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stack as weil as the influence of initial and final battery SOC 
over the perfonnance of the studied cases. ln this regard, each 
test is repeated five times starting with different initial SOCs 
(60%, 65%, 70%, 75%, and 80%). Subsequently, the 
difference between initial and final SOC �(�~�S�O�C�)� versus the 
hydrogen consumption is plotted. Fonn this figure, it is c1ear 
that under both driving cycles, regardless of the initi al and 
final battery SOC, the QPSys-up achievs the lowest and the 

QPCom_Out reaches the highest hydrogen consumption. 
Comparing QPsys-up and QPCom- up shows that hydrogen 
consumption has decreased up to 3.7% and 2.6% in Fig. 18a 
and Fig. 18b respectively due to the integration of the 
proposed systemic management. Moreover, comparison of 
QPCom-up and QPCom_Out shows that ignorance of adaptation 
to the PEMFC health state has increased hydrogen 
consumption up to 3.2% and 6.6% in Fig. 18a and Fig. 18b 
respectively . Regarding the BLFS, inclusion of the systemic 
management has declined the hydrogen consumption up to 
3.4% in Fig. 18c and 3% in Fig. 18d. 
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Fig. 17. The distribution of the drawn current from the PEMFC stack, a) 
and c) WLTC_class 3, b) and d) CYC_WVUINTER. 
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Fig. 18. Hydrogen consumption for various initial Battery SOCs, a) and 
c) WL TC_class 3, b) and d) CYC_WVUINTER. 

V. CONCLUSION 

This paper proposes a new methodology to increase the 
efficiency of an EMS in a low-speed FCHEV. The EMS 
works based on an online systemic CUITent and temperature 

management of the PEMFC stack and detennines the 
reference requested power as weil as the reference temperature 
to efficiently distribute the power between the sources. Since 
the constraints of the EMS are updated by an online model of 
the PEMFC, the variation of operating conditions and 
degradation cannot cause mismanagement in the operation of 
the vehicle. Two EMSs, namely QP and BFLS, have been 
developed to verify the effect of the proposed systemic 
management on the hydrogen consumption. The two 
strategies, which are premised on the online systemic 
management (QPsys-up and BLFSsys-up), are tested under two 
driving cycles (WL TC _ class 3 and CYC _ WVUINTER) and 
compared with three other case studies: QP and BFLS using 
an updated map (QPcom-up and BLFScom- up), and QP using 
an outdated map (QPcom_Out), where the reference temperature 
to reach the assigned power by the EMSs is determined by the 
fan commercial controller in ail the three cases. The 
comparative study illustrates that having an outdated PEMFC 
map can deteriorate the fuel economy of the studied vehicle up 
to 6.6% (comparison of QPcom-up and QPCom_Out strategies). 
Moreover, incorporating the systemic management into the 
EMSs can enhance the hydrogen economy up to 3.7% in QP 
and 3.4% in BFLS. 

Looking forward, sorne prospects for extending the scope of 
this paper remain as follows: 

• Testing the effect of the proposed systemic 
management in this study on the perfonnance of 
other common EMSs in this domain. 

• Extending the idea of systemic management to water 
management of the PEMFC stack to devise an 
adaptive purging procedure for vehicular 
applications. It will create a link between the EMS 
policy and the purging cycle for a better water 
distribution. 

• Developing an online adaptation scheme and 
systemic management for the battery pack as the 
second power source ofa FCHEV. 
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5.3 Conclusion 

This chapter puts the finishing touches to the development of an upgraded EMS which 

considers the systemic management and online modeling of a PEMFC stack. In this respect, 

a methodology for simultaneous management of PEMFC CUITent and temperature is 

proposed first. Subsequently, this systemic management is incorporated into two online 

EMSs (QP and BLFS) in a FCHEY. 

The developed systemic management strategy is based on a 3D power map, which 

provides an efficient path based on the stack temperature and the CUITent level of the PEMFC 

system. It meets the requested power from the stack with high level of efficiency. The 

obtained results from the conducted experiments highlight the satisfying performance of the 

proposed methodology by improving the system efficiency up to 13 % and 16 % for constant 

and variable power profiles respectively. 

This EMSs work based on the systemic CUITent and temperature management and 

determine the reference requested power as weil as the reference temperature from the stack 

to efficiently distribute the power between the sources. Since the constraints of the EMSs are 

updated by an online model of the PEMFC, the variation of operating conditions and 

degradation cannot cause mismanagement in the operation of the vehicle. The comparative 

study illustrates that having an outdated PEMFC map can deteriorate the fuel economy of the 

studied vehic\e up to 6.6% (comparison of QPCom-up and QPCom_Out strategies). Moreover, 

incorporating the systemic management into the EMSs can enhance the hydrogen economy 

up to 3.7% in QP and 3.4% in BFLS. 

Next chapter provides a general conclusion along with future direction ofthis work. 
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Chapter 6 - Conclusion 

FCHEVs represent a gradually increasing segment ofthe automotive market due to many 

favorable features. The overall performance of these vehicles, which includes drive quality, 

fuel economy, and the total co st of ownership, is highly dependent on the design of 

appropriate EMSs. This dissertation foc uses on offering a clear understanding of the 

relationship between fuel consumption and PEMFC stack systemic management and 

degradation. This objective is pursued by developing EMSs that adopt a systemic viewpoint 

towards the management of the PEMFC stack and can embrace the stack performance drifts 

caused by degradation and operating conditions variation. Driven by this motivation, this 

thesis mainly discusses the use of online identification techniques for adapting the behavior 

of a PEMFC model to the performance drifts of the real device and integrating this online 

model into the EMS formulation of a FCHEV. The development of online PEMFC models 

by using these techniques prevents one from developing complicated mechanistic models to 

embrace the influence of aU the operating and ambient conditions as weil as ageing, which 

is a highly complicated phenomena to be modeled. 

In order to provide a proof of concept for the set goals in this thesis, before going through 

the development of online estimation algorithms, chapter 2 illustrates the level of inaccuracy 

that can be caused by having a degraded PEMFC system as weU as the amount of 

improvement that can be reached by having a systemic management. In this regard, an 

optimal EMS based on DP is designed in this chapter once with one control variable (PEMFC 

cUITent) and another time with two control variables (PEMFC CUITent and stack tempe rature) 

for two PEMFCs with different levels of degradation. The comparison of unidimensional 
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strategy, which is similar to the ones already available in the literature, and the bidimensional 

strategy, which is based on the systemic management of the stack, shows that the fuel 

economy can be increased by 4.1 % just by adding the tempe rature dimension for the tested 

driving cycles. Moreover, it is observed that if the energy management policy is not adapted 

to the real state of health of the PEMFC stack, it leads to poor performance of the strategy 

and increases the fuel consumption up to almost 24.8% in the studied cases in this chapter. 

The results of this chapter provide a con crete proof for the fruitfulness of the set objectives 

in this thesis regarding the ameliorating the fuel economy of a FCHEV. 

After realizing the importance of adaptation to the real state of a PEMFC system, chapter 

3 touches on the important subject ofPEMFC online modeling. The online model is expected 

to provide the real characteristics of the PEMFC system, such as maximum power and 

efficiency points, to be used in the design of EMS. In this respect, a multi-input semi­

empirical model is selected for estimating the behavior of a PEMFC stack and the parameters 

of this model are identified online using different recursive filters. According to the 

benchmark study of this chapter, Kalman filter shows a very good performance for online 

parameters identification of the selected model, which has been proposed by Amphlett et. al. 

Moreover, a comparative study oflinear and nonlinear parameters estimation of the PEMFC 

model shows that by estimating the maximum CUITent density of the PEMFC, which is a 

nonlinear parameter in the selected model, the estimation quality of PEMFC characteristics 

increases noticeably. 

While the development of an online PEMFC model based on recursive filters is dealt 

with in chapter 3, no solution is provided for the initialization of this approach. In fact, 

initialization plays an important role in achieving accurate results. In this regard, chapter 4 
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discusses the importance of initialization in improving the online estimation accuracy of the 

PEMFC characteristics. In this chapter, a benchmark study of three well-known 

metaheuristic optimization algorithms, which are one of the most reliable approaches for 

extracting the PEMFC model parameters offline, is performed to find the most dependable 

one. Subsequently, the selected algorithm, which is SFLA, is used to tune the initial 

parameters of the PEMFC model and the two (R and Q matrices) variables of Kalman filter. 

The results ofthis section show that good estimation of characteristics can be reached quicker 

and more conveniently by having an appropriate initialization. 

After developing a suitable online model for estimating the PEMFC characteristics, this 

thesis aims at proposing a systemic management for the PEMFC stack and integrating it into 

the EMS design. To do so, chapter 5 puts forward a concurrent PEMFC current and 

tempe rature systemic management to supply the requested power from the stack with high 

level of efficiency. Moreover, this systemic management is incorporated into the EMS design 

of a FCHEV in this chapter. 

To develop the systemic management approach, the characteristics map of PEMFC is 

generated to relate the power of the PEMFC stack to its current and temperature. Afterwards, 

according to the requested power from the PEMFC, a reference temperature is extracted from 

the map and sent to an optimized fuzzy controller to be reached. In the meantime, the current 

is being regulated by a PI controller which gives relaxation time to the PEMFC system for 

reaching the reference temperature. A comparative study between the performance of a 

commercial controller and the proposed systemic management is conducted in this chapter 

to illustrate the effectiveness of the suggested strategy. According to this study, the proposed 
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strategy is able to decrease the hydrogen consumption of the PEMFC system by 13% and 

16% for the case of constant and variable power profiles respectively. 

Subsequently, in chapter 5, it is shown how the provided bases in terms of online PEMFC 

modeling and systemic management can be incorporated into the design of EMSs for 

FCHEVs. These EMSs indicate indeed the eventual purpose ofthis thesis which is a strategy 

that leads to the determination of PEMFC current and stack tempe rature as opposed to the 

existing strategies which only determine the required PEMFC CUITent. Moreover, the 

proposed strategies are capable of embracing the drifts in the PEMFC performance due to 

degradation and operating conditions variation as the model is being updated online. The 

performed study in this section indicates that including the systemic management into the 

EMS can enhance the fuel economy up to 3.7%. Moreover, if the PEMFC map becomes 

outdated, it can degrade the FCHEV performance in terms of fuel economy up to 6.6%. 

The overall aim of this thesis was to develop the required techniques for integrating the 

online modeling and systemic management ofa PEMFC stack into the design ofan EMS for 

a FCHEY. Considering the discussed aspects regarding different sections ofthis thesis, it can 

be stated that the targeted goals of the thesis have been successfully reached. It has been 

shown in this thesis that the fuel economy ofa real-time EMS for a FCHEV can be improved 

by 3.7%. Moreover, online updating of the PEMFC characteristics can save the hydrogen 

consumption up to 6.6%. The effectiveness of the proposed PEMFC online model, systemic 

management, and the upgraded EMS has been justified by implementing on a small-scale 

test bench in hydrogen research institute of University of Quebec n Trois-Rivieres. The 

methodology proposed in this work can serve not only as a general way to design real-time 

bidimensional EMSs that consider PEMFC systemic management and health-state 
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estimation, but also as a basis to include more dimensions while designing an EMS in all 

types of electrified vehicles. 

