersion (2-3 nm) and provides a porous structure electronically conductive. Two main
families of phenomena are responsible for the loss of performance with the electrodes :
the catalyst layer degradation and the carbon support degradation. Together these phe-
nomena lead to a loss of active area of the electrode and its consequent loss of electro-
chemical activity. Among them, we can find : (1) the dissolution and diffusion of Pt through
the ionomer, re-deposit on other particles forming bigger particles or diffusion through the
membrane to create a band ; (2) the carbon corrosion into dioxide and consequent disin-
tegration of the catalytic layer leading to Pt agglomeration and to the formation of oxides
on the carbon surface ; (3) the generation of reactive species as the hydrogen peroxide
(H2O2), radicals of hydroperoxyl (•OOH) and radicals •OH causing the degradation of the
membrane ; and (4) reversible and irreversible adsorption of contaminants from air, reac-
tants or products from other components degradation. It should be noticed that the impact
of the degradation is not the same for both electrodes (anode at the hydrogen input or
cathode at the oxygen side). The anode remains almost unaffected by the dissolution,
oxidation and agglomeration of Pt, whatever the conditions. By contrast, the cathode is
very impacted and this results in a loss of active area in time. It is aggravated by potential
and temperature cycles [152].

2.4.2.4/ MEMBRANE

The membrane has several roles in the cell. First, it allows the protons transport from the
anode to the cathode thanks to its hydrophilic and hydrophobic domains. Then, it acts as
a separation between the fuel and the air. A good membrane must have excellent proton
conductivity, thermal and chemical stability, good mechanical resistance, flexibility, low
permeability to gases and low water drag. To consider the membrane’s degradation, [63]
proposes three categories : (1) Chemical degradation : direct attacks of the polymer by
radical species leading to the decomposition of the membrane ; (2) Mechanical degra-
dation : membrane fracture caused by cycled constrains or fatigue imposed by varying
temperature or humidity ; (3) Shorting : an electronic current goes through the membrane
because of an over-compression of the cell or topographical irregularities of the neighbou-
ring components leading to local over-compression and creep. In addition, the membrane
also suffers from thermal degradation characterized by the decrease of proton conducti-
vity at high temperatures, and gas crossover, which will lead rapidly to the death of the
stack due to a combustion reaction when a great quantity of hydrogen crosses and meets
oxygen [152].

2.4.2.5/ SEALING GASKETS

The assembly of the membrane and electrodes includes sealing components to prevent
hydrogen and air to mix but also to leak out of the stack. All the components should be
perfectly aligned to maintain the appropriate closing pressure. This is important to reduce
the contact resistances but also to avoid an over-compression of the GDLs.
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To summarize, the degradation mechanisms on each component are listed in Table 2.4.

2.4.3/ PEM FUEL CELL DEGRADATION MODELLING AND ESTIMATION

As we know, degradation happening on each area of the fuel cell stack cannot reach the
same degree, for example, cells near the edges tend to degrade faster [151]. Besides, if
we consider degradation on the component level, the degradation between component
and auxiliaries cannot be covered and the parameters are hard to obtain. Therefore, fuel
cell degradation is generally modelled on the stack level. Various modelling methods have
existed in the literature based on its ageing mechanisms.

Similar to the modelling of battery’s degradation, there are data-driven methods and phy-
sical model-based methods to estimate the degradation of PEM fuel cell. Data-driven
methods depend on the features extracted from the data but once the operating condi-
tion changes, the parameters need to be adjusted from time to time [149, 176]. Physical
models consider the internal reactions of fuel cell’s performance degradation, such as
the decline of the carbon support, the surface area loss of Pt, etc. However, the degra-
dation process in vehicle applications is much more complex and hard to be expressed
by a theoretical model and the identification of the inner parameters is difficult to rea-
lize [53, 132]. The following part of this section reviews several modelling methods that
have been applied in vehicle applications. The purpose is to find the most effective and
implementable methods that could be used to develop an EMS to improve the health
management of the fuel cell.

2.4.3.1/ STACK VOLTAGE DEGRADATION MODEL

The stack voltage drop of the fuel cell is the most principle change so that the output
voltage is widely used to demonstrate the degradation phenomenon [167]. Pei et al. have
proposed to use the cycle information to calculate the stack voltage degradation, expres-
sed as [30] :

Vstack = Vrate · D f c (2.23)

D f c = kp(P1n1 + P2n2 + P3t1 + P4t2) (2.24)

where D f c is the degradation rate, kp is the accelerating coefficient, P1-P4 are the de-
gradation rates resulting from load change, start/stop, idling and high power demand,
respectively, and n1, n2, t1, t2 denotes the times of load change, the times of start/stop
switches, the time for idling and the time of high power demand, respectively. This model
tries to contain the driving conditions in the modelling of fuel cell degradation process. For
example, on the electrodes, low current may cause degradation in the catalyst layer while
the frequent transition of start-up and shut-down and fuel starvation may cause carbon
corrosion on the carbon support layer. Chen et al. and Xu et al. have used this model
with the real running data of a PEM fuel cell vehicle to analyse the fuel cell’s degradation
under different driving conditions [107, 110]. However, once tuning of the parameters of
this model only works for a specific driving cycle so that it is hardly applicable to general
cases.
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Fletcher et al. have specified the influence of demanded power on degradation causes
and calculated the degradation rate which penalized stack voltage according to the
change of power demand [143]. For example, following equations have represented the
proportion of fuel cell’s performance drop :

D1 =

{ 1
nmax

,if PFC,t+1 > 0
∧

PFC,t < 0
0 ,otherwise

(2.25)

D2 =

{ 1
tmax
×

PFC−0.8Pmax
0.2Pmax

,if PFC > 80%Pmax

0 ,otherwise
(2.26)

where nmax denotes the maximum start/stop switches estimated by the manufacturer, Pmax

denotes the rated power and tmax is the maximum lifetime of the fuel cell under Pmax.
D1 have penalized stack voltage whenever the demanded power drops below 0W, which
represents the degradation causing by non-uniform fuel distribution due to fuel cell’s start-
up/shut-down cycling. Another penalty D2 happens when the demanded power is over
80% of the rated value and is assumed to be linear. This degradation rate represents the
reactant starvation and thermal degradation of membrane causing by successive high
power demand [142].

Besides, Ettihir et al. have proposed to use a semi-empirical model to present the de-
gradation of the stack voltage by measuring both the current and the voltage of the fuel
cell [14,141]. The model is represented as :

Vstack = V0 − b log (i f c) − ri f c + αiσf c log (1 − βi f c) (2.27)

where V0 denotes the open circuit voltage, b denotes the Tafel slope, r denotes the ohmic
resistance and β denotes the inverse of the limiting current. α is a parameter related to
the diffusion mechanism while σ is related to the water flooding phenomena. Since the
identified model is a semi-empirical one, a trade-off is made between its physical meaning
and calculation cost.

2.4.3.2/ IMPEDANCE ESTIMATION BASED ON EIS

Electrochemical impedance spectrometry (EIS) is a powerful tool to characterize the phe-
nomenon inside the fuel cell and evaluate the fuel cell degradation [85]. EIS is carried
out by adding a small sinusoidal perturbation on the nominal current and the impedance
is calculated as a ratio between the response and the perturbation. Compared to polari-
zation, the total energy and experimental duration of EIS measurement are significantly
reduced, which makes it a promising tool for estimating the performance of the fuel cell
without invasion [89]. Different operation conditions or different degrees of system ageing
will lead to the change of spectrum shape. To demonstrate that change, Nyquist plots are
widely used to indicate the degradation by the derivation of the arcs. Using EIS together
with Nyquist plots has made it possible to characterize PEM fuel cell and to study its static
and dynamic behaviours regarding performance losses. Figure 2.13 gives an example of
a group of impedance plots, which are recorded during the ageing tests on a fuel cell
stack. Using the extracted feature from the EIS plots, one can estimate the operation time
of the fuel cell stack, which could be regarded as the indicator of its health state [53].
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FIGURE 2.13 – Evolution of the impedance spectra [53]

Cadet et al. [89] have proposed the guidelines of using EIS as a diagnostic tool regarding
flooding and drying faults of fuel cells and to analyse experimental data with Bayesian
networks. Moreover, using EIS with Nyquist evolution plots, Hissel et al. have selected
two values (the difference between polarization resistance and internal resistance of the
considered fuel cell stack and the maximal absolute phase value of the Nyquist plot) from
the Nyquist plots to indicate the fuel cell degradation [23].

2.4.3.3/ REMAINING USEFUL LIFE ESTIMATION

Unlike battery capacity, fuel cell health in prognostics field is usually defined by its voltage
or power performance, which means it suffers from more dynamics. Therefore, various
efforts have been made to estimate the RULs of the fuel cell through state estimation and
prognostics approaches, instead of estimating the voltage directly. For example, Xian et
al. have proposed to use an unscented Kalman filter to estimate the degradation rate of
the electrochemical surface area and the RUL of the stack [70]. Besides, when conside-
ring characterization disturbances and voltage recovery, Jouin et al. have used a particle
filter framework to estimate the fuel cell’s power degradation and the RULs based on a
logarithmic expression [97]. Bressel et al. have proposed to use a degradation factor to
represent the degradation phenomenon in the fuel cell voltage. Thanks to this degrada-
tion factor, fuel cell degradation could be estimated and tracked whatever the operation
conditions are [137]. Furthermore, echo-state networks [82] and adaptive neuro fuzzy
inference system (ANFIS) [104] are another two data-driven prognostics methods that
have been used to estimate the health state of the fuel cell. However, these data-driven
methods have not yet been combined to the energy management of hybrid vehicles due
to the large calculation cost and low generality for different road conditions.

Another RUL estimation method proposed in [25] has used a surrogate model to present
the Pt catalyst diffusion degradation rate. Response surface methodology (RSM) has
been used to develop such a surrogate life model in a statistical framework. With the
analysis through Pareto plots and scatter plot matrix, the upper potential limit of the fuel
cell is found to be the most controllable variable to the Pt catalyst diffusion, following by
cycle numbers. This work has indicated that the durability of the fuel cell system can be
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improved by operating at a relatively low potential with limits number of start/stop cycles.

2.4.3.4/ PARTIAL SYNTHESIS

The degradation of the PEM fuel cell in HEVs is inevitable which has a significant in-
fluence on the durability of the system. The above-mentioned methods of degradation
modelling, together with their advantages and disadvantages, are compared in Table 2.5.
However, in the literature, when it comes to design a health-conscious EMS, the degra-
dation of the fuel cell is usually considered using a rough model which is not accurate
and cannot be generalized to all driving conditions [107, 127, 149]. This is mainly due to
the complex structures and reactions of the fuel cell and the difficulties in the modelling.
Although some prognostics works have been done to evaluate the health state of the fuel
cell but post-prognostics decisions, or in other words, the part of the control configuration
is lacking. Therefore, it gives us the possibility to design a health-conscious EMS based
on state estimation and prognostics, which could not only solve the modelling problems
but also realize the automatically corrective control.

TABLE 2.5 – Summary of various fuel cell degradation modelling methods

Model output Modelling method Advantages Disadvantages
Stack voltage
degradation mo-
del [30, 107, 110,
142,143]

Model-based/ hy-
brid method

Easy to implement ; dis-
closure of the influences
of related factors the
health state ;

Less accurate ; stron-
gly dependent on ex-
periment data (low ge-
nerality) ;

EIS impedance es-
timation [53,85,89]

Data-driven/
model-based
method

Non-invasive ; easy to
implement ; good per-
formance in diagnostics
field ;

Incapable of directly
solving SOH estima-
tion issues ;

RUL estimation [25,
70,82,97,104,137]

Data-driven/ Hy-
brid method

Robust to uncertainties
and operation condi-
tions ; able to perform
prognostics ;

Large experimental
datasets ;

2.5/ SYNTHESIS

This chapter has firstly justified that fuel cell hybridization is necessary for automotive
applications to benefit from the high power density and braking energy recovery ability
of battery-like energy storage system. Then, lithium-ion battery and PEM fuel cell have
been discussed separately towards the degradation and durability issues based on the
hypothesis that the interaction between them in a hybrid system is neglectable. Opera-
tion principles and ageing mechanisms of the lithium-ion battery and PEM fuel cell are
discussed in Section 2.3 and Section 2.4. Then various degradation modelling and esti-
mation methods are reviewed based on the literature. They are summarized according to
the outputs of the model.

Lithium-ion battery degradation model includes :

— SEI film thickness model
— Internal resistance model
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— Capacity degradation model
— Residual lifetime model

while PEM fuel cell degradation modelling method includes :

— Stack voltage degradation model
— Impedance estimation based on EIS
— Remaining useful life estimation

Advantages and disadvantages of each model are analyzed and it can be seen that mo-
dels built based on electrochemical characteristics are complicated and highly dependent
on the type of batteries and fuel cells. They are not suitable to be used in developing
health-conscious EMSs. State estimation is a promising way in diagnostics and prognos-
tics field, which is easy to implement without complicated models. There are some pro-
gnostics works that have been done to evaluate the health states of the power sources
and achieved good results both for the battery and the fuel cell. This gives a chance for the
researchers to consider combining the prognostics results when developing EMSs. From
a PHM point of view, post-prognostics decisions, i.e., the management aspect of PHM
is about to draw attention. Following that, various activities, ranging from data collection
through the recommendation of specific control actions, must be carried out.

In the next chapter, the prognostics of both lithium-ion batteries and PEM fuel cells in the
hybrid system are studied. State estimation and prognostics based on particle filtering
algorithms are going to be presented based on various datasets. Results are analyzed to
verify the possibility of developing a health-conscious EMS based on prognostics.
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3
HYBRID SYSTEM PROGNOSTICS
BASED ON PARTICLE FILTERING

3.1/ INTRODUCTION

PHM has been a recent dynamic discipline to master the lifespan of industrial systems. To
improve the durability of fuel cell hybrid electric vehicles, PHM has been proposed to be
combined with EMS in hybrid systems in order to complete the decision-making process.
Before developing the EMS, a prognostics phase must be achieved, which can enable
predictive maintenance by predicting the future RUL based on the information obtained in
the first four layers of PHM. Different from the diagnostics layer, which deals with fault de-
tection, isolation and identification when the fault has already occurred, prognostics must
be able to estimate how soon the fault will occur. Based on this knowledge, sequence
actions could be taken to save the system, or al least slow down the failure process.

Based on the degradation knowledge described in the last chapter for the hybrid system,
this chapter introduces a particle filtering based prognostics method to estimate and pre-
dict future health state for fuel cell and battery. First, some generalities of prognostics are
explained. Implementing prognostics on an HEV is different from other applications be-
cause the vehicle operation conditions are random and dynamic. Therefore, it is of great
significance to adapt the essential prognostics requirements to this application. Although
no one knows the real failure time of an operating system, offline evaluation metrics are
necessary for the design phase of an algorithm, which are used to assess the prognos-
tics results. Then, to estimate the RULs, particle filtering-based approach is chosen as
the methodology in our context of prognostics. Particle filtering is a powerful recursive
state estimation approach to solve nonlinear and non-Gaussian problems by allocating
weights to the particles. It could be adapted for prognostics purpose by propagating the
particles to the future unknown states even without measurements and it is widely used
in the prognostics applications for predicting the health state of batteries and fuel cells.

To verify the effectiveness of the prognostics method in vehicle applications, historical
datasets from different degradation experiments are chosen to imitate the dynamic ope-
ration of batteries and fuel cells in hybrid systems and an assumption is made that the in-
teraction between them is neglectable. Particle filtering is implemented on these datasets
and adapted with empirical models for the degradation path estimation and prediction.
Besides, the influence of data quality and volume are believed to be interesting aspects
for online prognostics applications. They are investigated by changing the prognostics
horizon and raw data sampling time in this study.

55
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The contents of this chapter are arranged as follows : Section 3.2 introduces the gene-
ralities of prognostics including prognostics requirements, offline performance evaluation
metrics and a short review of various prognostics methods. A particle filtering framework
adapted for prognostics purposed is presented in Section 3.3 and the degradation data
of the fuel cell and the battery are prepared in Section 3.4, which is used to represent the
dynamic operations of the hybrid electric vehicle. Prognostics results by particle filtering
method are demonstrated and evaluated in Section 3.5 and a multi-time scale analysis is
presented at the last of this chapter.

3.2/ GENERALITIES ON PROGNOSTICS

3.2.1/ REQUIREMENTS ON PROGNOSTICS

3.2.1.1/ ADEQUATE PROGNOSTICS HORIZON

Prognostics horizon quantifies how much in advance an algorithm can predict before a
failure occurs. As shown in Figure 3.1, the prognostics horizon is calculated by the diffe-
rence between the time index tλ when the predictions first meet the specified performance
criteria (within the acceptable error margins) and the time index for EOL :

Prognostics horizon = EOL − tλ (3.1)

As discussed earlier, the prognostics approaches developed here are intended for
decision-making related to the re-planning of power distribution of the hybrid system.
As a system approaches a failure threshold, the prognostic horizon to take a corrective
action becomes shorter, and consequently, the accuracy of predictions becomes more
critical for decision-making. Therefore, a longer prognostics horizon is preferred as more
time is then available for preventive or corrective actions. But how to define this ”longer
prognostics horizon”? It should be defined that how much time we need to predict the
RUL and perform the following management actions. According to [151], the planning of
the operations, the delay to obtain spare parts and the maintenance realization are ta-
ken into consideration. For example, it gives a total duration between 12 and 29 days,
which gives the prognostics horizon with a duration between 300 and 700 hours to be
considered as a good performance for the fuel cell system.