6.1 Recommendations for future directions 

While this thesis provides the basis for the efficiency and robustness enhancement of 

different existing EMSs in the literature for FCHEVs, looking forward, the following 

attempts should be made to further verify and improve the proposed techniques in this thesis : 

6.1 .1 The use of onfine estimation strategies in the design of energy 

management strategies for fuel cell hybrid electric vehicles 

• Fuel cell hybrid electric vehicle subsystems 

This thesis mainly discussed the employment of online estimation strategies for tracking 

the performance of the PEMFC system. However, a FCHEV is an arrangement of different 

subsystems, such as PEMFC, battery pack, and so forth. Each subsystem assumes significant 

responsibilities and their performance can be improved by precisely estimating their 

parameters. Regarding the battery, which is one of the most common energy storage systems 

in FCHEVs, the online estimation strategies have been used for the following purposes [70]: 

~ Battery fault estimation [71-73]: The diagnosis and estimation of faults in a 

battery pack are considered as the chieffunctions ofa battery management system 

to keep dependable operation of electrified vehicles. 

~ Battery SOC estimation [74-76]: The battery SOC is the percentage of the 

remaining capacity in the cell compared to the total capacity. The SOC level is 

estimated by using measured CUITent and voltage because it cannot be measured 

directly. The accurate SOC estimation is critical in vehicular applications, where 
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one of its usages is to determine wh en to stop charging and discharging. Over­

charging or over-discharging can result in permanent internaI damages in the 

battery pack. 

~ Battery SOH estimation [77-79]: The SOH of a battery can be defined as the 

comparison of its performance, in terms of charge/discharge capabilities, at the 

present time with the initial fresh conditions. The precise approximation of SOH 

can determine whether the battery should be replaced or not. 

~ Battery life estimation [79, 80]: The performance of the battery relies on several 

aspects, such as operating temperature, driving conditions, depth of discharge, 

humidity, and SOC. Such aspects make the employment of online battery models 

essential to estimate the lifetime precisely under various operation conditions. 

In Iight of the discussed points regarding battery, it is clear that the PEMFC is not the 

only subsystem in a FCHEV that is in need of online estimation. As the FCHEVs come 

typically in FC-battery architecture, it stands to reason to link the online estimation strategies 

ofthese sub-systems to the development a health-conscious and energy-aware EMS to obtain 

results which are closer to the real state of the components during their lifetime. 

To do so, the online state estimation of the power sources should be integrated into the 

EMS loop while the vehicle is under operation. Therefore, the strategy can make a decision 

based on the present health state of the components and assure the performance, safety, 

availability and reliability of power sources. The provided basis in this thesis, regarding the 

integration of online state estimation of a PEMFC system into the design of an EMS, paves 

the way for the simultaneous health state estimation of other sources in the EMS design. 

While designing such holistic EMS, it should be noted that, as explained throughout this 
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thesis, the online modeling of the PEMFC is required. Because it is the main power source 

and its maximum efficiency and power point of operation change by the time. Moreover, the 

battery output voltage decreases through time (capacity fade and resistance increase), and 

accordingly the battery SOH should be monitored online. The battery SOC also requires to 

be estimated online as it is an integral part of any rule-based system and is afflicted by the 

variation of the SOHo 

To summarize, in future, the online state estimation of the ail the on-board power sources 

should be considered to be incorporated into the EMS design procedure with respect to the 

provided foundations in this thesis. 

6.1.2 The notion of adopting a systemic approach for developing multi­

dimensional energy management strategies 

As discussed throughout this thesis, the performance of a PEMFC stack, in terms of 

power delivery and efficiency, depends on several aspects, such as cUITent, temperature, 

pressure, and so forth. Regarding the PEMFC as a system provides this opportunity to 

develop severallocal management strategies for controlling each ofthese aspects to enhance 

the energetic performance of the system to the utmost. This thesis put forward the 

simultaneous management of temperature and CUITent and its incorporation into the design 

of an EMS. Leaming from the results ofthis attempt, it is possible to extend this approach to 

the water management and purge procedure of a PEMFC stack with a view to include them 

in the EMS development of a FCHEV. 

Normally, PEMFCs have three modes of operation: recirculation mode, flow-through 

mode, and dead-ended anode (DEA) mode [81]. Due to the advantages of simplicity, and 
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parasitic power and cost decline, DEA mode of operation, where the hydrogen outlet is 

closed, is the most corn mon approach [82]. However, this method has also sorne 

disadvantages, one of which is the water flooding due to anode c1osure. To avoid this and 

other problems, one of the most common methods is to utilize a normally c10sed purge valve 

at the anode outlet to eliminate excess water and impurities from the cells [83]. Generally, 

cyclic purging is practiced where the duration and frequency of the purge need to let enough 

venting and cleaning of the PEMFC under full load conditions. However, this approach can 

lead to nonuniform water distribution in PEMFCs in dynamic load conditions, such as 

vehicular applications. Nonuniformity results in po or performance and noticeable cell-to-cell 

performance variation [84]. One solution for future work could be to devise an adaptive 

purging procedure for vehicular applications. The thing is that water accumulation changes 

according to the CUITent flow and the air stoichiometry. ln this respect, the purge cycle, which 

has an important role in the additional water and impurity removal, can be adjusted with 

respect to the stack voltage to reach a better water distribution. In a FCHEV, the stack voltage 

changes with respect to the requested power where the allocated power to the PEMFC system 

is determined by the EMS. In this regard, an adaptive purging should be devised to create a 

link between the policy of the EMS regarding the PEMFC usage and the purge cycle. 

Another idea to extend the prospects ofthis thesis in this direction is the consideration 

of the battery pack thermal management or even both battery and PEMFC thermal 

managements while developing an EMS. It should be reminded that the battery cell 

temperature has an influence over the performance, reliability and lifespan [85]. Both high 

and low temperatures can deteriorate the overall performance of the battery and lead to a 

reduced lifespan due to increased degradation of the battery cell. Moreover, in case of 
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vehicular applications, since the capacity and charge/discharge rate rise, the concems related 

to the battery security become more important [86]. Therefore, the use of a battery thermal 

management system seems to be necessary in a FCHEV to satisfy the request in higher power 

and improve the driving performance. Thermal management systems can be divided into 

active systems and passive systems [87]. Passive systems usually have zero power 

consumption and utilize tools such as heat pipes, phase change materials, and hydrogels. 

However, the cooling process is difficult to manage. Active methods mostly employ forced 

circulation ofparticular cooling substances su ch as water and air. The key matter is that under 

certain conditions, the cooling effect can be very restricted. In this respect, future works 

should consider the thermal management of battery pack and fuel cell stack both while 

designing an EMS. The main point here is that the charge/discharge capacity of the battery 

is highly affected by temperature. This will further influence the performance of the vehicle 

as the discharge rate ascertain the acceleration performance of a FCHEV. Therefore, the 

future EMSs should attempt to manage the use of PEMFC and battery in a way to reach a 

compromise in the thermal performance of these components. Moreover, the addition of 

supercapacitors to absorb the high dynamic peaks could be fruitful in this direction. 

6.1.3 Machine learning-based algorithms for online state estimation of the 

PEMFC system 

This thesis focused on the development ofrecursive filter-based algorithms for estimating 

the characteristics of a PEMFC semi-empirical model online. However, another potent tool 

to estimate the characteristics online is machine leaming methods like artificial neural 

networks (ANN). One problem associated to the use of ANNs is that they are very accurate 

interpolator but very weak extrapolator. In other words, they perform well within the ranges 
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that they have been trained [88]. As the operating ranges change, they can become unreliable 

and may need retraining. In this respect, future works can focus on the development of 

adaptive ANN-based model to estimate the required characteristics of the PEMFC system for 

the design of an EMS. The performance of the adaptive ANN-based model should be 

compared with the proposed recursive filter-based online model in this thesis. 

One solution for extending the operation range of the ANN-based PEMFC model is to 

combine it with a sub-model. The main point here is that PEMFC is a Multiphysics system 

and its performance depends on several factors. Therefore, the key purpose ofthis sub-model 

is to provide the ANN-based PEMFC model with the right inputs to have a performant output. 

For instance, let's assume the purpose is to estimate the hydrogen consumption and the inputs 

are the electrical power and the outlet coolant temperature in a high-power PEMFC system. 

It is also known that the outlet temperature of the PEMFC, itself, is related to inlet coolant 

temperature, the electrical power demand, and flow rate. Therefore, a sub-model, which can 

be a lookup table that updates the input data into the ANN as a function of the mentioned 

parameters, can be added to the main ANN-based model to provide the right input for 

accurate estimation ofthe characteristics. The interesting aspect of making such hybrid model 

is that its online adaption will be easier. The look-up table will be updated by new data while 

the system is under operation and the weights of the ANN-model will be updated 

conveniently as it does not have many inputs and outputs. 

Another aspect of the thesis that can be further developed using the machine leaming 

approaches is the initialization of the recursive filters. In fact, the future works can 

concentrate on determining the initial values of the unknown parameters for different 

operating conditions employing ANNs or fuzzy systems. In this way, adaptive recursive 
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filters can be developed which are completely immune to the sud den and big variations of 

the ambient and operating conditions. 

6.1.4 Improving the performance of passive coupling-based powertrains in 

FCHEVs 

Passive coupling refers to the connection of the power source directly to the DC bus in 

the FCHEY. This configuration do es not require an EMS and benefits from a self­

management due to different impedance of the components, for instance PEMFC and sc. As 

the passive configuration does not have any DC-DC converters, it leads to less weight, cost, 

and energy losses [89]. However, the downside of a passive hybrid FC vehicle is that the 

PEMFC is mainly in charge of supplying the requested power. The power split between the 

PEMFC system and the SC is based on the natural characteristics of each source (internai 

resistor and open circuit voltage for instance). Therefore, this can result in the occurrence of 

higher power ripples at the PEMFC side and accordingly rise the degradation rate of the 

stack. 

From the lessons learned throughout this thesis, in future, the performance of the passive 

coupling-based FCHEVs can be enhanced, from the perspective of energetic efficiency, by 

developing several local controls for the PEMFC system. Since these configurations are self­

coordinated and do not need an EMS, there will not be any concerns for integration into an 

EMS. As explained in section 7.1.2, water management has an important role in the energetic 

efficiency of a PEMFC stack. Therefore, the suggested approach in this section can be also 

applied to hybrid PEMFC system with a passive configuration. Another significant factor in 

improving the performance of the PEMFC stack is the humidity regulation [67] . In fact, low 

membrane humidity level leads to the growth of the membrane resistance, which, in turn, 
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degrades the PEMFC efficiency owing to large ohmic voltage drop. Hence, the water content 

of the membrane cab be managed with different means, such as anode/cathode purge, or 

relative humidity regulation to boost the efficiency. Future works can try the use of bubble 

humidifiers, which are very simple and inexpensive for PEMFC humidification to assess the 

efficiency improvement. 
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Appendix A - Résumé 

L'émission des gaz à effet de serre a été citée comme l'une des principales causes du 

réchauffement climatique. À cet égard, le secteur des transports est largement blâmé pour la 

combustion de produits dérivés du pétrole, qui produisent une bonne quantité de ce gaz à 

effet de serre. Les voitures particulières sont perçues comme les principales sources de rejets 

de gaz à effet de serre dans ce secteur. Afin de réduire ces émissions, il est crucial de 

remplacer les véhicules conventionnels par des véhicules propres (zéro émission). [1,2]. 

Les véhicules électriques et hybrides pourraient être des alternatives appropriées aux 

véhicules conventionnels. Cependant, les véhicules hybrides reposent toujours sur les 

combustibles fossiles et les véhicules électriques présentent quelques inconvénients tels 

qu ' une autonomie limitée ainsi qu ' un long temps de recharge. Ces écueils ont ouverts la voie 

à l'émergence de véhicules hybrides à pile à combustible (VHPAC), fonctionnant à 

l'hydrogène. Les VHPAC utilisent les piles à combustible (PAC) à membrane échangeuse de 

protons pour fournir de l' électricité au moteur électrique. Ce type de P AC possède un grand 

potentiel tel que le fonctionnement à basse température, la haute densité de puissance et 

l'électrolyte solide [3] . 

L'autonomie et la durée de vie d'un VHP AC dépendent de la conception des stratégies de 

gestion énergétique (SGE) appropriées. La majorité des SGE existantes dans la littérature, 

telles que celles basées sur des règles, basées sur l'optimisation et basées sur l'intelligence, 

dépendent des modèles de P AC à membrane d'échange de protons [47-49]. À cet égard, la 
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modél isation des P AC est très importante et une sélection appropriée du modèle doit être 

faite en fonction des objectifs particuliers du projet. Cependant, l'impact des phénomènes de 

dégradation et des conditions de fonctionnement de la PAC (température, pression, courant, 

etc.) sur ses performances énergétiques ont rendu la conception d'un modèle de pile à 

combustible extrêmement compliquée. Il convient de noter que la littérature présente 

différents modèles de P AC qui sont capables de faire face aux variations des conditions de 

fonctionnement [50]. Ces modèles sont déjà convaincants mais pas encore idéaux puisqu'ils 

ne considèrent pas les phénomènes de dégradation et que leur paramétrage requiert des 

expériences chronophages. 

À cet égard, des efforts considérables ont été déployés pour immuniser la conception de 

la SGE contre les dérives des performances des PAC en ajoutant un modèle de dégradation 

au système [51-54]. Cependant, les mécanismes de dégradation et de vieillissement sont très 

complexes à modéliser. De plus, les paramètres de fonctionnement qui ne sont pas inclus 

dans le modèle de PAC, tels que l'humidité ou la température ambiante, peuvent également 

modifier les plages d'efficacité maximale (EM) et de puissance maximale (PM) de la pile. 

Pour résoudre ces problèmes, deux approches de recherche d'extremum et d'identification en 

ligne des paramètres du modèle PAC ont été examinées. La première consiste à utiliser des 

méthodes de recherche d'extrémum qui identifient un point de fonctionnement optimal en 

utilisant un signal de perturbation périodique en temps réel [40, 55, 56]. De telles stratégies 

sont intéressantes en raison de leur mise en œuvre simple. Toutefois, elles ne sont pas très 

efficaces lorsqu'une identification simultanée de plusieurs points de fonctionnement est 

requise dans les applications en ligne. Pour éviter ce problème, certaines recherches ont été 

menées en utilisant des filtres récursifs pour l'identification en ligne des paramètres de PAC 
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et en extrayant les caractéristiques nécessaires du modèle mis àjour. [57-61] ont été réalisés 

à l'institut de recherche sur l'hydrogène (IRH). Dans [57] , Ettihir et al. ont proposé l'utilisation 

d'un modèle semi-empirique, fonction du courant, avec une méthode récursive pour obtenir 

les caractéristiques de la PAC en ligne. Ils ont également intégré ce travail dans la conception 

de SGE d'un VHPAC et ont obtenu des résultats intéressants [58-60]. Kelouwani et al. ont 

suggéré une étude expérimentale basée sur le traçage de EM de la PAC. Dans cette étude, un 

modèle polynomial de l'efficacité de la PAC est introduit et la meilleure efficacité est 

recherchée en ajustant les variables de contrôle (courant, stœchiométrie et température) [61]. 

Methekar et al. a introduit un contrôle adaptatif d'un système de PAC avec un modèle de 

Wiener et a suggéré une validation numérique [62]. Dazi et al. ont développé un contrôle 

prédictif pour déterminer le fonctionnement à PM d'un système de P AC [63] . Dans [64], une 

stratégie adaptative basée sur le contrôle par supervision est proposée en utilisant une 

méthode de minimisation de la consommation équivalente. Dans cet article, un algorithme 

des moindres carrés récursifs est utilisé pour l'identification des performances du PEMFC. 

Le modèle de PAC utilisé est un modèle semi-empirique très simple, et il n'y a pas de 

validation expérimentale de ses performances. 

A.1 Énoncé du problème et cadre conceptuel de la thèse 

En ce qui concerne les travaux étudiés, il peut être déduit que l'emploi de techniques en 

temps réel doit faire l'objet d'une plus grande attention en vue d'adapter la conception des 

SGE au comportement réel des PAC. Comme indiqué précédemment, certaines 

caractéristiques opérationnelles de la PAC, telles que l'EM et la PM, sont généralement 

considérées comme les variables de conception lors de l'élaboration d'une SGE. Néanmoins, 

ces caractéristiques varient avec le temps pour plusieurs raisons, telles que la variation des 
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conditions de fonctionnement (température, pression, humidité, etc.) et les phénomènes de 

vieillissement et de dégradation. La figure A.l montre les dérives de performance d'une pile 

à combustible Horizon de 500 W en termes de puissance disponible. La puissance nominale 

de la pile en varie en fonction du courant et de la température. La figure A.1a indique une 

dérive de 20% de la puissance maximale de la pile entre son début de vie (BOL) et sa fin de 

vie (EOL). La figure A.l b représente les dérives résultant du changement de saison 

(Température ambiante: 27 oC en été et 20 oC en hiver). Les étoiles représentent la puissance 

maximale qui varie en fonction des conditions de fonctionnement de la pile et de sa 

dégradation. Quelle que soit la raison des variations des caractéristiques de la PAC, il est 

important de les considérer dans le SGE afin d'optimiser le control en temps réel. Il existe 

plusieurs SGE proposées en ligne et en temps réel pour l'application des VHPAC. Cependant, 

la majorité des travaux de recherche ne prend pas en considération les caractéristiques réelles 

du PAC lors de la conception du SGE. La littérature présente quelques travaux de recherche 

qui propose des SGE considérant les caractéristiques variables de la PAC mais ils sont 

principalement basés sur la simulation et manquent de validations expérimentales. 
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Figure A.1 Variation des caractéristiques d'une PAC dans le temps, a) variation sur la 

durée de vie, b) variation saisonnière. 
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Un autre aspect qui a échappé à l'attention de nombreux chercheurs dans le domaine de 

la conception de SGE pour les VHPAC est l'adoption d'une approche systémique de la gestion 

énergétique et thermique de la PAC. Les SGE existantes ne contrôlent généralement que le 

courant requis de la P AC (la gestion de température étant traitée comme un problème de 

contrôle local à la PAC). Néanmoins, considérer la PAC comme un système offre plusieurs 

degrés de liberté en termes de contrôle. Les paramètres qui influent les performances de la 

PAC tels que le courant et la température peuvent être contrôlés simultanément en temps réel. 

Une puissance demandée de la P AC peut être fournie par différentes combinaisons de ces 

paramètres de courants et températures pour améliorer l'efficacité [65]. Il est important de 

noter qu'il existe de nombreux travaux concernant la gestion thermique ou la gestion du 
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courant de la P AC [66-69]. Cependant, à la connaissance des auteurs, l'intégration d'une 

gestion simultanée du courant et de la température, qui ont des dynamiques physiques 

différentes, n'a pas été envisagée jusqu'à présent dans la conception d'un SGE. La figure A.2 

indique le concept général proposé par cette thèse pour améliorer l'efficacité et la robustesse 

des SGE existants. L'ensemble du processus se déroule en ligne pendant le fonctionnement 

de la PAC. La SGE globale comprend trois étapes, à savoir l'identification des paramètres 

ainsi que la stratégie de gestion locale, l'extraction d'informations et le partage de puissance. 

L'objectif est de faire une identification des paramètres en ligne pour adapter le modèle aux 

dérives de performance de la PAC, puis de définir les meilleurs points de fonctionnement 

dans l'étape d'extraction des informations tout en ayant une gestion locale. Ensuite, les 

données obtenues peuvent être utilisées dans l'étape de stratégie de répartition de puissance 

pour contrôler le flux de puissance entre les différentes sources. Ce processus de trois étapes 

est appelé EMS global. 

Global Energy Management 
Battery 
r:-;'I. 

PEMFC ~ .. ... 

Figure A.2 Le concept général pour la conception d'un SGE global pour un VHPAC. 
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A.2 Contribution du projet 

L'étude de la littérature indique qu'il existe une variété d'approches, en ligne et hors ligne, 

pour répartir la puissance entre les sources dans un VHPAC. De plus, il existe plusieurs 

méthodes pour déterminer les meilleures performances de la PAC ou améliorer son efficacité 

grâce à une gestion locale. Cependant, il convient de noter qu'il n'y a que quelques stratégies 

qui essaient de lier la répartition de puissance dans un VHPAC avec l'identification des 

performances en temps réel de la PAC. À cet égard, ce travail vise à utiliser des algorithmes 

d'estimation des paramètres en ligne afin de s'adapter aux dérives de performance de la PAC. 

Même si quelques travaux ont été publiés [57-60], une attention méticuleuse devrait être 

portée au choix du modèle et de la méthode d'estimation. 

Mis à part le point mentionné, un aspect central que les chercheurs n'ont pas remarqué 

jusqu'à présent dans ce domaine est d'envisager une méthode systémique pour la gestion 

d'une PAC tout en développant une SGE. Dans la littérature, le courant et la température de 

fonctionnement sont normalement perçus comme des variables de contrôle indépendantes. 

Néanmoins, la PAC est un système multi-physique avec de fortes interactions dynamiques 

entre le courant et la température. Une gestion systémique de la PAC permet la conception 

de stratégies multi-sorties. Cela signifie que la puissance demandée de la PAC peut être 

fournie par une efficacité plus élevée car elle peut utiliser différentes combinaisons de 

courant et de température de fonctionnement. 

À cet égard, deux directions principales ont été suivies dans cette thèse: 

• Prévoir une rigueur scientifique pour la base proposée par les études précédentes 

afin de choisir un modèle de P AC et une méthode d'identification appropriés en 

effectuant une étude comparative. 
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• Faire avancer le concept en intégrant un modèle à entrées multiples et ses gestions 

de courant et thermique dans la conception de la stratégie. 

A.2.I Objectifs 

L'objectif principal est d'intégrer l'estimation des paramètres en ligne et la gestion 

systémique d'une PAC dans la conception d'une stratégie de gestion énergétique et thermique 

en ligne dans un VHPAC. À cette fin, les objectifs suivants sont fixés : 

~ Réaliser une étude comparative pour donner une structure solide au concept: 

Les études précédentes sont basées sur un modèle à entrée unique, qui ne dépend 

que du courant. Les autres conditions de fonctionnement, telles que la 

température, la pression, etc., sont considérées comme des perturbations. Dans ce 

travail, une étude comparative est menée dans le but de sélectionner un modèle à 

entrées multiples, qui englobe les principales conditions de fonctionnement, telles 

que le courant, la température et la pression. De plus, une méthode d'identification 

des paramètres en ligne appropriée est sélectionnée pour compenser les 

incertitudes du modèle dues à la dégradation et les conditions de fonctionnement 

qui ne sont pas prises en compte dans le modèle. Comme ce travail vise à 

concevoir une stratégie multidimensionnelle, il est nécessaire d'avoir un modèle 

fiable à entrées multiples. 