3.2.1.2/ ACCEPTABLE ERROR MARGINS

The error margin of a width of 2α shrinks with the prediction time index tλ, which creates
an accuracy zone covering the true residual life RUL∗, as shown in Figure 3.1. The upper
bound of the accuracy zone α+ is calculated by

α+ = RUL∗λ ∗ (1 + α) (3.2)

while the lower bound of the accuracy zone α− is calculated by

α− = RUL∗λ ∗ (1 − α) (3.3)
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FIGURE 3.1 – Time vs. RUL plot with the accuracy zone

where RUL∗λ is the median value of predicted RULs at the prediction time tλ.

Regarding the RUL estimates ( ˆRUL), there are two cases : (1) the estimate is smaller
than the actual RUL ( ˆRUL < RUL∗), it is an early prediction, or (2) the estimate is greater
( ˆRUL > RUL∗), it is a late prediction. The acceptable error is the same in each case.
Indeed, by validating a prediction with a consequent delay, one may risk a complete shut-
down of its power source. Therefore, one may propose to allow a maximum error of 8%.
The case of the early prediction allows more flexibility. It is proposed to set the early
prediction limit at 16% of the actual RUL [151].

3.2.1.3/ ALLOWABLE UNCERTAINTY

The uncertainties are represented by the probability density function (PDF). The estima-
tion uncertainty is represented by a confidence interval (CI) and the median value of the
PDF is commonly chosen to represent the estimated point values in PHM. As shown in
Figure 3.1, the upper bound and lower bound of the boxplot represent the upper and lo-
wer confidence interval, respectively. According to Jouin et al. [151], to ensure that the
prognostics results are reliable, the uncertainty on the RUL estimates should be constrai-
ned in a 5% interval. Nevertheless, a confidence interval of 10% allows asserting that the
predictions are quite satisfying but can be improved.

3.2.2/ OFFLINE PROGNOSTICS PERFORMANCE EVALUATION

Prognostics performance evaluation is a tricky issue since it is an acausal problem, which
requires the inputs from what is expected to happen in the future, while in real cases
no one knows the real end of life of the system [36]. However, to help the development
of the prognostics algorithm, it is important to propose a series of evaluation metrics by
providing a way to measure the performance and obtaining feedback. Once these metrics
are fined tuned, one can extend these concepts to the online evaluation.
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3.2.2.1/ PROGNOSTICS HORIZON

Prognostics horizon (PH) is used to evaluate whether a prognostics algorithm is good
to leave enough duration for the future corresponding operation based on the prognos-
tics results. Figure 3.2 is an illustration of the prognostics horizon while comparing two
algorithms based on point estimates [43]. The prognostics horizon for an algorithm is de-
clared as soon as the corresponding prediction enters the accuracy zone. As is evident
from the illustration, the second algorithm has a longer prognostics horizon (PH2). This
metric indicates whether the prognostics results are within specified limits around the ac-
tual RULs so that the predictions are considered trustworthy. Therefore, when comparing
algorithms, an algorithm with a longer prediction horizon would be preferred.

FIGURE 3.2 – Illustration of prognostics horizon while comparing two algorithms based
on point estimates [43]

3.2.2.2/ α − λ ACCURACY

This metric quantifies prediction quality by determining whether the prediction falls within
specified limits at particular times. It further tightens the desired accuracy levels using a
shrinking cone of the desired accuracy as EOL approaches. α − λ accuracy is defined as
a binary metric that evaluates whether the prediction accuracy at specific time instance tλ
falls within specified α− bounds ([α+, α−]) :

α − λ accuracyλ =

{
1, i f α+ ≤ ˆRUL ≤ α−

0, otherwise
(3.4)

where α+ and α− are calculated by (3.2) and (3.3).

3.2.2.3/ RELATIVE ACCURACY

Relative accuracy, denoted as ReAcc is defined as a measure of error in RUL prediction
relative to the actual RUL at a specific time index tλ :
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ReAccλ = 1 −
|RUL∗λ − ˆRULλ|

RUL∗λ
(3.5)

Different to the α− λ accuracy indicating only the estimates falling into the accuracy zone
or not, the relative accuracy indicates quantitatively the accuracy level. A large value of
relative accuracy represents better accuracy.

3.2.2.4/ PRECISION

To indicate the precision of the RUL estimates, a precision index is defined based on the
relative width of the prediction interval, written as :

Precisionλ =
ˆRULCI+

λ − ˆRULCI−
λ

RUL∗λ
(3.6)

where ˆRULCI+
λ and ˆRULCI−

λ are the upper and lower bounds of the confidence interval
of the estimated RULs distribution. Obviously, smaller values of Precisionλ indicate more
precise predictions.

3.2.3/ PROGNOSTICS METHODS

Different approaches to implement the prognostic process can be distinguished in the
literature. In most of the recent works, the prognostic approaches are commonly catego-
rized into three major types : 1) Model-based methods ; 2) Data-driven methods and 3)
Hybrid methods [109,174].

3.2.3.1/ MODEL-BASED METHOD

Model-based prognostics method is to develop mathematical equations that include
many physical parameters to predict the physics governing failures. Many researchers
have used precise electrochemical models to predict the power sources’ health states
[20, 26, 41, 85]. An accurate mathematical model can benefit the prognostics process,
where the difference between the output from a mathematical model and the real output
of the system can be used to find the anomalies, malfunctions, disturbances, etc [174]. A
diagram of a typical model-based method is shown in Figure 3.3.

Lechartier et al. have proposed a PEM fuel cell model for prognostics purpose, which
composed of a static part and a dynamic part. The static part is developed based on the
Butler-Volmer law that takes into account the activation loss at the cathode and the anode.
The parameters in the static model can be identified by fitting it to the polarization curves,
while the dynamic model is developed according to the impedance of an equivalent cir-
cuit model and its parameters can be identified by fitting it to the EIS spectrum [119]. This
approach is therefore dedicated to the specific applications that were developed and rely
on the assumption that the behaviour of the system can be described analytically while
remaining accurate. However, the lithium-ion batteries, as well as the PEM fuel cells are
dynamic, time-varying and nonlinear electrochemical systems, the internal reactions and
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FIGURE 3.3 – Typical process of model-based prognostics method [174]

failure modes are very complicated, which may change under different operation condi-
tions. Therefore, physical models or mathematical models are difficult to be built to pre-
cisely describe the mechanism of the system degradation and failure modes [122]. Even
if the physical model is available, under most situations, for a real system, it is difficult
(even impossible) to obtain the dynamic model in the analytic form to integrate the degra-
dation phenomenon. Besides, the model built for one application cannot be transferred to
another application.

3.2.3.2/ DATA-DRIVEN METHOD

Data-driven models rely only on previously observed data to predict the projection of a
system’s state or to match similar patterns in the history to infer the RULs [99]. Using data-
driven prognostics methods, the system is considered as a black box. No precise physical
model is required. Different from model-based methods, data-driven methods can reflect
the inherent relationships by learning the historical and monitoring data and then predict
the future trend. Thus, this approach gradually becomes the main methodology for battery
and fuel cell prognostics due to the easy-to-use and flexible modelling properties [122].
Methods used for battery prognostics mainly include support vector machine [84], neural
network [47], gaussian process [27], etc. For fuel cell prognostics, echo-state networks
[82] and adaptive neuro fuzzy inference system (ANFIS) [104] have been used to predict
fuel cell’s RULs. Besides, Javed et al. have used a constraint-based summation wavelet-
extreme learning machine to learn the system behaviour directly from the data and to
train a single layer feedforward neural network [117]. The structure of this data-driven
method is shown in Figure 3.4. One of the limitations of data-driven method lies in the
confidence level of the training data. Data-driven approaches highly depend on historical
data to determine correlations, establish patterns and evaluate data trends leading to
failure [161, 174]. Besides, results of data-driven methods are not easy to explain since
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there is no physical meaning, therefore, in prognostics applications, there will be some
challenges in determining thresholds and solving the over-fitting issues [99].

FIGURE 3.4 – Summation wavelet-extreme learning machine algorithm [117]

3.2.3.3/ HYBRID METHOD

The hybrid methods are the combination of the two previous types. This method involves
the knowledge of a system’s failure mechanisms to build a mathematical description of
the system’s degradation process to estimate the RULs, while the parameters changing
over time are estimated by learning approaches. For example, the lithium-ion battery
is commonly modelled by equivalent circuit model, while the prognostics of lithium-ion
battery is executed by solving state space models through some filtering algorithms :
extend Kalman filter, unscented Kalman filter, particle filter, etc [48,80,100,109,114,134].
In [48], the data-driven part has been accomplished by a Gaussian process regression
using an exponential degradation model with two parameters estimated online. Then,
RULs are predicted by an extended Kalman filter and a particle filter, while the par-
ticle filter method has shown the best performance. Besides, unscented Kalman filter
and particle filter are also found to be used to perform prognostics on PEM fuel cells
in [70,135,153]. A prognostics process based on particle filter is shown in Figure 3.5. The
hybrid prognostics method based on particle filter uses a set of available measurements
to learn the state or the behaviour of the system and then predicts its future state of
health and remaining useful life. The learning could be model-based, data-driven or a
combination of both because both physical models and data can be incorporated into the
framework with a state vector model [155]. The aim of the hybrid method is to overcome
the limitations of model-based and data-driven methods to estimate the RULs. However,
the drawbacks of both methods are also accumulated : it is necessary to have both a
precise model description and a sufficient database. Thus, the costs of implementation
are getting heavier.

Indeed, the ageing processes of the lithium-ion battery and PEM fuel cell are nonlinear
and non-Gaussian, which are preferably represented by state space models. In this study,
the particle filter is then chosen as a prognostics tool to predict the RULs of the power
sources as the recursive Bayesian algorithm are well suited to solve the real-time estima-
tion and the Monte-Carlo method could generate a probabilistic output which is conve-
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FIGURE 3.5 – Particle filtering-based prognostics method [155]

nient to represent the uncertainty of the outputs. The prognostics procedure through par-
ticle filtering is going to be described in details and demonstrated by historical datasets.

3.3/ PROGNOSTICS IN A PARTICLE FILTERING FRAMEWORK

3.3.1/ NONLINEAR BAYESIAN TRACKING

Particle filtering is a recursive state estimation technique for nonlinear and non-Gaussian
problems. As unknown states from noisy observations are going to be estimated with
available prior knowledge, nonlinear Bayesian tracking approach is described before loo-
king into the depth of the particle filtering prognostics.

3.3.1.1/ MODEL FORMULATION AND SELECTION

The Bayesian tracking approach provides a framework which can estimate the parame-
ters or the state of a nonlinear stochastic system using noisy measurements as observa-
tions. At least two models are required for describing the system : first, a model describing
the evolution of the state with time (the system model) and, second, a model relating the
noisy measurements to the state (the measurement model) [13].

The state model describes the transition of the states, noted as xk, xk ∈ N. The states are
modelled by a Markov process with a initial distribution p(x0) and a probabilistic model
p(xk|xk−1). It has to be noticed that a Markov process is a stochastic process with the
Markov property, i.e. the conditional probability distribution of future states only depends
from the current state. The commonly used discrete representation of the state model is
written as :

xk = f (xk−1,uk,wk)↔ p(xk|xk−1) (3.7)

where uk is the command input of the system and wk is process white noise, non-
necessarily Gaussian.

The measurement model relates the noisy measurements to the states. The sequence
of measurement is written as zk, zk ∈ N. zk is assumed to be conditionally independent to
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the process and of marginal distribution p(zk|xk) [155]. To be used in a Bayesian tracking
problem, the measurement model is written as :

zk = h(xk−1, vk)↔ p(zk|xk) (3.8)

where vk is the measurement white noise, non-necessarily Gaussian.

According to the literature, the degradation of a lithium-ion battery is characterized by the
decrease of the capacity over repeated charge/discharge cycles. As the battery ages,
the maximum available capacity will decrease. Based on the regression analysis of the
experimental data, several models are usually deployed to approximate battery’s capacity
degradation path. Goebel et al. have used a sum of two exponential functions to model the
increase of internal impedance due to solid electrolyte interface thickening with time [27].
As battery capacity degradation is closely related to the internal impedance increase,
potential models for capacity degradation can also be exponential models. Following up
Goebel et al.’s work, He et al. have experimentally demonstrated that the sum of two
exponential functions can well describe the capacity degradation trend of many different
batteries, which is frequently used in the studies of prognostics on batteries [50,80,134].
It is composed of a sum of exponential functions of discharge cycles, which can well
describe the capacity fade trend of different batteries :

Q(k) = α1 · exp(α2 · k) + α3 · exp(α4 · k) (3.9)

A second-order polynomial regression model has been used in [52] to describe the capa-
city degradation, written as :

Q(k) = β1 · k2 + β2 · k + β3 (3.10)

Xing et al. have developed another ensemble model based on He et al’s exponential
model and the polynomial model, which has a better regression characteristic over the
whole battery life than the existing empirical models [87]. It is expressed as,

Q(k) = γ1 · exp(γ2 · k) + γ3 · k2 + γ4 (3.11)

Moreover, as the capacity noisy measurements are available, there is no need to
construct a particular measurement function and no need to add additional noise. Si-
milarly, the voltage drop of the fuel cell is usually chosen as an indicator of its degra-
ding states. Consequently, the state model represents the voltage evolution through time.
Commonly used regression models are one or two order polynomial model and exponen-
tial model, logarithmic model, etc. [70,96,97] :

V(t) = a1 · t2 + a2 · t + a3 or a1 · t + a2 (3.12)

V(t) = b1 · exp(b2 · t) + b3 · exp(b4 · t) or b1 · exp(b2 · t) (3.13)

V(t) = c1 · ln(t) + c2 · t (3.14)
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The linear model is commonly used in the literature to represent the fuel cell voltage drop
during ageing through time, but it does not take into account what happens at the begin-
ning and end of life. This can be solved by using either an exponential or a logarithmic
function [96].

3.3.1.2/ BAYESIAN UPDATING APPROACH

From a Bayesian perspective, the tracking problem is to recursively estimate the proba-
bility distribution of the state xk at time k by constructing the probability density function
(PDF) p(xk|z1:k), given the available measurement z1:k up to time k. It is assumed that the
initial PDF p(x0|z0) = p(x0) is available. Then, p(xk|z1:k) can be obtained by two stages :
prediction and update.

Prediction Prediction stage uses the state model (3.7) to estimate the current state at
time k with the prior PDF p(xk−1|z1:k−1) according to Chapman-Kolmogorov equation :

p(xk | z1:k−1) =

∫
p(xk | xk−1)p(xk−1 | z1:k−1)dxk−1 (3.15)

Update At time k, a measurement zk is available, which is used to update the prior PDF
to obtain the posterior density of the current state via Bayes’ rule :

p(xk | z1:k) =
p(zk | xk)p(xk | z1:k−1)

p(zk | z1:k−1)
(3.16)

where the normalizing constant

p(zk | z1:k−1) =

∫
p(zk | xk)p(xk | z1:k−1)dxk (3.17)

depends on the likelihood function defined by the measurement model (3.8) and the
known statistics of vk. In the update stage (3.16), the measurement zk is used to mo-
dify the prior density to obtain the required posterior density of the current state [13].

This forms the optimal Bayesian solution. However, it is only a conceptual solution : in
general, it cannot be determined analytically [13]. For that purpose, a whole family of filte-
ring tools exists ranging from the Kalman filter and its variations (extended Kalman filter or
unscented Kalman filter), histograms and particle filters. The choice between these filters
depends on the dynamics of the system and the shape of the noise distributions [155]. A
non-exhaustive classification has been proposed in [55], as shown in Figure 3.6.

Among these Bayesian methods, Bayesian estimation with the particle filtering is found
to be neither limited by either linearity nor Gaussian noise assumption. Particle filtering-
based approaches are more and more employed for prognostics purposes and a thorough
discussion of using this method for prognostics is found in [155].
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FIGURE 3.6 – A selection of methods for calculating a posteriori distribution [55]

3.3.2/ IMPLEMENTING PROGNOSTICS BY PARTICLE FILTERING

3.3.2.1/ SEQUENTIAL IMPORTANCE SAMPLING (SIS)

Sequential importance sampling (SIS) is the basis of implementing particle filtering. It is a
Monte-Carlo method that approximates the probability distribution of the system state ba-
sed on a set of samples and associated weights. The state estimates are calculated using
these samples and their weights. As the number of the samples becomes very large, this
Monte-Carlo characterization becomes an equivalent representation to the usual functio-
nal description of the posterior PDF p(xk | z1:k).

A discrete form of the state space given by the discrete weighted approximation is written
as [13] :

p(x0:k | z1:k) ≈
N∑

i=1

ωi
kδ(x0:k − xi

0:k) (3.18)

The weights are normalized as
∑
ωi

k = 1 and chosen according to the principle of impor-
tance sampling. Suppose p(x) ∝ π(x) is a probability density from which it is difficult to
draw samples but for which π(x) can be evaluated. xi ∼ q(x), i = 1, 2, ...,N are the samples
generated from a proposal q(·) called importance density [13]. The weighted approxima-
tion to p(·) is written as :

p(x) ≈
N∑

i=1

ωiδ(x − xi) (3.19)
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where ωi ∝ π(xi)
q(xi) .