~ Gestion énergétique et thermique de la P AC : 

L'étude comparative conduit à la sélection d'une méthode d'estimation des 

paramètres de la PAC ainsi que d'un modèle multi-entrées pour prédire le 

comportement de la PAC. La température est l'une des entrées du modèle 
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électrochimique à entrées multiples choisi, et sa valeur est mesuré en ligne sur 

une vraie pile à combustible. Cependant, la régulation de la température de la 

PAC, qui a un effet considérable sur ses performances, n'est pas possible avec un 

modèle électrochimique. A cet égard, un modèle thermique de la pile à 

combustible, qui permet de contrôler la température en agissant sur le ventilateur, 

est nécessaire. L'objectif est d ' utiliser un modèle thermique en plus du modèle 

électrochimique pour assurer une gestion énergétique et thermique locale de la 

pile. Cette gestion systémique permet d'atteindre efficacement le niveau de 

puissance souhaité en choisissant le bon niveau de température et de courant. 

~ Intégration de la gestion systémique de la PAC dans une SGE pour un VHPAC : 

Le modèle proposé ainsi que la gestion locale de la PAC sont utilisés pour 

concevoir une SGE globale. L'idée principale est d'effectuer une identification de 

modèle en temps réel pour trouver les meilleurs points de fonctionnement à 

travers une étape d'extraction d'informations. Par la suite, la stratégie de partage 

de puissance peut utiliser les données fournies par le modèle de PAC mis àjour 

pour distribuer de manière optimale le flux de puissance. L'autre contribution de 

cette SGE est qu'elle permet de contrôler simultanément la température et le 

courant de la pile en temps réel. 

A.3 Méthodologie 

Après avoir discuté de la motivation et mené une étude approfondie de la littérature dans 

la première étape (chapitre 1), la deuxième étape vise à fournir une base concrète pour 

soutenir l'hypothèse selon laquelle la modélisation en ligne d'une PAC et sa gestion 
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systémique peut conduire à l'amélioration des performances d'une SGE dans un VRP AC. À 

cet égard, une SGE optimale basée sur une programmation dynamique (DP) est formulée 

pour comparer la consommation d'hydrogène d'un VRP AC, simulé pour différents scénarios. 

Dans le premier scénario, la consommation d'hydrogène du véhicule est étudiée en 

développant une programmation dynamique unidimensionnelle pour déterminer la trajectoire 

optimale du courant de PAC tout en utilisant deux PAC avec différents niveaux de 

dégradation. Cette analyse montrera l'effet de la dégradation de la PAC sur l'économie de 

carburant du véhicule. Dans le deuxième scénario, une programmation dynamique 

bidimensionnelle est développée pour la nouvelle étude de cas de PAC afin de déterminer la 

trajectoire optimale du courant et du rapport cyclique du ventilateur de refroidissement. 

Ensuite, les résultats sont comparés à la SGE unidimensionnelle pour montrer qu'il est 

important de considérer la P AC en tant que système lors de la conception d'une SGE. 

La troisième étape de ce travail se concentre sur l' identification en ligne des paramètres 

d'une PAC. Comme il existe quelques preuves de concept dans ce domaine, cette étape 

apporte une rigueur scientifique par: 1) Une revue de la littérature pour déterminer l'état 

actuel des informations sur le sujet proposé. Par la suite, les méthodes envisagées sont 

classées en termes de précision, d'applicabilité dans des situations en ligne et de gestion de 

l'énergie; 2) une étude comparative par simulation sur la base des candidats de la première 

étape pour sélectionner un modèle de P AC à entrées multiples approprié et une méthode 

d'identification pour les étapes ultérieures; 3) une validation expérimentale du modèle et de 

la technique d'identification sélectionnés. 

La quatrième étape de cette thèse porte sur l'initialisation des filtres récursifs pour le 

problème d'estimation des paramètres de PAC en ligne. À cet égard, une étude comparative 
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de trois algorithmes d'optimisation métaheuristique bien connus est effectuée pour introduire 

une technique fiable pour le réglage initial du filtre récursif. Il convient de noter que les 

algorithmes métaheuristiques sont l'approche la plus courante dans la littérature pour extraire 

les paramètres d'un modèle de PAC. La qualité de l'estimation en ligne des caractéristiques 

des PAC est examinée pour différentes valeurs initiales. 

La dernière étape de ce travail porte sur le développement d'une gestion simultanée du 

courant et de la température à travers la cartographie des caractéristiques des PAC et 

l'intégration de cette approche à la conception SGE d'un VHPAC. Le principal défi ici est la 

différence entre la dynamique rapide du courant et la dynamique lente de la température. La 

gestion systémique offre la possibilité d'avoir un contrôle local sur la PAC pour améliorer 

ses performances en temps réel. Une telle gestion systémique convient à des fins de gestion 

de l'énergie. À cet égard, la gestion de la température et du courant obtenue à partir de cette 

étape ouvre la voie à la conception de SGE qui peuvent conduire à des résultats très 

pertinents. La stratégie proposée à ce stade vise principalement à améliorer les performances 

d'un VHPAC en termes d'économie de carburant en utilisant une gestion systémique en ligne 

de la PAC. Cette stratégie est en fait le but ultime de cette thèse car elle prend en compte à 

la fois les dérives de performance d'une PAC et sa gestion thermique. Une caractéristique 

distinctive de cette stratégie est de générer deux signaux de référence (courant et température 

de PAC) pour atteindre l'optimalité dans le partage de puissance, contrairement aux stratégies 

existantes qui n'ont qu'une seule variable de contrôle (courant de PAC). Il convient de 

mentionner que la SGE est validée expérimentalement sur un banc d'essai développé pour le 

véhicule Némo de l'IRH. Nemo est un véhicule à hydrogène à l'échelle du laboratoire pour 

la validation. 
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A.4 Résultats et analyse 

Le chapitre 2 présente l'importance de la gestion systémique et de l'identification en ligne 

des PAC dans le développement d'une SGE pour les VHPAC. À cet égard, une stratégie 

optimale basée sur la programmation dynamique est développée dans ce chapitre. La stratégie 

proposée est conçue avec une variable de contrôle (courant de PAC) et avec deux variables 

de contrôle (courant et température de la P AC) pour deux P AC avec différents niveaux de 

dégradation. La comparaison de la stratégie unidimensionnelle, similaire à celles déjà 

disponibles dans la littérature, et de la stratégie bidimensionnelle, basée sur la gestion 

systémique de la PAC, montre que l'économie de carburant peut être augmentée de 4,1% en 

ajoutant simplement la température comme variable de contrôle. De plus, on constate que si 

la politique de gestion de l'énergie n'est pas adaptée à l'état réel de santé de la PAC, elle 

conduit à une mauvaise performance de la stratégie et augmente la consommation de 

carburant jusqu'à près de 24,8% dans les cas étudiés dans ce chapitre. Les résultats de ce 

chapitre apportent une preuve concrète de la pertinence des objectifs fixés dans cette thèse 

concernant l'amélioration de l'économie de carburant d'un VHPAC. 

Dans le chapitre 3, un modèle semi-empirique à entrées multiples est sélectionné pour 

estimer le comportement d'une P AC et les paramètres de ce modèle sont identifiés en ligne à 

l'aide de différents filtres récursifs. Selon l'étude comparative des filtres récursifs, le filtre de 

Kalman montre une très bonne performance pour l'identification en ligne des paramètres du 

modèle sélectionné, qui a été proposée par Amphlett et. al. De plus, une étude comparative 

de l'estimation des paramètres linéaires et non linéaires du modèle de PAC montre que 

l'estimation de la densité de courant maximale de la P AC, qui présente un paramètre non 

linéaire dans le modèle sélectionné, augmente la qualité d'estimation. 
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Le chapitre 4 discute l'importance de l'initialisation pour améliorer la précision 

d'estimation en ligne des caractéristiques des PAC. Dans ce chapitre, une étude comparative 

de trois algorithmes d'optimisation métaheuristique bien connus est effectuée pour trouver 

celui qui est le plus fiable . Par la suite, l'algorithme sélectionné, appelé' 'shuffled frog leaping 

algorithm" (SFLA), est utilisé pour régler les paramètres initiaux du modèle de PAC et les 

deux variables du filtre de Kalman (matrices Rand Q). Les résultats de cette section montrent 

qu'une bonne estimation des caractéristiques peut être atteinte plus rapidement et plus 

facilement en ayant une initialisation appropriée. 

Le chapitre 5 propose une gestion systémique simultanée du courant et de la température 

des PAC pour fournir la puissance demandée avec un haut niveau d'efficacité. De plus, cette 

gestion systémique est intégrée dans la conception stratégique d'un VHPAC dans ce chapitre. 

À cet égard, dans le but de développer l'approche de gestion systémique, la carte des 

caractéristiques de la PAC est générée pour relier sa puissance au courant et à la température. 

Par la suite, selon la puissance demandée de la PAC, une température de référence est extraite 

de la carte et envoyée à un contrôleur de logique floue optimisée pour être atteinte. En 

attendant, le courant est régulé par un régulateur PI qui donne un temps de relaxation à la 

PAC pour atteindre la température de référence. Une étude comparative entre la performance 

d'un contrôleur commercial et la gestion systémique proposée est réalisée dans ce chapitre 

pour illustrer l'efficacité de la stratégie offerte. Selon cette étude, la stratégie proposée est 

capable de diminuer la consommation d'hydrogène du système de PAC de 13% et 16% pour 

le cas de profils de puissance constants et variables, respectivement. 

Par la suite, la modélisation en ligne des piles à combustible et la gestion systémique sont 

intégrées dans la conception de la SGE pour les VHPAC. La SGE optimale est basée sur une 
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fonction de coût quadratique et elle permet de contrôler simultanément le courant et la 

température de PAC au contraire des stratégies existantes qui ne contrôlent que le courant de 

la pile. De plus, cette stratégie est capable de compenser les dérives de performances de la 

PAC car le modèle est mis à jour en ligne. L'étude réalisée dans cette section indique que 

l'inclusion de la gestion systémique dans la stratégie peut améliorer l'économie de carburant 

jusqu'à 3,7%. De plus, si la carte de la PAC est considérée statique, cela peut dégrader les 

performances du véhicule en termes d'économie de carburant jusqu'à 6,6%. 

A.5 Discussion des articles 

A.5.1 Article 1: Investigating the Impact of Aging and Thermal Management of 

a Fuel Cel! System in Energy Management Strategies 

Cet article se concentre sur l'évaluation de l'influence de la dégradation et de la gestion 

thermique d'une PAC sur l'économie de carburant d'un VHPAC. À cet égard, une 

programmation dynamique déterministe est formulée de manière unidimensionnelle et 

bidimensionnelle pour une PAC neuve et pour une PAC vieillie. Semblable aux SGE 

existantes dans la littérature, la programmation dynamique unidimensionnelle ne détermine 

que le courant requis de la P AC, tout en respectant la limitation des sources d'énergie. 

Cependant, la programmation dynamique bidimensionnelle détermine le courant et la 

température requis de la P AC pour fournir la puissance. La prise en compte de la température 

en plus du courant est une nouvelle étape dans la conception de la SGE qui a échappé aux 

attentions des études précédentes. Les performances des stratégies formulées sont évaluées 

sous deux cycles de WLTC_class 2 et CYC_ WVUINTER. L'analyse de divers scénarios 

indique que l'intégration de la température peut améliorer l'économie de carburant jusqu'à 
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4,1%. De plus, le vieillissement de la PAC peut dégrader l'économie de carburant jusqu'à 

14,7% en stratégie unidimensionnelle. Les résultats finaux indiquent également que si la 

politique de gestion de l'énergie pour la distribution d'énergie entre la PAC et la batterie n'est 

pas mise àjour, elle peut augmenter la consommation d'hydrogène jusqu'à 24,8%. 

A.5.2 Article 2: Overview and benchmark analysis of jitel cell parameters 

estimation for energy management purposes 

Un examen approfondi des étapes nécessaires de la modélisation à l'utilisation des 

techniques d'identification pour la conception des stratégies de gestion énergétique en ligne 

des VHPAC est effectué dans cet article. À cet égard, tout d'abord, des approches de 

modélisation des PAC sont étudiées dans lesquelles les modèles semi-empiriques sont 

distingués comme l'un des modèles les plus adaptés à des applications en ligne. 

Deuxièmement, les méthodes d'identification des paramètres des PAC sont discutées et l'une 

des catégories qui est très appropriée pour la conception des stratégies de gestion énergétique 

en temps réel est sélectionnée pour une analyse plus approfondie. Enfin, une étude 

comparative de trois techniques potentielles d'identification des paramètres, algorithme des 

moindres carrés récursifs, filtre de Kalman, et filtre de Kalman étendu, est réalisée en utilisant 

deux modèles de PAC semi-empiriques. Les résultats de l'étude comparative indiquent qu'en 

cas d'analyse linéaire, l'intégration du filtre de Kalman avec le modèle proposé par Amphlett 

et. al a une performance supérieure par rapport aux autres combinaisons. En plus, il a été 

conclu que la méthode d'identification non linéaire, au moyen de filtre de Kalman étendu et 

le modèle d'Amphlett et. al, donne l'estimation de courbe de polarisation la plus précise. 
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A.5.3 Article 3: Benchmarkofproton exchange membranefuel cellparameters 

extraction with metaheuristic optimization algorithms 

Cet article étudie les performances de trois algorithmes d'optimisation métaheuristique, 

à savoir SFLA, Imperialist Competitive Algorithm (ICA) et fire fly algorithm (FOA), dans 

un problème d'extraction de paramètres de la P AC. À cet égard, la comparaison des 

performances des algorithmes est effectuée en utilisant la somme de l'erreur quadratique entre 

la tension mesurée et estimée de la P AC pour deux études de cas disponibles dans la 

littérature sur 100 essais indépendants. Par la suite, la précision des algorithmes est jugée sur 

la base de leur meilleure valeur de fitness, pire valeur de fitness, variance et écart type. Enfin, 

l'algorithme sélectionné à partir de l'étape de comparaison est utilisé pour identifier les 

paramètres du modèle d'une PAC Horizon de 500 W à cathode ouverte. Cette nouvelle étude 

propose une température de PAC variable contrairement aux autres études de cas existantes 

dans la littérature. Les résultats finaux de cette étude indiquent qu'en ce qui concerne la 

meilleure somme d 'erreur quadratique, SFLA surpasse légèrement ICA et FOA dans les deux 

études de cas. Cependant, les résultats montrent que SFLA fonctionne 20% mieux que ICA 

et deux fois mieux que FOA dans la première et deuxième étude de cas. De plus, la variance 

et l'écart type de SFLA sont sensiblement inférieurs à ceux des autres algorithmes, ce qui 

justifient la précision et la répétabilité de cette méthode. 

A.5.4 Article 4: EjJiciency Enhancement of an Open Cathode Fuel CeU through 

a Systemic Management 

Dans ce manuscrit, une stratégie de gestion systémique est proposée pour améliorer 

l'efficacité d'un système de PAC à cathode ouverte pour différents niveaux de puissance 

demandés. Cette stratégie se concentre sur l'utilisation de la cartographie 3D pour déterminer 
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la température de référence du schéma de contrôle. À cet égard, un certain nombre 

d'expériences sont menées pour obtenir une carte de puissance 3D pour différentes 

températures et courants. Cette carte de puissance fournit un trajet efficace basé sur la 

température et le niveau de courant du système de la PAC et détermine la température de 

référence pour chaque niveau de puissance demandé du système. Enfin, un contrôleur logique 

floue optimisé est utilisé pour atteindre la température de référence définie lorsque le courant 

de la P AC est contrôlé par un contrôleur PI. Les résultats obtenus à partir des expériences 

mettent en évidence les performances satisfaisantes de la méthodologie proposée en 

améliorant l'efficacité du système jusqu'à 13% et 16% pour des profils de puissance constants 

et variables respectivement. 

A.5.5 Article 5: Efficiency Upgrade of Fuel CeU Hybrid Vehicles Energy 

Management Strategies by Online Systemic Management of Fuel CeU 

Cet article propose une nouvelle méthodologie pour augmenter l'efficacité d'une SGE 

pour un VHPAC à basse vitesse. La SGE fonctionne sur la base d'une gestion systémique en 

ligne du courant et de la température de la PAC. Il détermine la puissance de référence 

demandée ainsi que la température de référence de la PAC pour répartir efficacement la 

puissance entre les sources. Du fait que les contraintes de la SGE sont mises à jour par un 

modèle en ligne de la PAC, la variation des conditions de fonctionnement et la dégradation 

ne peuvent plus perturber la gestion énergétique du véhicule. La stratégie utilisée est basée 

sur une programmation quadratique. Cette stratégie, qui repose sur la gestion systémique en 

ligne, a été testée pour deux cycles différents (WLTC_class 3 and CYC_ WVUINTER) et 

comparée à deux autres cas: 



• Programmation quadratique à l'aide d'une carte mise à jour et programmation 

quadratique à l'aide d'une carte obsolète. 

• La température de référence pour atteindre la puissance assignée par la 

programmation quadratique est déterminée par le contrôleur commercial dans 

les deux cas. 

166 

L'étude comparative illustre que le fait d'avoir une carte obsolète de la PAC peut 

détériorer l'économie de carburant du véhicule étudié jusqu'à 6,6%. De plus, l'intégration de 

la gestion systémique dans la programmation quadratique peut améliorer l'économie de 

l'hydrogène jusqu'à 3,7%. 

A.5.6 Article 6: Comparative Analysis ofTwo Online Identification Aigorithms 

in a Fuel Cel! System 

Dans cet article, deux algorithmes récursifs bien connus (Algorithme des moindres carrés 

récursifs et algorithme récursif du maximum de vraisemblance) sont comparés pour 

l'estimation en ligne des paramètres d'un modèle de PAC semi-empirique à entrées multiples. 

À cet égard, tout d'abord, un modèle de PAC semi-empirique est sélectionné pour atteindre 

un compromis satisfaisant entre le temps de calcul et la signification physique. Par la suite, 

les algorithmes sont utilisés pour identifier les paramètres du modèle. Enfin, les résultats 

expérimentaux obtenus par les algorithmes sont discutés et leur robustesse est étudiée. Les 

résultats indiquent que les deux algorithmes sont capables d'estimer la tension de sortie à un 

niveau satisfaisant. Cependant, l'algorithme récursif du maximum de vraisemblance a montré 

plus de robustesse dans le traitement des données de mesure bruitées Il convient de rappeler 

que cette robustesse pourrait conduire à des capteurs et des instruments de mesure moins 

coûteux. De plus, il convient de noter que la plage d'altération des paramètres semi-
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empiriques était acceptable. Ces travaux pourront être intégrés dans la conception d'une 

gestion globale de l'énergie pour les VHP AC. 

A.5. 7 Article 7: An Online Energy Management Strategy for a Fuel Cell/Battery 

Vehicle Considering the Driving Pattern and Performance Drift Impacts 

Cet article présente une nouvelle SGE multimode en ligne pour un VHPAC. Cette 

stratégie est principalement composée d'un classificateur de conditions de conduite (basé sur 

la carte auto adaptative) et d'un contrôleur à logique floue multimode. La fonction 

d'appartenance de sortie est constamment ajustée en fonction de l'estimation en ligne des 

limites PM et EM de la PAC par un filtre de Kalman et un modèle semi-empirique. La carte 

auto adaptative développée reconnaît les conditions de conduite et active le mode le plus 

approprié du contrôleur à logique floue à chaque mise à jour pour fournir efficacement la 

puissance demandée du véhicule. Les performances de la stratégie en ligne proposée sont 

comparées à un contrôleur de logique floue optimisé hors ligne sous un cycle combiné de 

CYC_NewYorkBus, CYC_UDDS et WLTC_class 3. Un résultat satisfaisant est obtenu avec 

seulement une différence de 2% en termes de coût total de la consommation d'hydrogène et 

de cycles marche/arrêt du système PAC. De plus, les performances de la stratégie proposée 

sont testées lorsque le système PAC subit une dérive de seize pour cent concernant la PM. 

Dans ce cas, la stratégie en ligne proposée s'adapte à l'état réel du système de PAC et améliore 

les performances énergétiques du véhicule de 8% par rapport au contrôleur multimode hors 

ligne. 
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Appendix B - Article 6 

Authors: M. Kandidayeni, A. Macias, A. Amamou, L. Boulon, and S. Kelouwani. 

Title: Comparative Analysis ofTwo Online Identification Algorithms in a Fuel Cell System 

Journal: Fuel Cells (Volume and Page number: 18: 347-358) 

Publication date: 29/May/20 18 

Doi: 10.1 002/fuce.20 1800025 

B.1 Objectives 

This paper aims at providing a basis for easy integration of a PEMFC real behavior into 

the design of real-time EMSs. In this regard, two recursive algorithms are introduced, and 

tested to identify the parameters of a PEMFC model online. The utilized PEMFC model is a 

semi-empirical which has eight parameters for identification. This model requires the cUITent, 

stack temperature, and pressure as inputs and estimates the PEMFC voltage as the output. 

This Integration provides one with online characteristics of a PEMFC, such as polarization 

curve, maximum power, and efficiency, which can be used in an EMS loop to update the 

constraints and related contro l laws. The parameters of such model have been only estimated 

offline with various optimization algorithms in previous studies [90-94]. However, in this 

work, parameter identification is performed online to counteract uncertainties that occur 

slowly over time, such as ageing, and quickly due to change of the operating conditions which 

are not considered in the model. 

Compared to other similar works in the literature, the main contribution of this work is 

the online parameters estimation of a multi-input (cuITent, temperature, and pressure) semi-
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empirical model with eight parameters, as opposed to a single-input (current) model with 

four parameters used in [57-60,64]. Since the intrinsic dynamic ofcurrent, temperature, and 

pressure are completely different, a multi-input model identification is more challenging th an 

a single-input one. Moreover, a careful experimental study for comparing the effectiveness 

of the utilized identification methods is given along with a step-by-step explanation for 

adapting the algorithms to this particular problem. It should be noted that as a first step for 

online identification ofPEMFC parameters, this paper mainly provides the proof of concept 

by utilizing two common algorithms and do es not go through the details for selecting a 

suitable model and identification technique. These concerns are dealt with in Article 3. 

B.2 Methodology 

This paper proposes online identification of a multi-input PEMFC model to track the 

performance drifts due to the influence of degradation phenomenon and the operating 

conditions, which are not considered in the model, over the output voltage of a FC system. 

In this regard, firstly, a semi-empirical model is selected to reach a satisfactory compromise 

between computational time and physical meaning. This model has four tuning parameters 

for activation loss, three parameters for Ohmic loss, and one parameter for concentration loss. 