Therefore, at each iteration, the samples constitute an approximation to p(x0:k−1 | z1:k−1)
and will approximate p(x0:k | z1:k) with a new set of samples. According to

q(x0:k | z1:k) = q(xk | x0:k−1, z1:k)q(x0:k−1 | z1:k−1) (3.20)

one can derive the weight update equation :

ωi
k ∝ ωi

k−1

p(zk | xi
k)p(xi

k | x
i
k−1)

q(xi
k | x

i
k−1, z

i
k)

(3.21)

and the posterior density [13] :

p(xk | z1:k) ≈
Ns∑
i=1

ωi
kδ(xk − xi

k) (3.22)

3.3.2.2/ PRINCIPLES OF PARTICLE FILTERING

Based on the above described SIS, the detailed steps of implementing SIS-type particle
filtering are described as follows :

1. At the first stage (k = 1), the initial state x0 is split into n samples, called particles,
which represent the initial distribution PDF p(x0) ;

2. Propagate the n particles representing the system state PDF from xk−1 to xk by the
state model (3.7), and a new PDF is obtained ;

3. For each particle, estimate the associated weight by calculating its likelihood based
on a newly available measurement zk :

L(zk|xk, σvk ) =
1

√
2πσvk

exp(−
(zk − xk)2

2σ2
vk

) (3.23)

This calculation allows attributing weights at each particle according to the likeli-
hood. Particles with higher weights represent the most probable states ;

4. After several iterations, the particles with low weights become too numerous, which
influence the prediction step. Therefore, a resampling process is performed to re-
move the particles with small weights according to a given weight limit and replica-
ted those with large weights ;

5. The posterior PDF built using resampling in the above step is used as the prior for
the following iteration ;

6. The process is repeated until no measurement is available.

The entire process of implementing particle filtering is illustrated in Figure 3.7.
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FIGURE 3.7 – Operation principle of particle filtering [96]
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3.3.2.3/ PARTICLE FILTERING FOR PROGNOSTICS PURPOSE

For prognostics purpose, the states of the system are supposed to be learned by the avai-
lable measurements and then be expected to predict the SOH and RUL without new mea-
surements. Choosing particle filtering to perform prognostics, during the learning phase,
it works as described above. The behaviour of the system is learned and the unknown
coefficients in the state model are adjusted based on the measurements, as shown as
the ”LEARNING” phase in Figure 3.8. Once no measurement is available, only the state
xk is propagated from one to another and the likelihood is no longer calculated, as shown
as the ”PREDICTION” phase in Figure 3.8.

FIGURE 3.8 – Particle filtering process adapted for prognostics purpose

Supposing the state has a future path xk+1:k+l, l = 1, ...,T −k and T is the entire horizon, the
state x j−1 will pass to the state x j with a transition PDF p(x j | x j−1). Thus, it is necessary to
project p(xk | z0:k) among all possible future paths by a probability

∏k+l
j=k+1 p(x j | x j−1)dx j−1

[59]. To calculate the l-step ahead posterior PDF, it is then combined with (3.7) and (3.16) :

p(xk+l | z0:k) =

∫
...

∫ k+l∏
j=k+1

p(x j | x j−1)p(xk | z0:k)
k+l−1∏

j=k

dx j (3.24)

Based on Monte-Carlo PDF approximation, the upper equation could be approximated
as [59] :

p̂(xk+l | z0:k) =

N∑
i=1

ωi
k+l−1 p(xk+l | xi

k+l−1) (3.25)

In (3.25), p̂(xk+l | z0:k) is a desired estimate that is obtained through an inverse transform
resampling procedure : firstly, N values of a uniform random variable in the interval [0, 1),
ui ∼ U[0, 1), then, the predicted state xi

k+l is obtained through the interpolation of the
cumulative state distribution :

F(Xk+l ≤ xk+l) =

∫ Xk+l

−∞

p̂(xk+l | x1:k+l−1)dxk+l (3.26)

Thus,

xi
k+l = F−1(ui) (3.27)

The weights of the resampled particles remain unchanged, i.e., ωi
k+l = ωi

k+l−1. This proce-
dure is repeated until the time horizon is reached.
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3.3.2.4/ RUL ESTIMATION

Since the RUL indicates how long the system could remain in use, it is calculated based
on a pre-defined EOL threshold, noted as λ. The PDF of the estimated RUL is :

p̂(RUL ≤ l | z0:k) = p̂(xk+l ≥ λ | z0:k) (3.28)

The estimate is updated based on new z j, j = k + 1, ..., k + l. In fact, at each time step,
the RUL distribution is the final particles distribution obtained when the failure threshold
is reached [96]. A simpler solution is to use the particle distribution to calculate the PDF
of the RUL estimates by fitting a mixture of Gaussian in a least square sense [31].

To implement particle filtering based prognostics in Matlab environment, the entire proce-
dure is illustrated in Algorithm 1.
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Algorithm 1 Particle filtering for prognostics purpose

Initialize xi
0, σ

i
w0
, σi

v0
, ui

0 with a uniform distribution . System initialization
Time step k = 1
while xi

k > λ and k ≤ kp, do
for i = 1, ..., n, do . Importance sampling

Draw particles xi
k ∼ p(xi

k | x
i
k−1, σ

i
wk−1

, ui
k−1)

Assign weight ωi
k = L(zi

k | x
i
k, σvi

k
)

end for
Normalize weight ωi

k = ωi
k/
∑n

i=1 ω
i
k

Calculate the cumulative sum of the normalized weights Qi
k|

n
i=1 = Cumsum(ωi

k|
n
i=1)

for i = 1, ..., n, do . Resampling
j = 1
Draw a random value ui ∼ U[0, 1)
while Qi

k < ui, do
j = j + 1

end while
Update state x j

k = x j
k

Update noises σ j
wk−1 = σ

j
wk−1 , σ

j
vk−1 = σ

j
vk−1

Update parameters u j
k = u j

k
end for
k = k + 1

end while
for i = 1, ..., n, do . Prognostics from kp

while xi
k > λ, do

Propagate particles to the next time step xi
k = f (xi

k−1, σ
i
wk−1

, ui
k−1)

k = k + 1
end while
Estimate R̂ULi

k = (k − kp) · ∆t
end for
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3.4/ DEGRADATION DATA DESCRIPTION

3.4.1/ HYPOTHESES AND LIMITATIONS OF THE STUDY

Based on the literature review in Chapter 2, lithium-ion battery and PEM fuel cell are
such complex systems that the internal state variables cannot be accessed by sensors
or they can hardly be measured under operation conditions. Therefore, performing state
estimation and prognostics on those power sources gives the possibility to develop a
health-conscious EMS for fuel cell HEVs.

In the hybrid system, PEM fuel cell provides the most power demand while the lithium-
ion battery deals with transient power need and regenerates the braking power. Due to
the uncertain road driving conditions, the operation conditions of the power sources are
variable and cannot be anticipated. To investigate the prognostics for the hybrid system,
it is important that the following hypotheses must be made :

1. It is assumed that the available nonlinear historical failure data in this study can be
used to explain past behaviour and can be used to predict the future.

2. It is assumed that the historical data obtained under variable experimental opera-
tion conditions can include the dynamics of random driving conditions of the hybrid
vehicle.

3. It is assumed that ageing effects are the only considered cause for battery and fuel
cell’s performance degradation, while the sudden destruction on the components
(open circuit, short-circuit faults, etc.) or some extreme operation conditions (ex-
treme temperature, extreme humidity, etc.) are not taken into consideration. For the
fuel cell, the fuel starvation is assumed to never happen.

4. It is assumed that the degradation phenomenon on each power source is inde-
pendent of each other in the hybrid system, i.e., there is no added degraded effect
to the power sources when they are hybridized in the system.

5. It is assumed that the predefined threshold is available for the end of serviceable
system life.

In fact, prognostics for transport applications is rarely investigated due to the lack of ex-
perimental data and accelerated stress tests (ASTs). It remains as the limitation of our
study. Further experiments on the degradation of the hybrid system are ongoing by our
laboratory (FCLAB Federation). More results will be added once the experiments are
done.

3.4.2/ PEM FUEL CELL DEGRADATION DATA

3.4.2.1/ DATA SOURCE AND PERFORMANCE DEGRADATION

The PEM fuel cell degradation dataset used for prognostics comes from the IEEE PHM
2014 Data Challenge launched by the IEEE Reliability Society, FCLAB research fe-
deration, FEMTO-ST Institute, and the Laboratory of excellence ACTION [95]. Expe-
riments were carried out by FCLAB Research Federation (FR CNRS 3539, France,
http ://eng.fclab.fr/) on test facilities that enable normal or accelerated ageing of FCS
stacks under constant and variable operation conditions, while controlling and gathering
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health monitoring data like power loads, temperatures, hydrogen and air stoichiometry
rates, etc.

The test bench is adapted for the fuel cells with a power up to 1 kW and many physical
parameters involved in the stack are measured and controlled in order to master the fuel
cell operation conditions, summarized in Table 3.1.

TABLE 3.1 – Physical parameters controlled by the test bench

Parameter Control range
Cooling temperature 20◦C to 80◦C
Cooling flow 0 to 10 l/min
Gas temperature 20◦C to 80◦C
Gas humidification 0 to 100% RH
Air flow 0 to 100 l/min
H2 flow 0 to 30 l/min
Gas pressure 0 to 2 bars
Fuel cell current 0 to 300 A

The assembled fuel cell are 5-cell stacks. Each cell has an active area of 100 cm2. The no-
minal current density of the cells is 0.70 A/cm2. Their maximal current density is 1 A/cm2.
Two long-term tests were carried out : A first stack was operated in stationary regime at
roughly nominal operating conditions (a current of 70 A was imposed) ; A second stack
was operated under dynamic current testing conditions (a ripple current of 70 A with 7 A
oscillations at a frequency of 5 kHz was imposed). For both tests, characterizations were
carried out once per week (around every 160 hours) according to an identical protocol :
polarization curve test (i.e. measuring the static I/V curve of the fuel cell stack), global
historic curves (i.e. evaluating the evolution over time of voltage levels), and Electroche-
mical Impedance Spectroscopy (EIS) measurement (i.e. measuring the ”Nyquist” plot of
the fuel cell stack over a frequency range from 50 mHz to 10 kHz).

FIGURE 3.9 – Fuel cell stack voltage degradation under constant operation condition

Figure 3.9 shows the stack voltage drop signal over time in constant operation conditions
with a current of 70 A, while Figure 3.10 shows the stack voltage drop signal in variable
operation conditions with a ripple current. Several peaks at certain time instances can be
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observed. In practice, characterization measurements lead to the observed sudden drops
in power, and then the power jumps back getting recovered thanks to the reversibility of
the stack.

FIGURE 3.10 – Fuel cell stack voltage degradation under variable operation condition

As mentioned above, the utilization of fuel cells in a hybrid system is random and cannot
be anticipated, and may be influenced by the operation of other power sources. Therefore,
the historical dataset of the fuel cell operated under variable operation condition (with a
ripple current) is chosen for the following prognostics study. It is a strong hypothesis due
to the lack of real operation dataset of a hybrid system.

3.4.2.2/ DATA ANALYSIS AND PREPROCESSING

During the ageing experiments, voltage disturbances are inevitable. Besides, there are
several visible peaks that are due to the characterizations carried out throughout its
ageing process (polarization curve and EIS), as shown in Figure 3.10. Besides, the origi-
nal signal is too noisy to implement prognostics. Thus, the data should be preprocessed
to remove the peaks and filter the noises.

A kernel smoother could be used to filter the noisy data. Kernel smoother is a powerful
smoothing tool since it is operated like the moving average, while the average is weighted
[98]. The weights of the average depend on the kernel K(t). Consider a signal u(t) with n
data points and let u(t j), j = 1, 2, 3, ...n denote a sample point. The estimate of the filtered
data point, f (t j) is given as follows :

f (t j) =

∑n
i=1 si · u(t j)∑n

i=1 si
(3.29)

where
s = K(

t j − t
h

) (3.30)

h is the bandwidth and K is a Gaussian Kernel function given by

K(t) =
e
−t2

2

√
2π

(3.31)



74CHAPITRE 3. HYBRID SYSTEM PROGNOSTICS BASED ON PARTICLE FILTERING

Figure 3.11 shows the data smoothing results with peak removed and noise filtered.

FIGURE 3.11 – Fuel cell data preprocessing result with peak removed and noise filtered

However, the dataset contains 131068 data points in total and using these data points to
estimate the states requires huge storage memory, up to gigabytes to store the states, es-
timated parameters and particle weights. This would not be actually allowed in industrial
application. Besides, too many points for state estimation will lead to overfitting problem,
resulting in the divergence of the model [154]. Technically speaking, the dataset should
be reduced.

Besides, due to the fact that among all the phenomena occurring within the fuel cell, the
accumulation of ageing effects are the main factors that shorten its RUL and the degrada-
tion will not progress during an hour, time scales longer than an hour are considered [151].
This enables making mid-term and long-term predictions and consequent decisions.

To reduce the dataset, Jouin et al. have proposed two solutions : reduce the dataset
by one point per hour, or reduce the dataset with respect to changes in the mission
profile [32]. In this study, to learn the state of the system and to perform prognostics, the
data is reduced using the first solution, at one point per hour by the cubic spline method,
which is used to interpolate the data to obtain samples at a uniform time interval.

3.4.3/ LITHIUM-ION BATTERY DEGRADATION DATA

3.4.3.1/ DATA SOURCE AND CAPACITY DEGRADATION

For the application test, the lithium-ion battery dataset was obtained from the data re-
pository of the National Aeronautic and Space Administration (NASA) Ames Prognostic
Center of Excellence (PCoE) [187]. The test bench allows charging and discharging of
the batteries until failure. When it comes to vehicle applications, randomized charge and
discharge process should be considered due to uncertain driving conditions. Therefore,
the datasets with batteries continuously cycled with randomly generated current profiles
are chosen.

A set of four 18650 lithium-ion batteries (identified as RW9, RW10, RW11 and RW12)
were continuously operated using a sequence of charging and discharging currents bet-
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ween -4.5A and 4.5A, as shown in Figure 3.12. This type of charging and discharging
operation is referred here as random walk (RW) operation in order to better represent
practical battery usage.

FIGURE 3.12 – Example of the battery random charging and discharging current

The procedure of the RW operation consists of :

1. Selecting a charging or discharging current at random from the set {-4.5A, -3.75A,
-3A, -2.25A, -1.5A, -0.75A, 0.75A, 1.5A, 2.25A, 3A, 3.75A, 4.5A}. Negative currents
are associated with charging and positive currents indicate discharging.

2. The selected current setpoint is applied until either the battery voltage goes outside
the range (3.2V ∼ 4.2V) or 5 minutes has passed.

3. After each charging or discharging period, there will be a <1s period of rest while a
new charging or discharging current setpoint is selected.

4. Steps 2 and 3 are repeated 1500 times, then characterization cycles are performed
to benchmark battery state of health.

Characterization cycles are preformed once after 1500 periods (about 5 days). A refe-
rence charge and discharge cycle is used to observe the capacity : the batteries are first
charged at 2A (constant current) until they reach 4.2V, at which time the charging switches
to a constant voltage mode and continues charging the batteries until the charging current
falls below 0.01A. Batteries are then discharged at 2A until the battery voltage crosses
3.2V. After each reference charge and discharge cycle, batteries are rested for a while
with no current draw.

The differences in the voltage profiles observed in Figure 3.13 are due to the degradation
of the battery’s state of health over the experiment. As the battery ages, its charge storage
capacity decreases, while its internal resistance increases, which result in a decrease in
available Li-ions and therefore a faster discharge time for the given output current. Ageing-
dependent changes are denoted with arrows in Figure 3.13.

The battery’s capacity C can be benchmarked by integrating current over the reference
cycles according to the ampere-hour counting (”Coulomb counting”) method :
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FIGURE 3.13 – Battery discharge voltage profiles in different characterization cycles

Maximum available capacity = η

∫ t

t0

ibat(τ)
S OCt − S OCt0

dτ (3.32)

where η is the coulombic efficiency (η < 1 for charge and η = 1 for discharge). The
benchmarked capacity integration results of the four tested batteries are plotted in Figure
3.14.

FIGURE 3.14 – Benchmarked battery capacity obtained by integrating current

The battery’s state of health could be defined from the perspective of the battery’s avai-
lable capacity. It is expressed as

S OH =
Ci

C0
× 100% (3.33)

where Ci is the ith capacity value degenerated by the ith characterization cycle and C0 is
the initial capacity. In most studies, this definition of SOH is utilized to study the degrada-
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tion performance of the battery and thus, prognostics could be performed based on the
degraded capacity values.

3.4.3.2/ DATA ANALYSIS AND PREPROCESSING

The dataset RW12 was chosen to be the studied battery capacity degradation dataset.
Since the capacity is calculated offline by integrating cycling current, there is no noisy
signal, therefore, there is no need to perform filtering.

However, the dataset has a non-uniform time index and a relatively long time scale (5
days), which is adaptable for maintenance planning but not enough to fit a degradation
model. In order to perform time-based prognostics, similarly to the data of PEM fuel cell,
the capacity data are interpolated to obtain samples at a uniform time interval of 1 hour,
as shown in Figure 3.15.