Although the model is nonlinear, the targeted parameters for identification have a linear 

structure. Therefore, two recursive identification algorithms, namely recursive least square 

(RLS) and recursive maximum likelihood (RML), are utilized to update the parameters of 

the chosen model online. RLS algorithm is based on the concept of minimizing the error 

related to input signal and gives excellent performance when operating in time varying 

conditions. Assuming that noise is serially uncorrelated and independent of the elements of 

the regression vector, it can be applied to a linear-in-parameter system to estimate the 
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parameters, and the model can be called a linear regression. RML algorithm holds a striking 

resemblance to RLS. The main difference here is that the disturbance acting on the output of 

the system is modeled as a moving average of a serially uncorrelated white noise sequence. 

In this case, the unobserved components are approximated by the residuals, which are the 

values of the estimation error. Various scenarios, four noise levels and two PEMFCs with 

different levels of degradation, have been considered to test the performance of the 

algorithms. 

B.3 Synopsis of the results analyses 

Different analyses have been performed in this paper to clarify the effectiveness of the 

discussed algorithms and the PEMFC mode\. Each algorithm is used to tune the parameters 

of the semi-empirical model for two real PEMFCs with different degradation levels. In order 

to check the robustness of the algorithms, a random noise is added to the measured voltage, 

and the noisy signal is sent to the process of identification. Regarding the comparison of the 

algorithms to one another, the mean square error (MSE) and the peak signal to noise ratio 

(PSNR) have been utilized. MSE and PSNR are two error metrics used to compare the 

estimation quality. PSNR ca\culates the peak signal-to-noise ratio, in decibels, between the 

two original signal and estimated signa\. The higher the PSNR, the better the quality of the 

estimation. The MSE represents the cumulative squared error between the estimated voltage 

and the measured voltage. The lower the value of MSE, the lower the error. The voltage 

estimation quality of the algorithms in terms ofPSNR and MSE is compared for four cases, 

namely zero noise, a random noise with variance of 0.25, a random noise with variance of 

0.5, and a random noise with variance of 0.75. Zero noise refers to the normal measurement, 

and the other cases show the addition of random noise with different variances to test the 
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robustness of the algorithms. The obtained results confirm that, in case of normal measured 

data (zero noise), RLS performs better than RML to sorne extent. However, as the level of 

noise increases, RML algorithm indicates superior performance compared to RLS. This 

result implies that RML algorithm is more robust than RLS while confronting sorne noises 

in the system. 

Figure B.I compares the polarization curves obtained by the estimated parameters with 

RML and RLS algorithms for the noise level of 0.25. As is clear in this figure, the estimated 

polarization curve by RML algorithm is closer to the reference, which cornes from the 

experimental data, th an RLS. This figure also shows the influence of noise in the polarization 

curve estimation. Looking more closely, it can be concluded that a sm ail change in the 

voltage estimation can cause a noticeable change in the polarization curve estimation. The 

difference between the PSNR values ofRML and RLS algorithms for the noise level of 0.25 

is not a lot. However, this slight difference causes an obvious change in the polarization curve 

prediction. 

Measured data with noise level of 0.25 
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Figure B.I The comparison of polarization curves obtained by the utilized algorithms. 
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B.4 Conclusion 

In this paper, two well-known recursive algorithms are compared for online estimation 

of a multi-input semi-empirical PEMFC model parameters. In this respect, firstly, a semi­

empirical FC model is selected to reach a satisfactory compromise between computation al 

time and physical meaning. Subsequently, the algorithms are explained and implemented to 

identify the parameters of the mode!. Finally, experimental results achieved by the algorithms 

are discussed and their robustness is investigated. The main results achieved from the 

experimental implementation and test of the algorithms indicate that both of the algorithms 

are capable of estimating the output voltage to a satisfactory level. However, RML has shown 

more robustness in dealing with noisy measurement data. It is worth reminding that this 

robustness might lead to less expensive sensors and measurement instruments. Moreover, it 

should be noted that the range of alteration in the semi-empirical parameters was acceptable. 

In future, this work can be integrated into the design of global energy management for 

FCHEVs. 
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Abstrad 

Output power of a fuel cell (FC) stack can be controlled 
through operating parameters (current, temperature, etc.) 
and is impacted by ageing and degradation. However, 
designing a complete FC model which includes the whole 
physical phenomena is very difficult owing to its multivari­
ate nature. Hence, online identification of a FC model, which 
serves as a basis for global energy management of a fuel œil 
vehicle (FCV), is considerably important. In this paper, two 
well-known recursive algorithms are compared for online 
estimation of a multi-input semi-empirical FC model para­
meters. In this respect, firstly, a semi-empirical FC model is 
selected to reach a satisfactory compromise between compu-

l Introduction 

Proton exchange membrane fuel œil (PEMFC) is a promis­
ing alternative energy conversion device in automotive appli­
cations, due to high efficiency and low adverse environmental 
impacts [1]. Fuel œil vehicles (FCVs) have shown a steady 
increase in the automotive market. However, their successful 
market penetration requires more improvement in terms of 
performance, reliability, and cost [2]. Hybridization of PEMFC 
with other sources, such as batteries and supercapacitors 
(SCs), has been suggested as an effective measure to improve 
the mentioned factors in a FCV. Common structures for hybri­
dization of FCVs are FC-battery, FC-SC, and FC-battery-Sc. 
Ail of these structures have their own advantages and disad­
vantages [3] . With ail the favorable aspects of hybridization, 

Paper presented at the 7th International Conference on 
Fundamentals & Oeue/opement of Fuel CeUs (FOFC2017), 
january 30th - Februanj l st 2017, held in Stuttgart. 

tational time and physical meaning. Subsequently, the algo­
rithms are explained and implemented to identify the para­
meters of the mode!. Finally, experimental results achieved 
by the algorithms are discussed and their robustness is inves­
tigated. The ultimate results of this experimental study indi­
cate that the employed algorithms are highly applicable in 
coping with the problem of FC output power alteration, due 
to the unœrtainties caused by degradation and operation 
condition variations, and these results can be utilized for 
designing a global energy management strategy in a FCV. 

Keywords: Fuel Cells, Global Energy Management, Online 
Identification, Recursive Aigorithms, Semi-empirical Calcula­
tions 

the overall performance of FCVs, regarding fuel and energy 
consumption, still relies on the powertrain components effi­
ciency and accurate coordination of sources. In this regard, 
several energy management strategies (EMSs), namely rule­
based, optimization-based and intelligent-based, have been 
proposed for the mentioned hybrid structures in literature 
[4-6]. Some examples of very recent proposed online EMSs 
can be found in [7-11]. In [7], an online EMS based on data 
fusion approach is suggested. Three FLCs are then optimized 
and adapted, by Dempster-Shafer evidence theory, to three 
driving conditions predicted by support vector machine. 
However, the design constraints of the controllers come from 
a static efficiency-power map of a PEMFC. In [8], an adaptive 
control method, based on tuning the FLC parameters for dif­
ferent conditions, is proposed. This work remarks on the 
decline of PEMFC output voltage due to degradation and sug­
gests the rule base values modification under this condition. 

rI Corresponding author: mohsen.kandi.dayeni@uqtr.ca 
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In [9), an online EMS based on extremum seeking method is 
suggested to maintain the PEMFC operating points in high 
efficiency region by means of a band-pass filter. A two-Iayer 
EMS composed of rule-based approach and particle swarm 
optimization has been proposed for real-time control of FCVs 
in [10]. The ruJe-based of this work is based on a static PEMFC 
map. ln [11], an EMS based on short-term energy estimation is 
developed to maintain the SC state of energy within a defined 
limit. The PEMFC limits are based on a quasistatic mode!, and 
determining the power rate limits to avoid premature ageing 
is pointed out as a remaining issue. 

Literature consideration shows that many of the existent 
EMSs in literature are based on parametric PEMFC models, 
especially static models [12-14]. However, the performance of 
PEMFCs is influenced by the operating conditions variation 
(temperature, pressure, current, etc.), degradation, and ageing 
phenomena. Such performance drifts have made the design of 
a complete PEMFC model irnmensely complicated. There 
exists various PEMFC models capable of dealing with the var­
iations of the operating conditions [15-19]. These models are 
by sorne means convincing, though not perfect, with regard to 
coping with the operating conditions variations. However, 
ageing phenomena modeling, which is a very complicated 
process, has not been resolved yet. In this respect, sorne 
researches have been conducted to track the real performance 
of a fuel cell system onJine. These works can be divided into 
two categories. The first category is based on extremum 
seeking strategies, such as maximum power point tracking 
[20-23] . The second category is based on a parametric identifi­
cation coupled with an optimization algorithm. This approach 
is based on models and offers two solutions: (i) a straight solu­
tion is to use a model which considers the muJti-physics 
behavior of the PEMFC As previously mentioned, such a 
model is itself a study limitation; (ii) the second solution is to 
utilize an online parameter estimation for a gray-box or black 
box model. Several studies have made a contribution concern­
ing the onJine identification coupled with an optimization of 
PEMFC to obtain the best performance. Ettihir et al. have pro­
posed the utilization of a semi-empirical model, which is onJy 
a function of current, with a recursive least square method to 
get the characteristics of the PEMFC online [24]. They have 
integrated their work into the EMS design of a FCV as weil, 
and achieved interesting results [25- 27]. Kelouwani et al. have 
suggested an experimental study based on tracing the maxi­
mum efficiency of the PEMFC. In this study, a polynomial 
model of the PEMFC efficiency is introduced and the best effi­
ciency is looked after by adjusting the control variables [28]. 
Methekar et al. have introduced an adaptive control of a fuel 
cell system with a Wiener model [29]. Dazi et al. have devel­
oped a predictive control to ascertain the maximum power 
operation of a fuel cell system [30]. In [31], an adaptive super­
visory control strategy for a FC-battery bus based on equiva­
lent consumption minimisation is proposed. In this paper, an 
algorithm has been used for charge-sustaining and a recursive 
least square has been employed for performance identification 
of the PEMFC The utilized PEMFC model of this work is a 

348 © 2018 WILEY·YCH Yerlag GmbH & Ca. KGaA, Weinheim 

single input semi-empirical model, which is onJy a function of 
current. The studied papers indicate that many online and 
real-time EMSs have been proposed for FCVs. However, only 
a few of them, like [24-27, 31], have tried to take into account 
the real characteristics of the PEMFCs. 

This paper airns at providing a basis for easy integration of 
a PEMFC real behavior into the design of real-time EMSs. In 

this regard, two recursive algorithms are in troduced, and 
tested to identify the parameters of a semi-empirical model 
online. This integration provides one with online characteris­
tics of a PEMFC, such as polarization curve, maximum power, 
and efficiency, which can be used in an EMS loop to update 
the constraints and related control laws. Compared to other 
works, the main contribution of this work is online parameters 
estimation of a multi-input (current, temperature, and pres­
sure) semi-empirical mode!, which has eight parameters, 
simultaneously, as opposed to a single-input (current) model 
with four parameters used in [24-27, 31]. Since the intrinsic 
dynamic of current, temperature, and pressure are completely 
different, a multi-input model identification is more challen­
ging than a single-input one. Moreover, a careful experirnental 
study for comparing the effectiveness of the utilized identifica­
tion methods is given along with a step-by-step explanation 
for adapting the algorithms to this particuJar problem. It 
should be noted that the employed PEMFC model in this work 
is a combination of the models introduced in [32-34]. The 
parameters of such model have been onJy estimated offline 
with various optimiza tion algorithms in previous studies 
[35-39]. However, in this work, parameter identification is 
performed online to counteract uncertainties that occur slowly 
over time, such as ageing, and quickly due to change of the 
operating conditions which are not considered in the model. 
The remainder of this paper is organized as follows. The 
explanation on how the proposed method of this work can be 
integrated into EMS design is given in Section 2. The PEMFC 
model is presented in Section 3. Section 4 deals with the expla­
nation of identification algorithms. The obtained results of the 
work are discussed in Section 5. Finally, the conclusion is giv­
en in Section 6. 