FIGURE 3.15 – Battery data preprocessing result by spline interpolation (dataset RW12)

3.5/ PARTICLE FILTERING PROGNOSTICS RESULTS AND EVALUA-
TION

3.5.1/ RUL PROGNOSTICS FOR PEM FUEL CELL

3.5.1.1/ DEFINITION OF THE PEM FUEL CELL EOL THRESHOLD

Before implementing prognostics, an EOL threshold is defined at first to calculate the
RULs and help to verify the prognostics results. The performance degradation of the
studied PEM fuel cell’s voltage is used as its health indicator and when defining its EOL
threshold, it should be not located on particular voltage peaks that would be located out
of the ageing trend [96]. Regarding the length of the experiment, the PEM fuel cell failure
threshold under dynamic usage is fixed to 96% of the initial performance, calculated as,
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EOLFC = Vinit · 96% = 3.13V (3.34)

3.5.1.2/ ADAPTATION OF PARTICLE FILTERING TO FUEL CELL VOLTAGE DEGRADATION

The degradation trend of the degradation dataset described in Section 2.4 could be
caught by various empirical models [70, 96, 97]. In order to include more possibilities
of variation, the 2nd order exponential degradation model is chosen to track the fuel cell’s
performance and perform prognostics :

V(t) = b1 · exp(b2 · t) + b3 · exp(b4 · t) (3.35)

where b1, b2, b3 and b4 are the model parameters, b1 and b3 determine the initial state
and b2 and b4 define the degradation rate. Then, the state space model could be written
from (3.35) :

x1,k = x1,k−1 · exp(b2) + ω1,k, ω1,k ∼ N(0, σ2
ω1)

x2,k = x2,k−1 · exp(b4) + ω2,k, ω2,k ∼ N(0, σ2
ω2)

(3.36)

where x1,k and x2,k are two first-order independent Markov processes and the present
voltage state can be obtained from x1,k and x2,k :

xk = b1 · x1,k + b3 · x2,k (3.37)

where b1, b2, b3 and b4 are also states to be transited. The measurement model is then
written as :

zk = xk + vk, vk ∼ N(0, σ2
v) (3.38)

where vk are supposed to be included in the measurement signal as the measurement
noise. As no prior information on the initial distributions of the parameters is available,
uniform distributions is applied [60]. The value for process noise variance is found through
successive tuning as σ2

ω = 10−4 and same process noise is assigned to the unknown
parameters (b1, b2, b3 and b4). The measurement noise is assumed to be involved in the
input signals. Besides, to ensure a better prediction, the number of N = 3000 particles is
chosen in this implementation.

3.5.1.3/ FUEL CELL PROGNOSTICS RESULTS DEMONSTRATION AND EVALUATION

In order to save time for learning and memory for storage, a time scale of 10 hours is used.
The model is trained by particle filtering with the measurement data until the prediction
time tλ. tλ is set to different time instants along with the fuel cell performance degradation.
To be adaptable to energy management, prognostics is performed every 50 hours from
the 100th hour. Each prediction is calculated 100 times in order to avoid the dispersion of
the results given by the particle filter.
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FIGURE 3.16 – Fuel cell voltage prognostics results (10-hours time scale)

Figure 3.16 shows the estimation and prognostics results of the fuel cell degradation at
prediction time tλ = 400th hour. The predicted RUL is [415 520 625] hours with a confidence
interval (CI) of [5% 50% 95%] whereas the true RUL is 560 hours.

Indeed, when the particles are propagated at each time step, a new distribution of par-
ticles is created representing the last predicted state. However, all these distributions
cannot be drawn in the same figure. The estimated voltage drawn in Figure 3.16 is the
successive positions of the top of the particles distribution [96]. The RUL distribution is
therefore represented by the final particles distribution obtained when the failure threshold
is reached, as shown in Figure 3.17.

FIGURE 3.17 – Histogram of the fuel cell RUL predictions at 400th hour (10-hours time
scale)

After implementing prognostics at different prediction time tλ, based on (3.5) and (3.6), the
predicted RULs, relative accuracy and precision of the predicted RULs at each prediction
time step tλ are evaluated in Table 3.2. As can be seen from the results, the particle
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filtering prognostics with a time scale of 10 hours can reach an average relative accuracy
of 0.9 and an average precision of 0.483.

TABLE 3.2 – Evaluation results of fuel cell prognostics (10-hours time scale)

tλ 100 ... 400 450 500 550 600 ... 800 average
RUL∗λ 860 ... 560 510 460 410 360 ... 160 -

ˆRULλ 660 ... 530 460 490 380 380 ... 180 -
ReAcc 0.765 ... 0.946 0.902 0.935 0.927 0.944 ... 0.875 0.9

Precision 0 ... 0.375 0.412 0.5 0.488 0.528 ... 1.125 0.483

To evaluate the reliability prognostics results, the acceptable error margin should be defi-
ned. According to Section 3.2, for early prediction, an error of 16% is allowable, while for
late prediction, an error of 8% is allowable. The boxplot in Figure 3.18 shows the predic-
ted RUL uncertainties (final distribution of particles) every 50 hours from the 100th hour
with an error bound [α−, α+] = [RUL∗λ ∗ (1 − 0.16),RUL∗λ ∗ (1 + 0.08)] and CI = 95%. As it is
shown in Figure 3.18, the predictions in the first 300 hours are not accurate enough. After
300 hours, with more newly coming measurements, the predictions are improved and all
included in the acceptable error bounds. Based on (3.5), the α − λ accuracy is listed in
Table 3.3. Since all the predictions are included in the bounds, the α−λ accuracy reaches
1.

True RUL

[𝛼−, 𝛼+]

FIGURE 3.18 – Boxplot of fuel cell RUL predictions with error bounds (10-hours time scale)

TABLE 3.3 – α − λ accuracy of fuel cell prognostics results (10-hours time scale)

tλ 100 ... 400 450 500 550 600 ... 800 average
α − λ accuracy true ... true true true true true ... true 1

However, as shown in Figure 3.19, the precision shows a decreased tendency over the
horizon. It indicates that the spread of the predicted RULs has a dependence on the
distance to EOL. This could be explained by the large dynamics of the studied data.
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As the degradation of the voltage recovered abnormally after 500 hours’ operation, the
predicted RULs spread severely.

FIGURE 3.19 – Fuel cell RUL precision vs. horizon (10-hours time scale)

3.5.2/ RUL PROGNOSTICS FOR LITHIUM-ION BATTERY

3.5.2.1/ DEFINITION OF THE LITHIUM-ION BATTERY EOL THRESHOLD

The amount of energy that a battery can hold is measured in capacity (unit : Ah). Capacity
is a significant health indicator that describes its ageing status and determines its runtime.
The lithium-ion battery is regarded as to be failed when the remaining capacity drops be-
low a certain percentage of its nominal capacity. However, different battery products have
different EOL definitions in their warranty. For example, Tesla defines the EOL of its iconic
Powerwall 1.0 and Powerwall 2.0 at 60% and 70% of original capacity, respectively [1]. In
our study, a loss of 30% to its original capacity is defined as the battery EOL threshold
since an accelerated capacity loss is observed when cycling is continued beyond 70-80%
SOH according to the experimental results in [93]. The battery EOL threshold is written
as :

EOLBAT = Cinit · 70% = 1.46Ah (3.39)

3.5.2.2/ ADAPTATION OF PARTICLE FILTERING TO BATTERY CAPACITY DEGRADATION

To achieve a high global goodness-of-fit, an ensemble model fusing polynomial model
and exponential model is used to describe the degradation trend of the battery, written
as [87] :

Q(k) = γ1 · exp(γ2 · k) + γ3 · k2 + γ4 (3.40)

Following state space model is used to solve the tracking problem using the nonlinear
process function, xk, and measurement function, zk :
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xk = fk(xk−1, ωk−1) =


γ1,k−1
γ2,k−1
γ3,k−1
γ4,k−1

 + ωk−1, ωk ∼ N(0, σ2
ω)

zk = hk(xk, vk), vk ∼ N(0, σ2
v)

(3.41)

where xk is the current capacity value, γ1, γ2, γ3 and γ4 are the parameters to be estimated
by the particle filter. ωk and vk are process noise and measurement noise, respectively. As
explained before, the measurement noise is supposed to be included in the measurement
signal so that there is no need to add vk during the implementation of the algorithm. The
process noise variance is tuned as σ2

ω = 10−4, while the number of 3000 particles is
chosen with a uniform initial distribution.

3.5.2.3/ BATTERY PROGNOSTICS RESULTS DEMONSTRATION AND EVALUATION

Due to the fact that the studied battery doesn’t gain obvious degradation in each hour,
a time scale of 10 hours is chosen to implement the prognostics at the beginning. Fi-
gure 3.20 is an example showing the prognostics results with a 95% confidence interval
at prediction time tλ = 500th hour. The predicted RUL is [1672 1843 2000] hours with a
confidence interval (CI) of [5% 50% 95%] whereas the true RUL is 1885 hours. The RUL
distribution at tλ = 500th hour is shown in Figure 3.21.

FIGURE 3.20 – Battery capacity prognostics results (10-hours time scale)

The prognostics is implemented every 100 hours from the 100th hour. Based on (3.5)
and (3.6), the predicted RULs, relative accuracy and precision of the predicted RULs at
each prediction time step tλ are listed in Table 3.4. As it can be seen from the results, the
particle filtering prognostics with a time scale of 10 hours can reach an average relative
accuracy of 0.881 and an average precision of 0.406.

The acceptable error margins are defined as 16% (early prediction) and 8% (late predic-
tion), as shown in Figure 3.22. The boxplot of prognostics results at different prediction
time shows that the predictions before 400 hours are less accurate and less precise due
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FIGURE 3.21 – Histogram of the battery RUL predictions at 500th hour (10-hours time
scale)

to insufficient learning data. After 400 hours, the prediction results remain in the error
margin region and most of them are early predictions. An average of 0.9 α − λ accuracy
is reached as recorded in Table 3.5.

TABLE 3.4 – Evaluation results of battery prognostics (10-hours time scale)

tλ 100 ... 800 900 1000 1100 1200 ... 2000 average
RUL∗λ 2285 ... 1585 1485 1385 1285 1185 ... 385 -

ˆRULλ 2380 ... 1430 1510 1150 1370 1130 ... 250 -
ReAcc 0.958 ... 0.902 0.983 0.83 0.934 0.954 ... 0.649 0.881

Precision 0.678 ... 0.177 0.195 0.188 0.21 0.203 ... 0.623 0.406

True RUL

[𝛼−, 𝛼+]

FIGURE 3.22 – Boxplot of battery RUL predictions with error bounds (10-hours time scale)
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TABLE 3.5 – α − λ accuracy of battery prognostics (10-hours time scale)

tλ 100 ... 800 900 1000 1100 1200 ... 2000 average
α − λ accuracy true ... true true true true true ... true 0.9

In terms of prediction precision, an obvious decrease variation is shown Figure 3.23 as
the prognostics horizon becomes larger. This is possibly due to the abnormal degrada-
tion trends in Figure 3.20 between 500 hours and 1500 hours. However, opposite to this
decrease variation, the precision gets even worse when the prognostics horizon is large
(at the beginning of the prediction). This is due to the insufficiency of input data.

FIGURE 3.23 – Battery RUL precision vs. horizon

3.5.3/ MULTI-TIME SCALE ANALYSIS

The time scales used in the task of prediction or prognostics should be flexible according
to specific applications [32]. The time scale of 10 hours used in the above section has
achieved satisfying prediction results for both the prognostics of PEM fuel cell and lithium-
ion battery. However, it is necessary to investigate how shorter and longer time scale
could have an influence on the precision and accuracy of the prognostics results. As
the battery capacity has been already sampled and it is meaningless to interpolate it
any more, only the fuel cell is examined here in order to find out the possible relevance
between data quality and prognostics performance.

First, prognostics on a shorter time scale of one hour is implemented. The same pro-
cedure is performed every 50 hours from the 100th hour. The predicted RULs, relative
accuracy and precision at each prediction time step tλ are listed in Table 3.6. A satisfied
average accuracy of 0.924 is reached and the average precision is 0.181, which is impro-
ved by almost three times than the previously described 10-hours time scale prognostics.

The boxplot of RUL prediction uncertainties is shown in Figure 3.24 and the α−λ accuracy
is listed in Table 3.7. As it is indicated in the figure, almost all predictions are included in
the error bounds with high precision (thinner box). An α− λ accuracy of 0.933 is reached.
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TABLE 3.6 – Evaluation results of fuel cell prognostics (1-hour time scale)

tλ 100 ... 400 450 500 550 600 ... 800 average
RUL∗λ 860 ... 560 510 460 410 360 ... 160 -

ˆRULλ 884 ... 568 473 418 471 345 ... 173 -
ReAcc 0.972 ... 0.986 0.927 0.909 0.851 0.958 ... 0.919 0.924

Precision 0.1 ... 0.073 0.104 0.191 0.137 0.236 ... 0.538 0.181

True RUL

[𝛼−, 𝛼+]

FIGURE 3.24 – Boxplot of fuel cell RUL predictions with error bounds (1-hour time scale)

TABLE 3.7 – α − λ accuracy of fuel cell prognostics (1-hour time scale)

tλ 100 ... 400 450 500 550 600 ... 800 average
α − λ accuracy true ... true true true true true ... true 0.933

However, if the time for running this procedure is considered, compared to the 10-hours
time scale, it needs 10 times longer execution time. Therefore, there is no need to sacrifice
the execution time while the prediction accuracy can hardly be further improved.

TABLE 3.8 – Evaluation results of fuel cell prognostics (20-hours time scale)

tλ 100 ... 400 460 500 560 600 ... 800 average
RUL∗λ 860 ... 560 500 460 400 360 ... 160 -

ˆRULλ 920 ... 580 520 460 360 360 ... 140 -
ReAcc 0.93 ... 0.964 0.96 1 0.9 1 ... 0.875 0.911

Precision 0.349 ... 0.321 0.36 0.345 0.5 0.5 ... 1.125 0.463

Next, larger time scales are examined. As a beginning, the time scale is lengthened to
20 hours and the prognostics result evaluation is recorded in Table 3.8. Results show
that the predictions have reached an average accuracy of 0.911 and a precision index of
0.463, almost the same level to that of the 10-hours time scale implementation. The RUL
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predictions with their uncertainties are plotted in Figure 3.25 and the α − λ accuracy is
recorded in Table 3.9.

True RUL

[𝛼−, 𝛼+]

FIGURE 3.25 – Boxplot of fuel cell RUL predictions with error bounds (20-hours time scale)

TABLE 3.9 – α − λ accuracy of fuel cell prognostics (20-hours time scale)

tλ 100 ... 400 460 500 560 600 ... 800 average
α − λ accuracy true ... true true true true true ... true 1

The same procedure has been performed on two more different time scales of 30-hours
and 40-hours. Results of accuracy and precision versus time plot are shown in Figure
3.26 and Figure 3.27.

FIGURE 3.26 – Accuracy vs. time at different time scales

The accuracy of smaller time scales (1-hour, 10-hours and 20-hours) achieves a higher
value, mostly around 0.9, while the accuracy of 30-hours time scale is not bad with only
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some values closed to 0.8, as shown in Figure 3.26. However, the accuracy of the 40-
hours time scale is the worst and can hardly fulfil the requirement of prognostics. The
accuracy evolution doesn’t see a clear dependence on the horizon. Regarding the evolu-
tion of precision of different time scale, the same tendency is observed at different time
scales, as shown in Figure 3.27. As we have discussed above, worse precision values are
caused by abnormal degraded voltages. Besides, 1-hour time scale prognostics has the
best precision performance while 10-hours and 20-hours time scales have less good but
acceptable precision performance. Precision goes worse when the time scale is enlarged
to 30-hours and 40-hours. The predicted RUL are dispersed badly.

FIGURE 3.27 – Precision vs. time at different time scales

As a conclusion, prognostics on a time scale of 10 hours or 20 hours is reasonable to be
used in our following study, considering the execution time and the completeness of the
degradation information.

3.6/ SYNTHESIS

As prognostics is a key process in PHM cycle, this chapter has proposed to use the
particle filtering based prognostics method to estimate and predict future health states of
the fuel cell and the battery existing in a hybrid system. The aim of this chapter is to justify
the effectiveness of the proposed prognostics method so that it could be combined with
the energy management aspect in the fuel cell hybrid system. Post-prognostics decisions
could be made based on the prognostics results, i.e., RUL estimates.

Based on a short review of prognostics requirements and prognostics methods, particle
filtering is chosen as the prognostics tool to solve the prediction problem of fuel cell’s and
battery’s ageing thanks to its adaptiveness to nonlinear and non-Gaussian problem. To
justify the effectiveness of using particle filtering for RUL estimation of power sources in
fuel cell HEVs, two historical datasets under dynamic operation conditions for battery and
fuel cell are delicately selected, respectively. The fuel cell dataset is released by PHM
challenge 2014, which is a 5-cell PEM stack operated under ripple current, while the
battery dataset is the one obtained from NASA PCoE, which is a randomly used lithium-
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ion battery charging and discharging by a random current profile. These datasets are
chosen to meet the dynamic operation requirements in real driving conditions.

Particle filtering is used to track the power source performance degradation and the pre-
diction of RULs is made. The results are evaluated by the offline evaluation metrics. On a
10-hours time scale, fuel cell prognostics results have reached an accuracy of 0.9, while
battery prognostics results have reached an accuracy of 0.88. Besides, to investigate
the influence of different time scale, same prognostics procedure has been executed on
the fuel cell dataset with different time scales : short time-scale of 1 hour and long time-
scale of 20, 30 and 40 hours. Results showed that shorter time scale needs 10 times
more execution time while the accuracy cannot be improved. Longer time scales such as
10-hours and 20-hours have reached good accuracy while 30-hours and 40-hours time
scales didn’t obtain acceptable prognostics results. When one looks into depth the in-
fluence on result precision, it could be found that the shortest time-scale has the best
precision while 10-hours and 20-hours time scales have similar and good enough pre-
cision results. Longer time-scale like 30-hours and 40-hours give the precision results
far from satisfaction. Therefore, a moderate time-scale, like 10-hours and 20-hours, is
suitable to be used for online health state prognostics.