2 Integration into Energy Management Design 

The EMS of a muJti-source system, like a FCV, can be 
designed in a way to increase system efficiency, lifetime, and 
autonomy by defining the operating points of the components. 
However, defining the operating points in a PEMFC is challen­
ging since they steadily move across the operating space. With 
regard to FCVs, it is interesting to run the PEMFC at its effi­
cient power range. As discussed earlier, many of the designed 
EMSs in literature have used sorne constraints such as the 
maximum and minimum power range of the PEMFC How­
ever, the power-current profile of a PEMFC changes due to the 
effect of operating conditions, such as temperature, and other 
disturbances like ageing phenomena. The variation of PEMFC 
characteristics acts like uncertainties in EMSs. When these var-
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iations are not tracked, they cause mismanagement in the 
EMS since they change the assumed limits in the controller. In 
this regard, this section describes how the results of this work 
can be included in the design of a global energy management 
in a FCY. The whole process is conducted online while the 
PEMFC is under operation. The globa l EMS comprises three 
stages, namely parameter identification, information extrac­
tion, and power split strategy. The objective is to do an online 
parameter identification to adapt the model to the perfor­
mance drifts of the PEMFC, and then define the best operating 
points in the information extraction stage. Afterwards, the 
obtained da ta can be used in the power split strategy stage to 
control the power flow between the sources. This three-stage 
process is ca lied global EMS, and is shown in Figure 1. It 
should be noted that this paper mainly deals with the design 
of the first two stages, which are the core of the explained glo­
bal EMS. In fact, this paper focuses on the implementation of 
the recursive algorithms for estimating the parameters of a 
semi-empirical PEMFC model online, which is the first stage. 
Subsequently, the output of the identification process is 
employed for finding the maximum power of the PEMFC at 
each moment, which is the second stage. Finding the maxi­
mum power in the information extraction step is one given 
example out of severa l possibilities, such as maximum effi­
ciency point (1]max), minimum voltage (V min), maximum cur­
rent (lmax), and so forth. The future works can use the pro­
vided basis in this article to design an online power split 
stra tegy. 

In order to show the importance of taking the real behavior 
of the PEMFC into consideration, two PEMFCs with d ifferent 
levels of degradation are used in this paper. The exact age of 
each PEMFC has not been properly tracked. However, the 
polarization curves and the maximum deliverable powers of 
each PEMFC are shown in Figure 2, as a method of distin-

(l, T, P) 

Fuel Tank 

PEM 

Plat M 

Vmeasur ed 

elCell 

Vestimated ® 

guishing the current state of each one. As it is observed, the 
ra ted power of one of the PEMFCs is almost 400 W while the 
other one is 300 W. Throughout this manuscript, the less aged 
PEMFC, which has a higher rated power, is called Normal 
PEMFC, and the more aged one with less rated power is ca lied 
Degraded PEMFC. The characteristics of a brand-new PEMFC, 
which has been obtained from the data sheet, are represented 
in Figure 2 as well to clarify the difference between the 
employed PEMFCs in this work and a new one. 

It should be noted that the experimental polarization 
curves have been obtained by drawing a fixed current from 
the fuel cells and measuring their output voltage. By slowly 
stepping up the load, the fuel cell voltage response can be seen 
and recorded. After each increase in the level of current, 15 to 
25 minutes have been allowed to the fuel cells to reach equilib­
rium. Ali tests have been conducted in a stable environment in 
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the test center of Hydrogen Research Institute (IRH) of Univer­
sité du Québec à Trois-Rivières to maintain the conditions. 
Another point which needs to be mentioned is that the 
employed PEMFCs in this work are Horizon H-500 PEMFCs. 
The characteristics of a Horizon H-500 PEMFC is listed in 
Table 1. The difference between the rated power, shown in 
Table 1, and the utilized PEMFCs is due to the degradation . 
According to manufacturer, the H2 pressure should be regu­
lated between 0.5 to 0.6 bar. Hence, it can be stated that in the 
utilized air-breathing PEMFCs, the pressure is constant. 

3 Fuel Cell Modeling 

An electrochemical based PEMFC model has been utilized 
in this paper. In this type of model, the output voltage of FC 
(V Fel is considered as the SUffi of ceU reversible voltage 
(ENemst) and voltage drops, namely activation (Vact), ohmic 
(Vohmic), and concentration or mass transport (Vcon). This type 
of model considers the sa me behavior for ail ceUs. The general 
formulation of an electrochemical FC model is as follows: 

(1) 

where the unit of V Fe and the voltage drops is volt and n is 
the number of ceUs. In this work, ENernst' which is the potential 
of FC without load in an open circuit, is ca\culated based on 
the following theoretical formula, proposed in [33]. 

ENernst = 1.229 - 0.85 x 1O- 3(T - 298.15) 

+ 4.3085 x 1O- 5T [ln(PH, ) + O.5ln(po,)] (2) 

where T is the stack temperature (K), PH" and Po, are the par­
tial pressure (Pa) of hydrogen in anode si de and oxygen in 
cathode side. Vact is obtained by means of Eq. (3), introduced 
in [33] . 

Table 1 Horizon H-500 PEMFC characteristics . 

PEMFC Technical specification 

TypeofFC 

umber of cells 

Active area 

Rated power 

Rated performance 

Max-current (shutdown) 

Hydrogen pressure 

Rated H2 consumption 

Ambient temperature 

Max-stack temperature 

Cooling 

PEM 

36 

52cm2 

500W 

22 V@23.5A 

42A 

50-60 kPa (O.5-û.6 bar) 

7 L min-1 

5to30 °C 

65 °C 

Air (integrated cooling fan) 
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(3) 

(4) 

where i is the FC operating current (A), CO2 is the oxygen con­
centration (mol cm-3

), and the Y n (n = 1 ... 4) is the empirical 
coefficients, based on f1uid mechanics, thermodynamics, and 
electrochemistry and may differ depending on the cell mate­
rial and manufacture. 

The formulation of Vohmio shown in Eq. (5), is based on the 
proposed structure in [34] . This structure introduces an appre­
ciable method to avoid struggling with the computation of 
water content and distribution. Eq. (5) is a function of temper­
ature, due to the fact that diffusivities and water partial pres­
sures change with temperature, and current, since proton and 
water fluxes alter with the current. 

(5) 

where /;n (n = 1 ... 3) are the parametric coefficients. The range 
of the parameters of ohrnic region is validated by the value of 
Rinternal, which is the internaI resistor (Q). The range of internaI 
resistor has been obtained by current interrupt test, which is 
explained later in this section. Vcon is computed with the help 
of Eq. (6), proposed in [32,40] . 

(6) 

where a is a semi-empirical parameter related to the diffusion 
mechanism and it is between 0.3 to 1.8 [23], Id is the current 
density (A cm-2

), G (between 1 and 4) is a dimensionless num­
ber which is related to the water f100ding phenomena, and (3 is 
the inverse of the limiting current density (K1 cm2

). The value 
of (3 is 1.2381. 

The introduced PEMFC model comprises 8 time-varying 
parameters, which need to be identified. In order to embrace 
the influence of degradation phenomenon, which happens 
slowly over time, and the operating conditions, which are not 
included in the modellike hurnidity, the parameters should be 
identified online to adapt the model to real state of the 
PEMFC. Table 2 shows the targeted parameters for identifica­
tion and their expected range of variation. The reported ranges 

Table 2 T argeted Parameters for estimation. 

Parameters 

Y2 

Y3 

Y4 

a 

1;1 

1;2 

1;3 

www.fuelcells .wiley-vch .de 

Range 

Minimum Maximum 

-1.997 

0.001 

3.6x 10-5 

-2.6 x 10-4 

0.0135 

-{).8532 

0.005 

9.8x 10-5 

-{).954 x 10-4 

0.5 

Current interrupt test 
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have been adopted from previous studies [35-39], and the 
obtained values for the parameters of the employed PEMFC in 
this work may be slightly different. This deviation in the range 
is mainly due to the various used material in the fuel cells, fab­
rication methods, state of health of the reported fuel cells, and 
so forth. 

3. 1 Resistor Measurement 

In order to relate the targeted parameters for estimating the 
internai resistor of the PEMFC to the realistic physical mean­
ing, some measurements from the real value of resistor are 
needed. Therefore, in this paper, the current interrupt method 
is used as an electrochernical technique to obtain a range for 
the resistor variation with regard to current and temperature 
[41-44] . The efficacy of this method for measuring the ohmic 
resistance has been already investigated in [44]. Current inter­
rupt test revolves around the idea of rapid acquisition of the 
measured voltage to separate ohmic from activation loss. 
Because, ohmic loss fades faster than electrochemical losses 
after the interruption of the current. Hence, the ohmic loss can 
be measured from the difference between the voltage immedi­
ately before and after the interruption. In comparison to other 
electrochernical methods such as electrochernical impedance 
spectroscopy, which is an effective frequency based method, 
current interrupt benefits from convenient data analysis. How­
ever, one of the challenges in current interrupt method is to 
obtain the point in which the voltage jumps and a fast oscillo­
scope is needed to deal with this problem. In this paper, the 
procedure for performing the current interrupt test is strictly 
according to [44]. 

Table 3 shows different current levels in which the current 
has been interrupted as weil as the corresponded temperature 
of each point. The PEMFC has been given enough time to 
reach a stable temperature for each current level before con­
ducting the test. Moreover, the test has been done in a forced 
convection condition in which the fans of the PEMFCs have 
worked with a constant dut Y cycle of 34%. 

Table 3 Current levels and PEMFC stock temperature during resistor 
measurement. 

Current / A Temperature / oC 

(Normal PEMFC) 

3 23.2 

6 25 

9 26.25 

12 28.2 

15 30.9 

18 33.7 

21 38.15 

24 44.7 

25 49.4 
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Temperature / oC 

(Degraded PEMFC) 

22.49 

24.87 

26.15 

28.1 

30.8 

34.7 

www.fuelcells.wiley-vch .de 

Figure 3 presents the variation of the resistor with respect 
to current and temperature for both of the Normal and 
Degraded PEMFCs. As it is seen, the value of resistor in the 
Degraded PEMFC is more than the Normal PEMFC. These 
measurements are used as a tool to check the range of esti­
mated resistor by the identification algorithms. 

4 Parameter Identification Aigorithms 

With respect to the aims and objectives of the problem, the 
process of identification can be conducted offline or online. In 
offline identification, the process data is first gathered in a 
data storage, and then it is transferred to a computer and eva l­
uated. However, in online identification, which is the focus of 
this work, information is processed online after each sample 
[45] . In online identification, there is no need to save the infor­
mation because the recursive algorithms are used, and the 
model is updated as the data cornes in. The aim of this work is 
to apply and compare two commonly algorithms in self-tun­
ing control for the problem of PEMFC parameters estimation. 
RLS is used to deal with linear regression model estimation, 
and RML can be used to estimate the parameters and the noise 
dynamics, as described below. 

4. 1 RLS Aigorithm 

RLS a lgorithm is based on the concept of minirnizing the 
error related to input signal. RLS gives excellent performance 
when operating in time varying conditions. Assurning that 
noise is serially uncorrelated and independent of the elements 
of the regression vector, RLS algorithm can be applied to a lin­
ear-in-parameter system to estima te the parameters, and the 
model can be ca lied a linear regression. The utilized RLS in 
this work is formulated as below. 