However, the prognostics implemented in this chapter are based on existing experimen-
tal datasets and the dynamic operation conditions of the hybrid system are imitated by
selecting datasets tested under dynamic conditions. It should be noticed that the inter-
actions between the hybridizing power sources are not considered. The effectiveness of
the prognostics method has been justified but it should be tested online and the results
should be able to generate effective enough decision support. Online operation of hybrid
system prognostics process is represented in Figure 3.28, where median RUL output is
used as one of the inputs of the following EMS development.

FIGURE 3.28 – Online operation of hybrid system prognostics process

In the next chapter, the developed prognostics method is used for the online health state
prediction of the hybrid system to formulate a closed PHM cycle by developing a health-
conscious EMS. The EMS is based on offline optimized fuzzy logic controller whose
parameters are tuned by a classification and decision fusion process. It is going to be
introduced and explained in details in the following chapter.



4
ONLINE HEALTH-CONSCIOUS EMS

DEVELOPMENT

4.1/ INTRODUCTION

Given the prognostics results obtained by prognostics methods, described in the last
chapter, one can be aware of whether the future mission could be met and at what point
can typical future mission could not be met. In this chapter, a decision-making process
is proposed to complete the PHM cycle for the studied fuel cell system, which makes full
use of the prognostics results to guide the design of EMSs for fuel cell HEVs.

A driving cycle defined by repeated WLTC class 2 driving cycles is used to run the fuel
cell/battery hybrid system model built in Matlab/Simulink environment using energetic
macroscopic representation (EMR). Due to the limit of lacking hybrid system degradation
data, the degradation of the power sources is defined based on the degradation trend of
historical data in a simulated way. Particle filtering is used online to performance state
estimation and prognostics based on online operation data. The aim of this chapter is
to develop a health-conscious EMS based on PHM knowledge, which is able to improve
the durability of the power sources through the adjustments of the power distribution at
different degradation levels. The brief scheme for demonstrating this process is shown in
Figure 4.1.

In the context of this chapter, a baseline EMS is firstly developed using an optimized
fuzzy logic controller. Fuzzy logic is a powerful tool for real-time control while it can only
obtain an optimal solution with the help of intelligent methods. Genetic algorithm (GA) is
selected here to optimize the membership functions first under the healthy state of the
system and then at different degradation states. However, to perform actively corrective
control, the parameters of fuzzy logic controllers need to be adjusted in real time and
offline optimization is no longer effective during real driving conditions. Therefore, given
the median RUL values obtained by online prognostics methods, a prognostics-based
decision-making process is developed based on a classifier and a decision fusion pro-
cedure, which takes care about the current health state of the system and derives the
proper parameters for the controller. In addition, as the degradation process of the power
sources is a long-term procedure, there is no need to tune the controller at each time
step. The occurrence of prognostics is based on the health state estimation and how to
choose an effective criterion remains to be discussed and will be discussed in an early
stage in this chapter.

89
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FIGURE 4.1 – Online prognostics-based EMS development in a simulated way

The contents of this chapter are arranged as follows : a simulation plant model of the stu-
died fuel cell HEV is developed in Section 4.2, which is designed through EMR in a redu-
ced topology. A baseline EMS is developed in Section 4.3 based on GA-optimized fuzzy
logic controller. It is used to justify the effectiveness of the developed health-conscious
EMS, which is described in Section 4.4. Simulation results are compared and analyzed,
and a discussion on the occurrence frequency of prognostics is presented at the end of
this chapter.

4.2/ SIMULATION PLANT MODEL OF FUEL CELL HEV

4.2.1/ FORWARD-FACING VEHICLE MODELLING

A fuel cell range extender HEV is considered in this study, where PEM fuel cells and
a lithium-ion battery pack provide the power to the traction system. The considered ar-
chitecture of the vehicle is based on the commercial Tazzari Zero electric vehicle with a
modification in its energy storage system. For this thesis, a simple model of the vehicle is
constructed using MATLAB®/Simulink® that is capable of being used for EMS optimiza-
tion.

When considering about vehicle modelling, there are two modelling approaches :
backward-facing modelling and forward-facing modelling. Backward facing modelling
doesn’t require a ’driver’ model to control the speed, which means the speed profile is
directly imposed to the vehicle model to calculate the power requirements, resulting in
less simulation time. However, due to its ’quasi-static’ nature, the backward model is
non-casual and offers little information about drivability, and therefore meaningless for
hardware-in-the-loop test system [81]. In the forward-facing model, a ’driver’ model is used
to obtain the demanded power based on the current speed and the reference speed, i.e.
a speed controller. Therefore, it can accurately represent the causality observed in the
real driving conditions and provide a better understanding of the dynamics and physical
limits of the powertrain.
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A forward-facing simulation plant model is constructed using a proportional-integral (PI)
speed controller, see Figure 4.2. The plant model could be divided into two parts : the
propulsion system and the power system. In the propulsion system, the electric motor
is controlled by the speed controller which is designed based on the difference between
the reference speed and the current speed calculated from the vehicle model. In the
power system, there is a battery pack directly connected to the electric motor and a fuel
cell connected to the battery using a DC/DC converter. Each of these components is
connected by current and voltage signals in a feedback loop. An EMS is designed to
control the DC/DC converter based on the speed of the vehicle, battery SOC and to be
health-conscious, it is designed also depending on the current health states of the battery
and the fuel cell.

FIGURE 4.2 – Simulation plant model with forward-facing approach

4.2.2/ SPEED PROFILE

Three different driving cycles are defined to test the vehicle model. As shown in Figure
4.3, they are :

— An adapted NEDC (New European Driving Cycle) which is generally used to de-
termined CO2 emissions, energy consumption or vehicle range ;

— A class 2 WLTC (Worldwide harmonized Light vehicles Test Procedures). it is a
widely used driving cycle in the performance examination of light-duty vehicles
and can fulfil the urban driving conditions ;

— An urban driving cycle from a Tazzari Zero on-road test realized around the Uni-
versity of Lille 1 [95].

Considering the length of the test and the speed dynamics, WLTC class 2 driving cycle is
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FIGURE 4.3 – Three different driving cycles : (a) NEDC driving cycle ; (b) WLTC class 2
driving cycle ; (c) City driving cycle

selected in the following study as the system speed input.

4.2.3/ VEHICLE MOTION MODELLING

The total traction force Ftract is calculated by the transmission force Ftrans subtracting a
braking force Fb.

Ftract = Ftrans − Fb (4.1)

The vehicle velocity v is obtained using Newton’s second law of motion with the traction
and resistive forces, Fres :

Mtot
d
dt

v = Ftract − Fres (4.2)

where resistive forces, Fres, consists of the rolling resistance, the aerodynamic drag and
the incline of the road, calculated by :

Fres = f Mtotg +
1
2
ρcxA(v + vwind)2 + Mtotgα (4.3)

where f denotes the rolling resistance coefficient, Mtot is an equivalent total mass of the
vehicle and the equivalent mass of the rotating parts, g the acceleration due to gravity, α
the slope rate, ρ the air density, cx the air drag coefficient and A the frontal area of the
vehicle [140]. Specifications used to estimate the parameters used in the vehicle model
is shown in Table 4.1.



4.2. SIMULATION PLANT MODEL OF FUEL CELL HEV 93

TABLE 4.1 – Vehicle specifications

Parameter Value
Vehicle mass (Mtot) 698 kg
Coefficient of rolling resistance ( f ) 0.02
Standard aerodynamisme (cxA) 0.7
Gravity constant (g) 9.81
Air density at 20◦C (ρ) 1.223
Wind speed (vwind) 0
Slope (α) 0

4.2.4/ ELECTRIC MOTOR MODELLING

The electric motor model firstly calculates the required tractive force based on the refe-
rence speed and uses the mechanical load on the vehicle to calculate the electrical load
on the battery and the fuel cell. In order to simplify the study, a static model is considered
for the motor according to an efficiency map, see Figure 4.4. This efficiency map is inclu-
ded in the model as a lookup table as (4.4). It includes the inverter associated with the
traction machine, the wheels, the gearbox, the mechanical transmission and the control
algorithm [92].

ηtract = f (Ftrans, v) (4.4)

FIGURE 4.4 – Efficiency map deduced from an on-road test drive [92]

The traction system is directly controlled by a reference traction force Ftrans−re f :

Ftrans = Ftrans−re f (4.5)

where the tuning variable Ftrans−re f is linked to the controlled variable, vehicle speed.
From the reference vehicle speed vre f , the measured vehicle velocity and the estimated
environment force Fres, the reference transmission force Ftrans−re f is obtained by :
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Ftrans−re f = Cv(t)(vre f − v) + Fres (4.6)

where Cv(t) is a PI controller.

The current drawn by the motor, its can be calculated as the transmission force of the
motor, Ftrans, divided by the traction system efficiency, and the motor supply voltage, which
equals to the battery voltage :

its =
Ftransv

ubat(ηtract)k with k =

1, if Ptract > 0
−1, if Ptract < 0

(4.7)

The specification of the electric motor could be found in Table 4.2. The peak power and
peak force have been used as limits on the model to ensure that the motor is unlikely to
ever exceed this time rating for all driving cycles. This control saturation is finally taken
into account by the speed controller by using an anti-windup control loop [140].

TABLE 4.2 – Electric motor specifications

Parameter Value
Maximal traction force (Ftract−max) 2000 N
Maximal traction power (Ptract−max) 15000 W

4.2.5/ BATTERY MODELLING

The traction battery pack used in this study is made up of four lithium-ion phosphate
(LiFePO4) battery modules and each module contains six battery cells connected in se-
ries, giving a total nominal voltage of 80 V and a total nominal capacity of 40 Ah.

An electrical equivalent circuit model is used to model the battery’s behaviour, which des-
cribes the battery operating characteristics using a circuit network, i.e. a combination of
voltage sources, resistors and capacitors, for co-design and co-simulation with other elec-
trical circuits and systems. For electrical engineers, electrical models are more intuitive,
useful, and easy to handle, especially when they can be used in circuit simulators and
alongside application circuits. Here, the battery is modelled by an equivalent circuit in-
cluding an open-circuit voltage u0, a series resistance Rs, and a parallel combination of
resistance capacitance RcCc, as shown in Figure 4.5.

FIGURE 4.5 – Battery equivalent circuit model in the studied vehicle

The output battery voltage is calculated by (4.8) :
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 ˙uCc = −
uCc

RcCc
+

ibat

Cc

ubat = u0 − uCc − ibatRs

(4.8)

where u0, Rs, Rc and Cc are estimated from experimental tests. Battery parameters are
specified in Table 4.3.

TABLE 4.3 – Parameters of the developed battery model

Parameter Value
Storage capacity (Qbat) 40 Ah
Nominal cell voltage (Vcell−nom) 3.35 V
Minimal cell voltage (Vcell−min) 2.5 V
Maximal cell voltage (Vcell−max) 4.2 V
Internal resistance (Rs) 0.028 Ω

Parallel resistor (Rc) 0.1417 Ω

Parallel capacity (Cc) 3529.4 F

Since there is no sensor that could read SOC directly, SOC is estimated here by ampere-
hour counting (Coulomb counting) method. According to this technique, SOC can be
calculated by integrating the current with respect to time [108], expressed as :

S OCt = S OCt0 + η

∫ t

t0

iτ
Qmax

dτ (4.9)

where η is the coulombic efficiency (η < 1 for charge and η = 1 for discharge), iτ is the
battery current at time instant τ (iτ > 0 for charge and iτ < 0 for discharge), and Qmax is
the maximum available capacity.

In real driving conditions, battery degradation is featured by capacity fade and impedance
rise. However, in the simulated case, a degradation model is required to quantify its de-
gradation. Based on the literature review, high C-rate, temperature, deep discharge, as
well as SOC range of charge/discharge cycle would have an influence of the battery’s
degradation [65, 68, 158, 175, 177]. However, in HEV applications, only the battery cur-
rent C-rate ranging higher than ±15C will contribute to significant severity of degradation,
therefore, the C-rate effect on battery ageing can be neglected if the C-rate remains at re-
latively low levels. In fact, as the battery utilized in the fuel cell HEV is served as a energy
storage system, the typical current C-rates normally range between ±4C. An example of
the C-rate profile of the studied fuel cell HEV in WLTC class 2 driving cycle is shown in
Figure 4.6 and the C-rate distribution is shown in Figure 4.7. It could be seen that the C-
rates rarely exceed 3C so that the C-rate will not have an significant influence on battery’s
degradation [65,68,175].

Therefore, SOC ranges and depth-of-discharge have been considered for modelling the
battery degradation trends in capacity fade (Dbat) during the vehicle cycling operation :

Dbat = f (t,∆S OC,DOD) (4.10)
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FIGURE 4.6 – C-rate profile of the studied fuel cell HEV in WLTC class 2 driving cycle

FIGURE 4.7 – C-rate distribution during WLTC class 2 driving cycle



4.2. SIMULATION PLANT MODEL OF FUEL CELL HEV 97

4.2.6/ FUEL CELL SYSTEM MODELLING

The fuel cell system is composed of the PEM fuel cell, a smoothing inductor and a boost
chopper for its current control. The function of the boost chopper is to step up the voltage
generated by the fuel cell to the traction battery pack voltage. The smoothing inductor
model and boost chopper model are represented by (4.11) and (4.12).

L
d
dt

i f c = u f c − uh f c − rLi f c (4.11)

uh f c = mh f cubat

ih f c = mh f ci f cηh f c
(4.12)

where L and iL are the inductance and resistance of the smoothing inductor, uh f c and ih f c

are the chopper voltage and current, mh f c is the modulation ratio of the fuel cell chopper
and ηh f c is the efficiency of the chopper, ηh f c = 0.95.

To obtain the tuning variable mh f c, (4.12) is written as :

mh f c =
uh f c−re f

ubat
(4.13)

where the reference chopper voltage is yielded by :

uh f c−re f = −Ci(t)(i f c−re f − i f c) + u f c (4.14)

Ci(t) is a PI controller.

Table 4.4 lists the specifications of the smoothing inductor and the boost chopper.

TABLE 4.4 – Smoothing inductor and boost chopper specifications

Parameter Value
Inductance (L) 2.4375×10−4 H
Winding resistance (rL) 0.0049 Ω

Boost chopper average input voltage (Vin) 65 V
Boost chopper average output voltage (Vout) 80 V
Boost chopper average efficiency (η) 95%

A fuel cell model is developed to calculate the voltage of the fuel cell stack dependent on
its current. It can be considered as a voltage source deducing from its static polarization
curve (see Figure 4.8) in order to maintain simplicity, written as :

u f c = f (i f c) (4.15)

Besides, the fuel consumption is calculated by a static characteristic representing the H2
mass flow versus current function (see Figure 4.9), written as :

ṁH2 =

∫
f (i f c)dt (4.16)
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FIGURE 4.8 – Fuel cell polarization curve [140]

FIGURE 4.9 – H2 mass flow vs. current curve [140]

The degradation of the fuel cell is made up of the degraded voltages due to the operation
points and on/off switches [110,142], written as :

V f c−degrade = Vini · (1 − D f c − Don/o f f ) (4.17)

where

D f c = δ0

∫
f (1 +

α(P f c − Pnom)2

P2
nom

)dt (4.18)

Don/o f f =


∑

∆switch, if P f c,t ≥ 0 ∧ P f c,t−1 < 0
0, otherwise

(4.19)

In (4.18) and (4.19), Vini is the initial available fuel cell supplied voltage, Pnom is the nominal
power of the fuel cell, α and δ0 are the load coefficients and ∆switch is the voltage loss
coefficient for fuel cell’s once switch. The specifications of the modelled fuel cell are listed
in Table 4.5.
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TABLE 4.5 – Fuel cell specifications

Parameter Value
Fuel cell maximal power (Pmax) 16000 W
Fuel cell nominal power (Pnom) 6000 W
Maximal fuel cell current (i f c−max) 400 A
Fuel cell voltage (u f c) 40-60 V
On/off degradation (∆switch) 2.5×10−4

4.2.7/ ENERGETIC MACROSCOPIC REPRESENTATION (EMR) OF THE VEHICLE

The hybrid electric vehicle is constructed in MATLAB®/Simulink® environment using Ener-
getic Macroscopic Representation (EMR) toolbox, which is a graphical description for the
definition of control schemes of complex energetic systems by considering their energetic
exchanges between connected elements [67].

There are four basic elements to represent different energetic properties.

Source elements : The source elements are represented by green oval pictograms,
which are the generators or receptors of the energy. In our system, there are battery
and fuel cell using as source elements, whose input and output are current and voltage,
respectively (see Figure 4.10).

FIGURE 4.10 – EMR of energy source

Accumulation elements : The accumulation elements are represented by orange rec-
tangles with an oblique bar. They accumulate internal energy (with or without loss), and
therefore to fulfil the integral causality, their outputs are integral functions of their inputs.
In our system, the smoothing inductor is an accumulator which can store energy and
impose state variables (see Figure 4.11).

FIGURE 4.11 – EMR of accumulator

Conversion elements : The conversion elements are represented by orange squares
(electrical or electromechanical conversion) in the pictograms (see Figure 4.12). They
can convert energy without storage (with or without loss). For example, in our system, the
boost chopper is an electrical conversion element which also possesses a tuning vector
to manage the conversion of energy from the fuel cell to the bus. Besides, the traction
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system is an electromechanical conversion element, which has converted the mechanical
energy into electrical energy.

FIGURE 4.12 – EMR of conversion elements

Coupling elements : The coupling elements are represented by an overlapped orange
pictogram, which distribute energy without accumulation (see Figure 4.13). In our system,
the fuel cell is coupled to the battery by a boost chopper so that a coupling element is
used to connect the boosted fuel cell voltage to the bus.

FIGURE 4.13 – EMR of coupling element

In addition to the elements, the EMR of the control scheme is depicted by blue parallelo-
gram (see Figure 4.14), which can be defined using inversion rules. An accumulation ele-
ment is inverted using closed-loop control, while the conversion elements can be directly
inverted without control loop. Coupling elements are inverted using distribution inputs in
order to define the distribution of energy within the system. Besides, an EMS is designed
on a supervision level, which is used in order to define the local control references and
the different distribution inputs to different energy sources.

FIGURE 4.14 – EMR of control scheme

In order to reduce the complexity of the system, a reduced model has been constructed
which dramatically reduces the computational burden required for the optimization pro-
cess. In the reduced model, the reference velocity is calculated directly into reference
demanded power so that it then becomes a backward-facing model where the feedback
loop associated with the speed controller is removed. At last, the EMR of the studied ve-
hicle is deduced from all the relationships presented in this section, as shown in Figure
4.15.
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4.3/ BASELINE EMS DEVELOPMENT

EMS is a strategy to be designed in hybrid vehicles, which defines the amount of power
that must be produced by the fuel cell and the battery. The objectives of EMS for electric
vehicles could be consumption minimization, power source degradation mitigation, driving
performance improvement, etc. In this thesis, it is the durability of the power sources, i.e.
PEM fuel cells and lithium-ion battery pack, that is taken the dominant place. Therefore,
the aim of the proposed controller is to increase power source lifetime and at the same
time, save hydrogen consumption.

The EMS developed in this section is based on a fuzzy logic controller (FLC), which is a
fuzzy rule-based strategy that could be implemented in real time without huge computa-
tion burden. To improve the optimality of the EMS, the membership functions of the FLC
is tuned offline using genetic algorithm (GA).

4.3.1/ FUZZY LOGIC CONTROL STRATEGY

FLCs are intuitively easy to understand and allow the user to encapsulate the experience
of experts in an efficient manner [10,11]. In fact, fuzzy logic is a superset of conventional
logic (Boolean), which was developed to address the concept of partially correct with
respect to the value of true (1) and false (0) [10]. In FLC, the outputs are related to the
inputs by IF-THEN rules which can be acquired by expert knowledge. Compared to other
control strategies, fuzzy logic controller is favourable by [11] :

— Ability to translate imprecise/vague knowledge of human experts ;
— Simple, easy to implement technology ;
— Software design and hardware implementation support ;
— Results are easy to transfer from product to product ;
— Smooth controller behaviour ;
— Robust controller behaviour ;
— Ability to control unstable systems.

It should be noticed that, before designing the higher-level control loop corresponding to
EMS, a first-order filter based controller (the smoothing inductor) is employed as the lower
control loop to make sure the demanded power is followed and split the power between
the battery and the fuel cell. That is to say, when sudden changes occur in the load
power, the fuel cell still operates at its previous working point and the battery provides the
difference [24,39]. The fuel cell will take time to reach the desired power according to the
current reference given by the EMS.

Therefore, the fuzzy logic controller used in our study is designed to meet the following
durability objectives :

1. Maintaining the SOC of the lithium-ion battery in a reasonable range and limiting its
cycling. The lower bound of the range is set to allow the battery to have adequate
power for the traction system, while the higher bound of the range is set to allow the
battery to recover the kinetic energy during the braking phase ;

2. Limiting the fuel cell operation dynamics to prolong its lifetime and making it work
around the highest efficiency point to save hydrogen consumption ;
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During implementation, the SOC of the battery is controlled to 75% as the optimal ope-
ration point, ensuring that the battery pack can both provide enough power for transient
power demand and remain enough capability for regenerative braking. The efficiency of
fuel cell usually reaches its highest in a range of 1/3 to 2/3 of its maximum power [178].
The output variable is the reference fuel cell current, which is normalized by its maximum
current and described in the form of a triangle. The controller areas for the input and
output are plot in Figure 4.16 and defined in Table 4.6 and 4.7.
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FIGURE 4.16 – Input and output control area of the FLC

The utilized rules are described as follows : when the SOC of the battery is low, fuel
cell works at high current to recharge the battery ; when the SOC of the battery is good,
fuel cell works at its optimal current to mitigate degradation ; and when the SOC of the
battery is high, fuel cell works at low current to ensure the battery will not be overcharged.
The sort of fuzzy system is Mamdani, while the inference mechanism is AND (minimum
operator) and the diffuzication mode is centroid.

However, as discussed in the literature review, although the fuzzy logic controller is easy
to implement in real time, it can hardly reach the optimal if the membership functions are
designed without combining any optimization procedure [186]. Therefore, in this study,
the parameters of the membership functions of the output fuel cell current ([x1,x2,x4],
[x3,x5,x7], [x6,x8,x9]) are going to be tuned by offline genetic algorithm optimization method
described in the following section.

4.3.2/ GA OPTIMIZATION ADAPTED TO FLC

GA is an adaptive heuristic search algorithm based on the evolutionary ideas of natural
selection and genetic processes where stronger individuals are likely the winners in a
competing environment [22]. The basic principles of GA have first been proposed in [8] by
Holland in 1975, which presumes that the potential solution of any problem is an individual
and can be represented by a set of parameters. These parameters can be structured by
a string of values in binary form and can be regarded as the genes of a chromosome [42].
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TABLE 4.6 – Controller area of input SOC

Notation Linguistic value Fuzzy value
S OClowmin SOC is considered to be low 0
S OClowmax 0.7
S OCmedmin SOC is considered to be good 0.6
S OCmedmax 0.9
S OChighmin SOC is considered to be high 0.8
S OChighmax 1

TABLE 4.7 – Controller area of output Ifc

Notation Linguistic value Fuzzy value
I f clowmin Fuel cell runs at low current x1
I f clowmax x4

I f cmedmin Fuel cell runs at optimal current x3
I f cmedmax x7

I f chighmin Fuel cell runs at high current x6
I f chighmax x9

The potential of this chromosome is evaluated by a fitness function, which reflects how the
goodness of the chromosome is related to the objectives. A set of selected chromosomes
is called population and the population is subjected to generations (number of iterations).
The population can be completed by a series of genetic operations : selection, crossover
and mutation. After that, a new population called offspring with high fitness to the objective
function is formed, which would give a better resolution than the previous generation
[123]. After a number of generations, GA is expected to find a robust solution which is
global optimal or close to the global optimal.

A general genetic algorithm works as follows [42] :

1. Initialize a randomly generated population of n chromosomes of binary form ;

2. Calculate the fitness of each chromosome according to the objective function ;

3. Select a pair of parent chromosomes from the current population while the probabi-
lity of selection is an increasing function of fitness ;

4. Perform crossover to the pair with a crossover rate to form two offspring ;

5. Mutate the two offspring according to mutation rate and put the new chromosomes
in the new population ;

6. Repeat 3, 4 and 5 until n offspring has been created ;

7. Replace the current population with the new one ;

8. Go to 2 and repeat the process until the generation limit is reached ;

9. Output the optimal solution ;

The advantage of GA is its potential of locating global optimum or near-global optimum
solution without exhausted searching for all solution spaces. Besides, the processing time
only increased as the square of the project size and not exponentially [123]. With its ad-
vantages, GA is widely used in the optimization problems in different fields of application :



4.3. BASELINE EMS DEVELOPMENT 105

design of adaptive systems, adaptive control, finite automation, determination of parame-
ters for a series of neurons and fuzzy logic inferences [192].

GA could be well adaptive to the optimization of the fuzzy logic controller where all pa-
rameters of the membership functions are coded in one chromosome. In our case, the
parameters of the membership functions of the output fuel cell current (x1-x9 in Figure
4.16) are offline optimized to satisfy a specified objective function on a given driving cycle.
Here, the objective function aims to find a compromise between mitigating the fuel cell
degradation and battery degradation. The objective function is written as (4.20).

Ob jFun = w1 · D f c + w2 · Dbat (4.20)

where w1 and w2 are the weighting factors, D f c and Dbat are the expressions of degrada-
tion defined in Section 4.2. The entire process of implementing GA optimization adapted
to FLC is shown in Figure 4.17.
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FIGURE 4.17 – FLC parameter optimization process based on GA

Genetic Algorithm Toolbox developed by University of Sheffield is used for our application,
which is a MATLAB package within the framework of an existing CACSD package, espe-
cially capable in control systems engineering. It allows the retention of existing modelling
and simulation tools for building objective functions and allows the user to make direct
comparisons between genetic methods and traditional procedures [9]. The optimization
results using this toolbox are presented in the next section.



106 CHAPITRE 4. ONLINE HEALTH-CONSCIOUS EMS DEVELOPMENT

4.3.3/ SIMULATION RESULTS DEMONSTRATION

The simulation is performed on a repeated driving profile WLTC class 2 described in
Section 4.2. Its equivalent power demand is plot in Figure 4.18 (a) (the black dotted
line). Through genetic algorithm, a new individual generation of membership function
parameters for the FLC will output in each loop and the objective function values are
compared to save the minimum one. This process is continued until reaching the specified
generation numbers. The GA optimization results are compared with a non-optimized
fuzzy logic controller in Figure 4.18. Figure 4.18 (a) is the power distribution result where
it could be seen that the dynamics of the demanded power are mostly taken charge by
the battery. Figure 4.18 (b) shows the optimization result by fuel cell power comparison.
Compared to the non-optimized FLC, the optimized FLC has achieved more stable fuel
cell operation and less variation to its nominal value. Battery SOC variation is compared
in Figure 4.18 (c) where the optimized FLC controls the battery SOC to deviate less to
its initial value. Figure 4.18 (d) and Figure 4.18 (e) calculate the accumulation of fuel
cell degradation and battery degradation, respectively. It is indicated that the optimized
FLC controls the system to cause less degradation of both the battery and the fuel cell.
The fuel cell degradation has been mitigated to a large degree, by 97.4%, while battery
degradation has been mitigated by 59.4%.

However, along with the degradation of the power sources, the optimized FLC will be
no longer optimal to the degraded system. Although some real-time optimization-based
strategies could calculate the optimal operation points along with the operation, the com-
putation loads are huge and they cannot be easily compatible with the industrial use.
Besides, the pre-defined degradation models in optimization-based strategies maybe not
that accurate during the real operation and tend to result in inadequate operations. The-
refore, in the next section, aiming at improving the durability of the power sources, a
health-conscious EMS based on prognostics is proposed to catch the true degradation
states of the power sources and make the corresponding corrective actions on the energy
management in real time.
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FIGURE 4.18 – GA-optimized FLC operation results compared to a non-optimized FLC :
(a) Power distribution ; (b) Fuel cell power comparison ; (c) Battery SOC comparison ; (d)
Fuel cell degradation comparison ; (e) Battery degradation comparison.
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4.4/ HEALTH-CONSCIOUS EMS BASED ON PROGNOSTICS

The idea of the proposed health-conscious EMS is to find the optimal solutions under the
different battery and fuel cell degradation cases indicated by prognostics. The optimiza-
tion method introduced in the last section is a favourable way to find the optimal solution
in control engineering, however, only a limited number of optimizations corresponding to
different degradation cases could be performed offline. To solve this limitation, a decision-
making process is developed to deal with the continuous degradation states in real time
based on a series of classification and decision fusion methods.

4.4.1/ PROGNOSTICS-BASED DECISION-MAKING (PDM)

4.4.1.1/ LITERATURE BACKGROUND

As discussed in the literature review, PHM has been undergoing rapid development in
recent years thanks to the sophisticated approaches in this field to estimate the system
health information. Using prognostics information to extend the RUL of the system, im-
prove reliability and increase the effectiveness can be referred as a prognostics-based
decision-making (PDM) procedure [71]. However, researches on PDM and how to com-
bine the prognostics health information to take actions haven’t been completely investi-
gated and are still in their early stages [61].

A few works on PDM developed for aeronautical and terrestrial vehicles have been propo-
sed in the literature. Tang et al. have firstly proposed to use prognostics-enhanced control
on the path planning of an unmanned ground vehicle [56]. RUL estimates are used as the
constraints in the cost function of the path-planning algorithm and a PHM-enable automa-
ted contingency management (ACM) system is developed and tested, as shown in Figure
4.19. In order to perform PDM in a more general framework, mission planning case stu-
dies for an unmanned aerial vehicle for aeronautical applications have been implemented
in [61, 71], in which the system model is a ’black box’. Afterwards, the demonstration of
PDM algorithms on a hardware mobile robot platform has been done to deal with realistic
fault scenarios in [106] and [72]. In addition to applying PDM in mission planning under
electrical system faults, it can also be used to solve the routing problem. In [182], the
prognostics algorithm is used to evaluate a set of feasible routes and the PDM procedure
is applied to choose the route that consumes the least total travel cost.

4.4.1.2/ PDM STRUCTURE IN HEALTH-CONSCIOUS EMS DEVELOPMENT

As stated in [71], PDM can be defined as the process of selecting system actions based
on the predictions of future system health states. While prognostics has been widely
applied to the power sources, namely batteries and fuel cells, to estimate their current
health state and estimate their future RULs, how to use the prognostics information in
the procedure of designing EMS for HEVs has remained discussing. In order to take care
of the power sources’ durability, the structure of developing a health-conscious EMS is
proposed in this section to give the basic ideas of how to combine PDM with energy
management in vehicle control.

Based on the knowledge in Chapter 3, prognostics algorithm is able to estimate the future
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FIGURE 4.19 – PHM-enabled ACM system hierarchy [56]

states based on the previous degradation trend at each desired time instant. However, the
degradation of power sources is a long-term procedure and there is no use to predict their
RULs on short time scales, which will lead to huge computation burden and insufficient
memory. Some researchers propose to define the time instants in order to indicate when
to start performing the prognostics. According to [151], setting a threshold on the SOH
to capture a performance drop may be one of the possible solutions. When it comes to
implementing EMS, the key point is to select suitable action that is suitable for the current
health state. Section 4.3 has described an effective health-conscious FLC that is tuned
by offline GA optimization, however, the FLC cannot be tuned at each time instant and
at each degradation state, which is not feasible and impossible to execute in real time.
Therefore, a solution is proposed to optimize a limited number of FLCs under different
degradation states offline and when RULs are obtained by the prognostics server, use
a classifier to obtain the corresponding confidence factors to these degradation states.
Then, a decision fusion method is applied to refine the online FLC parameters based on
the classification results. A scheme of the structure of using PDM in the development of
health-conscious EMS is demonstrated in Figure 4.20.

4.4.1.3/ HEALTH STATE CLASSIFICATION

In this study, three degradation states are defined for the fuel cell and the battery : no
degradation, low degradation and high degradation. It is assumed that the battery reaches
its EOL when the capacity degrades 30% [1, 93] and the fuel cell reaches its EOL when
the power performance degrades 10% [190]. Therefore, ”No degradation” here refers
that the performance of the battery and the fuel cell remains their original value, ”Low
degradation” refers that the battery capacity degrades 12% and the fuel cell degrades
4% and ”High degradation” refers that the battery capacity degrades 24% and the fuel
cell degrades 8%. It should be noted that the battery and the fuel cell may not degrade
to the same degradation state since the battery usually has a longer lifetime than fuel
cell, therefore, five degradation cases concurrently considering the degradation of both
the battery and the fuel cell are listed in the following Table 4.8.
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TABLE 4.8 – Five degradation cases of the hybrid system

Case No. Fuel cell health state Battery health state
1 No degradation No degradation
2 Low degradation No degradation
3 Low degradation Low degradation
4 High degradation Low degradation
5 High degradation High degradation

After defining the five degradation cases, five GA-optimized FLCs are obtained offline
under the corresponding cases. Despite the optimization done in the above section for
the first no degradation case, the other four optimization results are plotted in Figure
A.1 - Figure A.4 in Appendix A. The purpose of this offline optimization is to find the
optimal solutions (i.e. the parameters of MFs) separately to different degradation states.
However, the online operation is so complex and contains unprecedented changes that
cannot be simply referred to a single degradation state as defined above for offline trai-
ning. Therefore, to formulate the proper FLC that could be used for online operation, a
fuzzy inference classifier is applied to obtain a probabilistic classification of the real-time
degradation state. The degrees of resemblance are then fused by a decision fusion me-
thod based on Dempster-Shafer theory to elicit the best MF parameters for the online
FLC. Details are given in the next section.
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4.4.2/ FLC FORMULATION BASED ON DECISION FUSION

4.4.2.1/ FUZZY INFERENCE CLASSIFIER

Fuzzy inference classifiers have been widely applied in many fields, which have been
proved promising tools that can offer high performance (classification rates) and compu-
tational efficiency [37]. The key point of a fuzzy inference classifier is to map the input
space (the real-time estimated RULs) to an output space (five confidence factor values to
the pre-defined degradation cases). To solve the problem that a certain value of RUL can-
not unequivocally classify the degradation state in one case since the option to belong in
the other cases should be possible. Thus, the set of RULs can be considered as a fuzzy
set and fuzzy methods are appropriate to be applied to such a classification procedure.

The fuzzification of the inputs (RULs) is realized using three triangular-shaped and
trapezoidal-shaped MFs, which corresponds to three degradation states : ”No degrada-
tion”, ”Low degradation” and ”High degradation”. The vertices of the triangular and the
trapezoidal are the approximated RUL values corresponding to the degradation state de-
finition. On the other hand, there are five outputs and each consist of a Gaussian-shaped
MF referred to the confidence factor value of the five degradation cases. The number and
shape of the MFs were selected after an extensive set of preliminary tests that confir-
med that the utilized MFs could present adequate qualitative results. For example, if the
maximum RUL of the fuel cell is assumed as 1000 hours, the input MFs for the fuel cell
degradation classifier are defined as follows :

High degradation :

MF1(RUL) =


1, if 0 ≤ RUL ≤ 200
1 − RUL−200

400 , if 200 ≤ RUL ≤ 600
0, otherwise

(4.21)

Low degradation :

MF2(RUL) =


1 − 600−RUL

400 , if 200 ≤ RUL ≤ 600
1 − RUL−600

400 , if 600 ≤ RUL ≤ 1000
0, otherwise

(4.22)

No degradation :

MF3(RUL) =

1 − 1000−RUL
400 , if 600 ≤ RUL ≤ 1000

0, otherwise
(4.23)

The MFs of the five outputs are Gaussian functions depending on two parameters, σ and
c, which are given by :

MFoutput(CFn) = e( −(CFn−c)2

2σ2 )
, n = 1, 2, 3, 4, 5 (4.24)

where c and σ are the mean value and the variance, respectively. Here, the values c and
σ are fixed at 1.

The control rules are defined according to Table 4.8 :
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Rule1 : IF RUL is ”No degradation”, THEN CF1 is calculated by MFoutput ;
Rule2 : IF RUL is ”Low degradation”, THEN CF2 is calculated by MFoutput ∧ CF3 is

calculated by MFoutput ;
Rule3 : IF RUL is ”High degradation”, THEN CF4 is calculated by MFoutput ∧ CF5 is

calculated by MFoutput.

The structure of the proposed fuzzy inference classifier with the utilized MFs is represen-
ted in Figure 4.21. The classifier for the battery degradation is deduced with the same
criteria as the fuel cell so that it will not be repeated here.
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FIGURE 4.21 – Fuzzy inference classifier

Some of the classification results are demonstrated in Table 4.9.

TABLE 4.9 – Examples of classification results

ˆRUL f c (h) CF1 CF2 CF3 CF4 CF5
884 0.59 0.22 0.22 0 0
568 0 0.8 0.8 0 0
418 0 0.45 0.45 0.38 0.38
345 0 0.29 0.29 0.53 0.53
173 0 0 0 1 1
... ... ... ... ... ...

Until now, for each input of prognostics result, i.e., RUL, five confidence factors are allo-
cated to the pre-optimized FLCs under different degradation states. As explained above,
in each FLC, there are three output MFs that have been optimized by GA. How to employ
these confidence factors to the MFs is the next problem that will be solved by Dempster-
Shafer decision fusion theory in the following sections.
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4.4.2.2/ DECISION FUSION BASED ON DEMPSTER-SHAFER THEORY

Decision fusion is one of the three commonly used data fusion techniques whereas the
other two are data association and state estimation [74]. It is a technique that fuses in-
put decisions to obtain better or new decisions and aims to make a high-level inference
about the events and activities that are produced from the previous detected targets [163].
There are two most common methods in decision fusion process : Bayesian method
and Dempster-Shafer theory method. The Dempster-Shafer evidence theory is based on
the mathematical theory introduced by Dempster and Shafer, which has generalized the
Bayesian theory [6,7]. The Dempster-Shafer evidence theory could be used to represent
incomplete knowledge, updating beliefs, and a combination of evidence and allows to
represent the uncertainty explicitly [74]. The main difference between Dempster-Shafer
theory and other evidence theories is that the focal elements of a Dempster-Shafer struc-
ture can overlap each other, while the sum of the probability masses of the elements
remains one [126].

The representation of the Dempster-Shafer theory is described as follows : a mutually
exclusive and exhaustive element set is defined as Θ = {θ1, θ2, ..., θn}, which represents
the all possible events. The elements of the set 2Θ are called hypotheses. The basic
probability assignment is given by a mass function m : 2Θ → [0, 1], which satisfies

m(∅) = 0 (4.25)

∑
A∈2Θ

m(A) = 1 (4.26)

where A is one of the hypotheses. A belief function Bel : 2Θ → [0, 1] defines the incomplete
beliefs of one hypothesis :

Bel(A) =
∑
B⊆A

m(B) (4.27)

It is drawn from the sum of all the basic probability assignments of the subsets (B), be-
longing to the set of interest (A). When new evidence is available, a new mass function is
obtained by a combination rule m1⊕m2, which combines the effects of two mass functions
from different sources :

m(A) = m1 ⊕ m2(A) =

∑
B∩C=A m1(B)m2(C)

1 −
∑

B∩C=∅ m1(B)m2(C)
(4.28)

4.4.2.3/ APPLYING DEMPSTER-SHAFER THEORY TO FLC FORMULATION

At first, the use of Dempster-Shafer theory to fuse offline optimization results is justified.
The five optimized I f c MFs under different degradation cases are shown in Figure 4.22.
As described above, the first FLC has been optimized for case 1, however, one may not
know if it works well with case 2. If the MF range of the first FLC contains the MF range of
the second FLC, then one can say that the first FLC can also generate good results for the
case 2. To take into account this situation, we consider the relationship between different
FLCs with the help of Dempster-Shafer theory. It allows one to combine evidence from
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different sources and arrive at a degree of belief that takes into account all the available
evidences [126].

To apply Dempster-Shafer theory, it is necessary to determine the basic probability as-
signments (m(A)) and obviously, the above developed fuzzy inference classifier is a fa-
vourable method to get the degree of truth between 0 and 1. Therefore, using the basic
probability assignments given by the classifier, one can combine the evidence from dif-
ferent degradation cases and calculate the belief measure value that takes into account
all possible cases. It is done in a geometrical way. As seen in Figure 4.22, the shape of
the five triangle MFs are geometrically different from each other. The ranges of the two
sides (S1 and S2) of each triangle are compared in order to obtain the belief measures
associated with each side.
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FIGURE 4.22 – Optimized I f c MFs under different degradation cases

As indicated by (4.27), if the range of a side contains the range of other sides, the belief
measure of this side should consider all the probabilities of the subsets. Using the MF
of I f clow of case 2 as an example, in the first column of Figure 4.22, the range of S2 of
the second MF (b) contains S2 of the third MF (c) and S2 of the fifth MF (e). However, It
cannot cover the range of S2 of the first MF (a) and S2 of the fourth MF (d). As a result,
the belief value of S2 of the first MF for case 2 is CF2+CF3+CF5. Other belief measure
values are obtained using the same method and they are summarized in the third row of
Table 4.10.

Then, to obtain the basic belief assignment m(A) for the MF of one case, a Möbius trans-
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formation is used given the belief measure value of each side [28] :

m(A) =
∑
B⊆A

(−1)|A−B|Bel(B) (4.29)

where |A − B| represents the cardinality of A − B. Since the range of each side is defined
by only two points, it is uncountable. Besides, in our case, the side ranges of the MFs are
very small and the sizes of the ranges are relatively similar [178]. Therefore, (4.29) could
be simplified as :

m(A) =
∑
B⊆A

Bel(B) (4.30)

Based on (4.30), the calculated basic probability assignments of confidence factors for the
five degradation cases are listed in the fourth row of Table 4.10. The other two member-
ship functions are calculated based on the refined confidence factors delicately defined
in Table 4.11 and Table 4.12. Then, the dynamically adjusted parameters of the triangle
MFs of the online FLCs are computed using a weighted arithmetic mean. To consider the
health states of the fuel cell and the battery at the same time, the confidences to the two
fuzzy logic MFs are considered by a weighted average method with different allocated
weights. Therefore, the final MFs of the online used FLC are determined by the average
weighted value of them.
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TABLE 4.10 – Refined confidence factors of ”I f clow” MFs

Degradation cases Case 1 Case 2 Case 3 Case 4 Case 5
Side S1 S2 S1 S2 S1 S2 S1 S2 S1 S2

Belief measure value CF1 CF1 CF2 CF2+CF3+CF5 CF3+CF1+CF2+CF4 CF3+CF5 CF4 CF4+CF2+CF3+CF5 CF5 CF5
Probability assignment 2CF1 2CF2+CF3+CF5 2CF3+CF1+CF2+CF4+CF5 2CF4+CF2+CF3+CF5 2CF5

TABLE 4.11 – Refined confidence factors of ”I f cmed” MFs

Degradation cases Case 1 Case 2 Case 3 Case 4 Case 5
Side S1 S2 S1 S2 S1 S2 S1 S2 S1 S2

Belief measure value CF1 CF1 CF2 CF2+CF5 CF3+CF1+CF2 CF3+CF2+CF5 CF4+CF1+CF2+CF3+CF5 CF4+CF5 CF5+CF2 CF5
Probability assignment 2CF1 2CF2+CF5 2CF3+CF1+2CF2+CF5 2CF4+CF1+CF2+CF3+2CF5 2CF5+CF2

TABLE 4.12 – Refined confidence factors of ”I f chigh” MFs

Degradation cases Case 1 Case 2 Case 3 Case 4 Case 5
Side S1 S2 S1 S2 S1 S2 S1 S2 S1 S2

Belief measure value CF1+CF3+CF4+CF5 CF1+CF2 CF2 CF2 CF3+CF4+CF5 CF3 CF4+CF5 CF4 CF5 CF5+CF4
Probability assignment 2CF1+CF2+CF3+CF4+CF5 2CF2 2CF3+CF4+CF5 2CF4+CF5 2CF5+CF4
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4.4.3/ SIMULATION RESULTS DEMONSTRATION

Simulations are carried out under MATLAB®/Simulink® environment. Due to memory li-
mits, the simulation of the degradation process is accelerated based on the degradation
trend obtained from the experiment results. The used WLTC class 2 driving cycle is repea-
ted until 100 hours. Two simulations have been performed for the comparison. The first
performed no prognostics and it operated with the baseline EMS all along the operation
time regardless of the power source degradation. The other simulation implements the
health-conscious EMS, which performed prognostics when the fuel cell drops 5% of its
performance (10% loss of performance is regarded as fuel cell’s EOL). According to the
prognostics results, the real-time FLC was refined based on the above-described method
and the simulation is stopped when the fuel cell reached its EOL.

The fuel cell power and battery SOC comparison results have been plotted in Figure
4.23 (a)-(d). Results showed that without considering degradation, the original FLC hasn’t
been tuned so it lost its optimality along with the system degradation and caused more
fuel cell power dynamics and battery SOC decrease, as shown by the blue line in Figure
4.23. The health-conscious EMS tuned the FLC when the degradation of the fuel cell
reaches 5% so that it lowered the power dynamics based on the current prognostics
results and tried to maintain the battery SOC at a good level (red line in Figure 4.23). It
could be seen in the zooming part when the prognostics happens that instead of operating
with high dynamics, the fuel cell is tuned to find its good operation point again and the
SOC of the battery is also starting to level up.

As it is assumed that the fuel cell reached its EOL when it lost 10% performance, the
baseline EMS uses the fuel cell with too many dynamics so that it reached EOL much
earlier than the health-conscious EMS. At the same time, the battery has degraded but
can still be used when the fuel cell ends its life. By plotting the cumulative degradation
of the fuel cell and the battery (Figure 4.24 (a)-(b)), it could be found that the health-
conscious EMS has mitigated the degradation of the fuel cell prolonged the lifetime of the
fuel cell by 42% approximately.

In real life, if the fuel cell degrades to its EOL in a hybrid system, there is no choice but
to change the fuel cell to a new one. This will add extra cost. Now, it is assumed that
the completed degraded fuel cell is replaced by a brand-new one while the battery could
remain in use. The simulation is prolonged to calculate the economic cost by degradation.
Results with fuel cell replaced are plotted in Figure 4.25.
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(a) Fuel cell power comparison
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(b) Battery SOC comparison
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(c) Comparison of fuel cell power when prognostics happens
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(d) Comparison of battery SOC when prognostics happens

Baseline EMS
Health-conscious EMS

FIGURE 4.23 – Comparison results between baseline EMS and health-conscious EMS :
(a) Fuel cell power comparison ; (b) Battery SOC comparison ; (c) Zooming part of the
comparison of fuel cell power when prognostics happens ; (d) Zooming part of the com-
parison of battery SOC when prognostics happens.
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FIGURE 4.24 – Degradation comparison between baseline EMS and the proposed health-
conscious EMS : (a) Comparison of fuel cell degradation ; (b) Comparison of battery de-
gradation.

FIGURE 4.25 – Degradation comparison between baseline EMS and the proposed health-
conscious EMS : (a) Comparison of fuel cell degradation (fuel cell replaced) ; (b) Compa-
rison of battery degradation.
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Based on 2020 automotive fuel cell system target defined by the US Department of
Energy, the fuel cell costs 100 US dollars per kW [191]. The cost of the battery is fixed at
200 US dollars per kWh according to [128]. The second fuel cell with baseline EMS hasn’t
reached its EOL when the simulation stopped at the time point when the EOL of the fuel
cell with health-conscious EMS is reached. Besides, both batteries in the two cases ha-
ven’t reached their EOL. Therefore, the economic costs are calculated by compensating
the unused part of fuel cell and battery (FCrest and BATrest ). They are compared in the
following Table 4.13. Combining the degradation cost of both the fuel cell and the battery,
the health-conscious EMS has effectively mitigated the degradation of the system and
saves additionally the cost of maintenance caused by element replacements.

TABLE 4.13 – Comparison of the economic cost

Cost ($) Fuel cells Batteries FCrest BATrest Total
Baseline EMS 2*600 1*640 -303.6 -177.7 1358.7

Health-conscious EMS 1*600 1*640 0 -71.2 1168.8

4.4.4/ PROGNOSTICS OCCURRENCE DISCUSSION

In order to discover how prognostics occurrence will have an influence on mitigating the
degradation, four more simulations have been performed with the prognostics happening
at different frequencies. Except for the one defined above, another four simulations are
executed where the prognostics is implemented whenever the fuel cell degrades by 1%,
2%, 3% and 4%, while the FLC is refined nine times, four times, three times and twice,
respectively. The simulation is stopped whenever the fuel cell reached 10% degradation
or the battery reached 30% degradation in order to compare the lifetime. This means
that the battery and the fuel cell are not allowed to be replaced in these simulations
and only one battery and one fuel cell are consumed (600US D + 640US D = 1240US D).
The evolution of the measured fuel cell stack voltage is shown in Figure 4.26, which is
smoothed and sampled and the evolution of the battery capacity degradation is shown in
Figure 4.27.

FIGURE 4.26 – Evolution of the measured fuel cell stack voltage
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FIGURE 4.27 – Evolution of the measured battery capacity

As it could be seen from the results that the EMS without prognostics has reached the
EOL of the fuel cell within 70 hours, while the other five EMSs with different prognostics
occurrence frequencies have prolonged the lifetime of the system to different degrees.
The EMSs with ∆D f c = 1%, ∆D f c = 2% and ∆D f c = 3% have consumed the battery to its
EOL before the EOL of the fuel cell, and the EMSs with ∆D f c = 4% and ∆D f c = 5% have
reached the EOL of the fuel cell before the EOL of the battery. The comparison of the
lifetime improvement is demonstrated in Figure 4.28. Compared to the baseline EMS, the
proposed health-conscious EMSs with different prognostics occurrence frequencies can
improve the lifetime of the hybrid system by at least 42.6% and the EMS3 with ∆D f c = 3%
has reached the longest lifetime of the system, 56% longer than the baseline EMS.

FIGURE 4.28 – Lifetime improvement comparison

However, it doesn’t mean that frequent prognostics can lead to better performance of
the hybrid system. As the battery and the fuel cell cannot degrade in the same manner,
Table 4.14 quantified their degradation by cost and compared together with the lifetime
improvement of different EMSs when the system reached its EOL.
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TABLE 4.14 – Comparison of economic cost with different prognostics occurrence fre-
quencies

FCrest ($) BATrest ($) Cost ($) Lifetime improvement
Baseline EMS 0 -308.9 931.1 –

EMS 1 (∆D f c = 5%) 0 -71.2 1168.8 42.6%
EMS 2 (∆D f c = 4%) 0 -160.85 1079.1 48.6%
EMS 3 (∆D f c = 3%) -19.8 0 1220.2 56.0%
EMS 4 (∆D f c = 2%) -103.2 0 1136.8 51.1%
EMS 5 (∆D f c = 1%) -183 0 1057 49.7%

Although the baseline EMS costs the least on the power source degradation, the fuel
cell lost its functionality much earlier than the battery, which might cause extra mainte-
nance or replacement cost, as discussed in the above section. EMSs with ∆D f c = 5% and
∆D f c = 4% consumes the fuel cell faster than the battery, while the EMS with ∆D f c = 4%
saves more battery life and further improves the lifetime of the system, 48.6% compared
to 42.6% when ∆D f c = 5%. This is because the EMS with ∆D f c = 4% tuned the control-
ler when the fuel cell degradation reached 4% and 8% while the EMS with ∆D f c = 5%
tuned the controller only when the fuel cell degradation reached 5%. Therefore, it can be
concluded that it is necessary to take into consideration the health state of the system
when the fuel cell reaches high degradation so that the prognostics results could redirect
the controller opportunely to avoid further degradation. EMSs with ∆D f c = 3%, 2% and
1% tunes the controller more frequently according to the health state of the fuel cell and
results show that the fuel cell degrades more slowly than the battery as the frequency
of prognostics is getting higher. However, less cost on power source degradation doesn’t
mean longer system lifetime. The battery ends its life earlier when more consideration is
taken on the fuel cell, which will lead to shorter system lifetime. Therefore, according to
the results, too many times implementation of prognostics will not only add extra uncer-
tainties to the health state prediction results but also shorten the entire system lifetime
and add extra maintenance cost. Based on Table 4.14, the developed health-conscious
EMS with ∆D f c = 3% is regarded to have the best performance with the highest lifetime
improvement of 56%. Besides, further research emphasis could be placed on mainte-
nance scheduling of the hybrid system based on health management.

The corresponding power distribution, battery SOC evolution and degradation evolution
of both battery and fuel cell are plotted in Figure B.1 to Figure B.5 in Appendix B.

4.5/ SYNTHESIS

This chapter describes the contribution of developing an online health-conscious EMS
for fuel cell HEVs, which is designed based on a prognostics-based decision-making
process. Based on previous prognostics works, a simulation model of fuel cell HEV has
been built in Matlab/Simulink environment. The power source degradation is simulated
based on historical datasets. A prognostics-based decision-making process has been
proposed, which refines the FLC through a health state classification and decision fusion
approach. Results show that with an opportunely adjustable FLC, the degradation cost of
the power sources has been mitigated and the lifetime of the system has been prolonged.
Compared to existing health-conscious EMS, the proposed EMS has achieved online
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auto-corrective control based on health state estimation and prediction. A comparison
between the existing real-time optimization-based health-conscious EMSs that have been
reviewed in Chapter 1 and the proposed health-conscious EMS is summarized in Table
4.15.

TABLE 4.15 – Comparison between the existing real-time optimization-based health-
conscious EMSs and the proposed prognostics-based health-conscious EMSs

Existing real-time optimization-
based EMSs

Proposed prognostics-based
EMS

Health state mo-
nitoring

Degradation knowledge is ba-
sed on predefined models de-
veloped based on human ex-
pertise, which cannot react to
the real driving conditions ;

Current health state and
RULs are estimated online
by prognostics based on
prior observed monitored
degradation data ;

decision-making
process

The EMS is adjusted by sol-
ving the optimization problem at
each step causing huge calcu-
lation burden ;

Decision is enabled by pro-
gnostics results by defining
thresholds to reduce the re-
dundancy of decisions ;

Optimality Suboptimal due to the lack of
global knowledge ;

Suboptimal due to error in
decision-making process ;

Application No long-term application yet ; Long-term online operation
capability ;

In fact, this study is a first trial of completing the PHM cycle for fuel cell HEV applications,
which started from data collecting and data processing to online prognostics and com-
plete the decision support at the end. However, this study is based on simulated data, real
operation conditions haven’t been considered. Besides, the optimality of the FLCs highly
depends on the defined cost functions so that it can hardly reach the optimal point due to
model limits. Further researches on hybrid system degradation observation and model-
ling and validations of the proposed EMS by experiments are expected in the future. Next
chapter concludes all the previous chapters and limits and perspectives on the studied
prognostics-based energy management are given at the end. Future works are expected
in this field.
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5
CONCLUSION AND PERSPECTIVES

This chapter concludes the research work by summarizing the issues addressed in this
thesis. A discussion on the limits and possible future orientations is also laid out to go
further on this subject.

5.1/ CONCLUSION

The works presented in this thesis are the contributions to the durability improvement
of fuel cell/battery hybrid system. To do this, a cycle of PHM is realised in fuel cell HEV
applications, i.e., not only the prognostics aspect but also the health management aspect,
which is realised by developing an EMS based on prognostics results. To recapitulate, the
main contributions are presented as follows :

The first chapter has provided a description of motivations and the general context of the
subject of this research work. It has been pointed out that electric vehicles powered by
the fuel cells are assumed to be a promising solution for the future’s automotive mar-
ket. The development of hybridizing fuel cell with other power sources, e.g., lithium-ion
batteries, has been a polarizing topic for years. However, the unsatisfied lifetime of PEM
fuel cell and batteries has been a common issue that impedes them from massive use
in automobiles. To face this challenge, we have proposed to apply PHM in the health-
conscious EMS design of HEVs. A framework of developing on-board prognostics-based
health-conscious EMS, as well as the objectives and the methodology followed during the
development of this work have been presented.

Then, in the second chapter, the possibility of hybridizing fuel cell with battery is justified
and some generalities on PEM fuel cells and lithium-ion batteries are discussed. The ope-
ration principles and degradation mechanisms are presented, as well as their degradation
modelling approaches that have existed in the literature of vehicle applications. Pros and
cons are analyzed. As the PHM of fuel cell hybrid vehicles is still in a relatively early
stage of development, prognostics methods based on state estimation are revealed to be
the associated opportunities that can be combined with energy management to further
improve the durability of the system.

The third chapter developed a particle filtering based prognostics algorithm for both PEM
fuel cells and lithium-ion batteries. It is applied to historical datasets, which is a commonly
used way in this field to interpret the power source degradation. As the prognostics results
are expected to be used in the management aspect of PHM, we paid special attention to
the evaluation of the prediction accuracy and precision. Besides, due to the fact that the
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fuel cell health is indicated by its voltage drop, an investigation on different time scales
is performed in order to see the possibility of saving online calculation cost and results
have justified that a moderate time-scale has already satisfied performance and can be
applied for online health state estimation and prognostics.

As a major contribution, the fourth chapter has presented the development of the propo-
sed health-conscious EMS based on prognostics results, which is designed based on a
decision-making process. It contributes to the improvement of the fuel cell hybrid system
durability and has been validated on a simulated battery/fuel cell series hybrid system.
Accelerated simulation has been implemented with repeated WLTC class 2 driving cycle
for long-term operation. The key idea is to adjust the parameters of the fuzzy logic control-
ler opportunely according to the current health state through classification and decision
fusion approaches. An integrated PHM cycle has been realised in an early stage for the
studied fuel cell HEV application. The process is shown in Figure 5.1. Results showed
that the lifetime of the system has been considerably prolonged and the cost due to po-
wer source degradation has been mitigated.

FIGURE 5.1 – PHM cycle realised in an early stage

5.2/ LIMITS OF THE CURRENT WORK

The work presented in this manuscript is oriented to formulate the entire PHM cycle and
to make it work with energy management in fuel cell HEV applications. The results have
shown an improvement on the system’s durability and the mitigation of degradation cost.
However, there are some limits that should be pointed out so that possible solutions could
be come up.

— Model dependence : The particle filtering prognostics method developed in Chap-
ter 3 is based on empirical models, however, the selection of models and the initia-
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lization of model parameters can highly influence the prognostics results. As fuel
cell is such a complex multi-physical system, fuel cell voltage can be a nonlinear
function of current, stack temperature, the partial pressures of oxygen gas and the
partial pressures of hydrogen gas inside the cell. The physical phenomenon invol-
ved in fuel cell ageing hasn’t been well investigated for the moment and led to the
difficulties in the selection of models. Besides, due to the uncertainties of on-board
fuel cell operation, the degradation becomes more changeable and unpredictable.
Improperly chosen models cannot well represent the degradation trend no matter
how the parameters are calibrated.

— RUL confidence : The median RULs calculated according to the distribution of
particles have been used online as the prognostics results to guide the following
PDM process. However, the median RUL values cannot represent a hundred per
cent confidence. RUL uncertainties have not been involved in the classification
phase, instead, a classification method based on Gaussian-shaped fuzzy infe-
rence system is used.

— Prognostics occurrence frequency : The degradation states are roughly classi-
fied in the developed decision-making process and the frequency of prognostics
occurrence is few tested (only five cases). However, in real operation conditions,
more frequent actions should be taken and the result may be altered to the cur-
rently obtained one.

— Optimality : In Chapter 4, an offline optimization is realized by genetic algorithm.
Due to the fact that the genetic algorithm is a global optimization approach, the dri-
ving cycle has to be known as prior knowledge. In this work, only one driving cycle
is selected to obtain the optimized fuzzy logic controller under different degradation
states. The influence of driving conditions is not taken into consideration.

— Simulated data : The obtained results of this work are based on simulation, where
the degradation of the fuel cell and the battery are considered separately. Whether
the interactions of the two power sources may have an influence on the degrada-
tion of each other hasn’t been studied due to the lack of real hybrid system test
data.

5.3/ PERSPECTIVES

Regarding the limits of this thesis, the following perspectives are proposed and worth
considering to deepen the influence of this research.

1. Efforts should be made to enhance the results of prognostics that can be used to
formulate the global PHM cycle. It should be independent of the operation conditions
and predict the health state accurately and reliably. Studies have been done in the
state of the art to develop the nonlinear physical models for the fuel cell system but
the models are not general enough and the parameter characterization can always
be an inevitable issue. To solve this problem, data-driven prognostics methods are
increasingly considered in fuel cell PHM studies thanks to its model-free nature.
Without any knowledge in physical or mechanical field, a data-driven prognostics
method is expected to be developed to derive the behaviour model directly from
the available data, while how to implement prognostics with limited datasets without
sacrificing the robustness and reliability is still worth discussing. In fact, there are
some data-driven methods existing in the literature that have been widely used in
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fuel cell prognostics research [82,104,147,148,170,180]. According to the author’s
recent results, a deep learning architecture has been proposed in recent works to
implement fuel cell prognostics. The structure of the proposed method is shown in
Figure 5.2, and the architecture used to train the data is based on stacked denoising
autoencoder (SDA). However, more efforts are expected to integrate this method for
the developed online PHM cycle.
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FIGURE 5.2 – Prognostics framework based on a deep learning architecture

2. Instead of modelling the prognostics uncertainties by fuzzy inference system in the
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decision-making process, it is more reasonable to use the uncertainty of the RUL
distribution to give the confidence factors to different degradation states, as shown
in Figure 5.3, which can be easily obtained by the particle distribution when using
particle filtering prognostics method. However, it requires high quality of prognos-
tics performance, which is expected to be improved by the proposed deep learning
prognostics method.

FIGURE 5.3 – Health state classification based on RUL uncertainty

3. A more detailed simulation with more variations on prognostics occurrence fre-
quency is expected in future works using a more effective simulation tool or by
simplifying the simulated model. As the focus of this thesis is to justify how to do
immediate control towards the long-term degradation phenomenon, further investi-
gations on decision support should be launched to enrich the developed framework.

4. More researches are expected to discover the variation of the results if the driving
conditions are changed and to find a generalized solution that can help against this
problem. Artificial intelligence methods, such as neural networks, model predictive
control, etc. have been used in the literature to predict the driving conditions and
can be promising methods to be combined in the optimization process.

5. The works implemented in this thesis are principally based on the simulated envi-
ronment. A test campaign is expected to realize the results with real driving condi-
tions and interactions in the hybrid system should be investigated. In fact, two field
test platforms have been fabricated by our industrial partner H2SYS, the structures
of which are demonstrated in Figure 5.4. Both of the two platforms are hybrid sys-
tems with a 600W fuel cell and a 24V battery connected in series by a DC/DC
converter. The first hybrid system is fabricated with a simple battery management
system (BMS) used for comparison and the second system is fabricated with an
open supervisor, in which the developed prognostics-based health-conscious EMS
could be coded and tested. Degradation of the power sources is going to be mea-
sured by their health indicators. Results are expected to be released in the author’s
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post-doctoral works and this kind of field tests is expected to allow much easier
promotion of the developed technology into industry.

FIGURE 5.4 – Expected field test scenarios

6. Finally, it should be noticed that the EMS developed for the hybrid system, to its very
nature, is an immediate control action. This thesis has tackled the problem that how
to make immediate controls to avoid and to mitigate the degradation that appears as
a long-term phenomenon. However, according to [151], to perform prognostics, phe-
nomena with time constants greater than the hour are considered and the related
maintenance scheduling and mission-replanning problem should be concerned in
the decision support layer of PHM cycle. An illustration of decision policies is shown
in Figure 5.5. To solve this problem, multi-criteria optimization, operational research
techniques, combinatorial optimization (heuristics and meta-heuristics), case-based
reasoning and knowledge-based reasoning are some promising methods that are
worth studying. Besides, to implement control together with the scheduling and assi-
gnment problems is another underlying problem and should be considered to contri-
bute to an integrated decision layer of PHM.

FIGURE 5.5 – Illustration of short/long-term decision policies [151]
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N. Degradations analysis and aging modeling for health assessment and
prognostics of pemfc. Reliability Engineering and System Safety 148 (2016), 78
– 95.

[153] JOUIN, M., GOURIVEAU, R., HISSEL, D., PÉRA, M.-C., AND ZERHOUNI, N. Joint
particle filters prognostics for proton exchange membrane fuel cell power
prediction at constant current solicitation. IEEE Transactions on reliability 65, 1
(2016), 336–349.

[154] JOUIN, M., GOURIVEAU, R., HISSEL, D., PÉRA, M. C., AND ZERHOUNI, N. Com-
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A
GA OPTIMIZATION RESULTS UNDER

DIFFERENT DEGRADATION STATES

Simulation results are demonstrated in Figure A.1 to Figure A.4 corresponding to the de-
gradation cases 2 to 5 defined in Table 4.8. As the parameters of the FLC are optimized
under different degradation cases, they are varying from each other. However, it should
be noticed that GA optimization is limited by the generation number so that the optimi-
zation results could only be sub-optimal ones and the larger the generation number, the
better the results could be. In our simulation, the generation is determined as 400 and, in
each generation, 50 individuals are generated. As it could be seen in the results, the op-
timization results are good enough to achieve smooth fuel cell operation and good SOC
maintenance.
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158ANNEXE A. GA OPTIMIZATION RESULTS UNDER DIFFERENT DEGRADATION STATES

FIGURE A.1 – Fuzzy logic controller results after GA optimization (degradation case 2) :
(a) Power distribution ; (b) Fuel cell power comparison ; (c) Battery SOC comparison ; (d)
Fuel cell degradation comparison ; (e) Battery degradation comparison.
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FIGURE A.2 – Fuzzy logic controller results after GA optimization (degradation case 3) :
(a) Power distribution ; (b) Fuel cell power comparison ; (c) Battery SOC comparison ; (d)
Fuel cell degradation comparison ; (e) Battery degradation comparison.



160ANNEXE A. GA OPTIMIZATION RESULTS UNDER DIFFERENT DEGRADATION STATES

FIGURE A.3 – Fuzzy logic controller results after GA optimization (degradation case 4) :
(a) Power distribution ; (b) Fuel cell power comparison ; (c) Battery SOC comparison ; (d)
Fuel cell degradation comparison ; (e) Battery degradation comparison.
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FIGURE A.4 – Fuzzy logic controller results after GA optimization (degradation case 5) :
(a) Power distribution ; (b) Fuel cell power comparison ; (c) Battery SOC comparison ; (d)
Fuel cell degradation comparison ; (e) Battery degradation comparison.





B
SIMULATION RESULTS WITH

DIFFERENT PROGNOSTICS
OCCURRENCE

In order to discover if the prognostics occurrence could have an influence on mitigating
the degradation, five simulations have been performed with the prognostics happening at
different frequencies. They are executed by having the prognostics implemented whene-
ver the fuel cell degrades by 1%, 2%, 3%, 4% and 5%, while the FLC is refined nine times,
four times, three times, twice and once, respectively. The simulation is stopped whenever
the fuel cell reached 10% degradation or the battery reached 30% degradation in order to
compare the lifetime. Table 4.14 in Chapter 4 compared the cost and the lifetime impro-
vement of different EMSs when the system reached its EOL. The corresponding power
distribution, battery SOC evolution and degradation evolution of both battery and fuel cell
are plotted as follows :
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164ANNEXE B. SIMULATION RESULTS WITH DIFFERENT PROGNOSTICS OCCURRENCE

FIGURE B.1 – Simulation results with ∆D f c = 0.5 : (a) Power distribution ; (b) Battery SOC
evolution ; (c) Fuel cell degradation evolution ; (d) Battery degradation revolution.
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FIGURE B.2 – Simulation results with ∆D f c = 0.4 : (a) Power distribution ; (b) Battery SOC
evolution ; (c) Fuel cell degradation evolution ; (d) Battery degradation revolution.



166ANNEXE B. SIMULATION RESULTS WITH DIFFERENT PROGNOSTICS OCCURRENCE

FIGURE B.3 – Simulation results with ∆D f c = 0.3 : (a) Power distribution ; (b) Battery SOC
evolution ; (c) Fuel cell degradation evolution ; (d) Battery degradation revolution.
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FIGURE B.4 – Simulation results with ∆D f c = 0.2 : (a) Power distribution ; (b) Battery SOC
evolution ; (c) Fuel cell degradation evolution ; (d) Battery degradation revolution.



168ANNEXE B. SIMULATION RESULTS WITH DIFFERENT PROGNOSTICS OCCURRENCE

FIGURE B.5 – Simulation results with ∆D f c = 0.1 : (a) Power distribution ; (b) Battery SOC
evolution ; (c) Fuel cell degradation evolution ; (d) Battery degradation revolution.
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