0.\2 
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~ 0.1 

--... 
~ 0.08 
.~ .. 
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0.04 
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~ 0.1 
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Fig.3 Resistor change with respect ta current (a), and temperature (b). 
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y(t) = 8(t) T rp (t) + v(t) (7) 

8(t) = 8(t - 1) + k(t)E(t) (8) 

(9) 

P(t) = rlp(t - 1) - rlk(t)rpT (t)p(t - 1) + BI (10) 

À(t) = 00 - (1 - oo / rpT (t)p(t - l)rp(t)) ;rpT (t)p(t - l )rp (t) > 0 

(11) 

À(t) = l ;rpT (t)P(t - l )rp (t) = 0 (12) 

E(t) = u(t) - rpT (t)8(t - 1) (13) 

where y(t) is the estimated output, 8(t) is the parameter vector, 
cj>(t) is the regression vector, v(t) is the uncertainty on the out­
put, k(t) is the Kalman gain, E(t) is the error, À is a directional 
forgetting factor, P(t) is the covariance matrix, B is a constant 
that increases the covariance matrix instant/y, 1 is the identity 
matrix,oo is the forgetting factor (0< 00 <1), and u(t) is the mea­
sured output. It should be noted that the estima tes are 
assumed to be unbiased in RLS. This assumption implies that 
regression vector and the noise are independent and v(t) is a 
white noise. Forgetting factor and covariance matrix play an 
important role in the estimation quality of a time-varying sys­
tem. The estimation algorithms are susceptible to estimator 
windup, which stems from the forgetting factor, and faults in 
the approximation, which might be due to large parameters 
change. Therefore, in this paper, a directional forgetting factor 
has been utilized to prevent the identification process from 
becoming undependable when the system is not constantly 
excited [46]. Table 4 clarifies how the introduced PEMFC 
model can be fitted in the RLS structure for parameter estima­
tion process. 

One point that needs to be mentioned is that the initializa­
tion of the parameters vector is very important to achieve rea­
listic outcomes from the identification process in both RLS and 
RML algorithms. In this regard, a preprocessing of data is per­
formed in this paper to avoid increasing the computational 
time or divergence and also get close to realistic results. The 
preprocessing of data is conducted by the Curve Fitting 
Toolbox™ of MATLAB software. This toolbox utilizes the least 
square methods to fit the data . Fitting requires a parametric 
model which can relate the real data to the predictor data. In 

Table 4 Description of the parameters of RLS . 

RLS parameters 

Ott) 

<p(t) 

y(t) 

u(t) 

Implementation description 

[YI, l:ù 1 3, 14, ~I, 1;2, 1;3, al 

[1, T, TIn(CO,), TIn(i), -i, -iT, _i2, fln(l-,BI.JI 

Estimated V FC by RLS 

Measured VFC From the real PEMFC 
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this work, the employed fuel cell model is linear in coeffi­
cients. Therefore, linear least square, which minimizes the 
summed square of the difference between the observed 
response value and the fitted response value, is used to fit the 
model to experimental data . The utilized experimental data in 
the preprocessing stage cornes from the conducted test for 
obtaining the polarization curves of the fuel cells, presented in 
Figure 2, which is a proper representative of its behavior. 

4.2 RML Aigorithm 

On the condition that the noise is related to the regression 
vector, the model cannot be considered as a linear regression 
due to unobserved data . In this condition, RLS algorithm can­
not be employed since the model is not a linear regression, 
and RML algorithm can be in troduced. RML algorithm holds 
a striking resemblance to RLS. The main difference here is that 
the disturbance acting on the output of the system (v(t)) is 
modeled as a moving average of a serially uncorrelated white 
noise sequence. In this case, the unobserved components (e(t), 
e(t - 1), ... e(t - r)) are approximated by the residuals, which 
are the values of the estimation error (E(t)). RML algorithm is 
formulated as below. 

y(t) = 8(t) T rp (t) + v(t) (14) 

v(t) = e(t) + cl (t)e(t - 1) + ... + cr (t)e(t - r) (15) 

8(t) = 8(t - 1) + k(t)E(t) (16) 

k(t) = À - 1 P(t - l )'P(t)/ (1 + À - l'PT (t)p(t - l )'P(t)) (17) 

'P(t) = rp (t)/C(q- l) (18) 

À(t) = 00 - (1 - oo/rpT (t)p(t - l )rp (t)) ;rpT (t)P(t - l )rp (t) > 0 

(20) 

À(t) = l ;rpT (t)p(t - l )rp (t) = 0 (21) 

E(t) = u(t) - rpT (t)8(t - 1) (22) 

where e is the residuals calculated by the values of error, c is 
the added parameter for error prediction, 'J'(t) is a filter, q-1 is 
the delayed operator, and C is the estimated polynomial of the 
parameter c (1 + Clq-l + ... + crq-r). The number of parameter 
c, which is shown by r in the formulas, has been chosen three 
in this particular case with respect to the conducted trials, and 
it can be increased or decreased in other problems. 

It should be noted that with respect to the introduced struc­
ture for the RML algorithm, which contains a model for pre­
dicting error, the introduced semi-empirical model should be 
extended as below to consider the error model as weIl. 
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V (ENems! + Vac! + Vohmic + Vcon + cl(t)e(t - 1)+ 
Fe = n x c2(t)e(t - 2) + c3(t)e(t - 3)) 

(23) 

Table 5 shows how the introduced RML algorithm in this 
section can be coupled to the PEMFC model. 

5 Experimental Results and Discussion 

The performance of the described algorithms has been 
tested on a developed test ben ch in the Hydrogen Research 
Institute. In this test bench, as shown in Figure 4, a Horizon 
H-500 air breathing PEMFC is connected to a National Instru­
ment CompactRIO through its controller. A programmable 
OC electronic load is used to request load profiles from the 
PEMFC. According to the manufacturer, the difference 
between the atrnospheric pressure in the cathode si de and the 
pressure of the PEMFC in the anode side should be about 
50.6 kPa. The pressure in the anode side is set to 55.7 kPa . The 
explained semi-empirical model and parameter identification 
algorithms have been developed in MATLAB and implemen­
ted in Lab VIEW software via Math Script Module. A current 
profile is applied to the PEMFCs via the load, which is con­
nected to the LabVIEW software and PC via USB connection. 
The measured data (temperature and voltage) from the real 
PEMFC is transferred to the Pc, by means of the CompactRIO, 

Table 5 Description of the parameters of RML. 

RML parameters 

9(t) 

"'(t) 

y(t) 

u(t) 

qq-I) 

Implementation description 

[YI, Tz, T3, T.,ÇI,çZ,ç3,a,cI,cZ,C3l 

[l, T, Tln(C02), TIn(i), -i, -iT, _i2
, IGIn(l - Pld), e(t - 1), 

e(t - 2), e(t - 3)\ 

Estimated VFC by RML 

Measured VFC from the real PEMFC 

(1 + clq-I + C2q-2 + C3q-3) 

Pressure 
regulator 

SOOW 
Horizon FC 

.l--~~_I....-

to be used in the implemented model for identification pro­
cess. The communication between the CompactRIO and the 
PC is via Ethernet connection every 100 milliseconds. In this 
regard, the identification algorithms receive the measured 
data every 100 milliseconds and identify the parameters of the 
model at each step. Then the updated model is used to plot 
polarization curve as weil as the power-versus-current curve. 
The current correspondent to the maximum power is obtained 
from the power-versus-current profile, and it is requested 
from the PEMFCs via the load. 

This work aims to increase the accuracy of the extracted 
information, which is maximum power herein, from the 
upda ted model. Later on, this information extraction basis can 
be integrated into the EMS designs to achieve more realistic 
results. Two main analyses have been performed in this sec­
tion to clarify the effectiveness of the discussed algorithms and 
the PEMFC model. The first analysis is to compare the perfor­
mance of the identification algorithms, and the second analy­
sis is to show the relevance of the achieved results to real 
physical values. 

Figure 5 indicates the utilized current profile to test the perfor­
mance of the identification algorithms. This current profile has 
been created by means of UDDS driving profile which rep­
resents the city driving condition. To do so, the UDDS driving 
profile has been used as the input of IEEE VTS Motor Vehicles 
Challenge [47], and the resulting requested current from the 
PEMFC has been scaled within the operating range of the 
presented PEMFCs in the test bench. Since this current profile 
comes from a driving cycle, it can imitate a real situation that 
may happen to a used fuel cell system in a vehicle. However, the 
application of this work is not just limited to vehicles. The 
represented CUITent profile, shown in Figure 3, has been applied 
to two described PEMFCs with different levels of degradation . 

Figures 6 and 7 represent the estimated voltage and temper­
ature variation for the Degraded and Normal PEMFCs, respec­
tively. As is clear in these figures, both of RLS and RML algo­
rithms are potentially capable of estimating voltage precisely. It 
is difficult to form an opinion about the performance compari-

son of the algorithms solely by means of 
these figures. 

Regarding the comparison of the algo-
rithms to one another, the mean square 

OC electronie ioad 

error (MSE) and the peak signal to noise 
ratio (PSNR) have been employed. MSE 
and PSNR are two error me trics used to 
compare the estimation quality. PSNR 
calcula tes the peak signal-to-noise ratio, 
in decibels, between the two original sig­
nal and estimated signal. In this paper, 
the original signal is the measured output 
voltage of the PEMFC and the estimated 
signal is the PEMFC estimated output 
voltage by the algorithms. The higher the 
PSNR, the better the quality of the estima­
tion. The MSE represents the cumulative 

Hydrogen tank t. l ·_ 
/ , 

Purging 
~=",",...-- valve 

NI CompaetRIO : 
9022 

V, 1, T 

LabVIEW 

FC Controller 

.................................................................................................... , 
Ethernet - Connection 

Fig . 4 Developed test bench at Hydrogen Research Institute. 

USB - Connectic;m 

--H2 Flow 
- + Pole eonnection 
- - Pole eonneetion 
•••••• Computer - Deviee 
- - Analog signais 

squared error between the estimated volt-
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Fig.5 Applied current profile (a), and carrespanded voltage (b), and 
temperature (c) in the test bench. 
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Fig.6 Estimated output voltage (a), and temperature change (b), of the 
Degraded PEMFC. 

age and the measured voltage. The lower the value of MSE, 
the lower the error. 

As mentioned earlier, the utilized algorithrns in this work 
have been implemented in LabVIEW software for experimen­
tal validation. The PEMFC is connected to a National Instru­
ment CompactRlO, which provides access to the PEMFC volt­
age and temperature sens ors' measurements. In order to check 
the robustness of the algorithrns, a random noise is added to 
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Fig.7 Estimated output voltage (a), and temperature change (b), of the 
Normal PEMFC. 

the voltage measurement in the LabVIEW, and the noisy sig­
nal is sent to the process of identification, whlch is done by the 
algorithrns. It should be reminded that the purpose of identifi­
cation is to estima te output voltage of the PEMFC and that is 
why the noise is added to the voltage measurement. Figure 8 
presents the obtained PSNR values for different cases. Four 
cases, namely zero noise, a random noise with variance of 
0.25, a random noise with variance of 0.5, and a random noise 
with variance of 0.75, have been considered in this analysis. 
Zero noise refers to the normal measurement, and the other 
cases show the addition of random noise with different var­
iances to test the robustness of the algorithrns. As it is seen in 
Figure 8, in case of normal measured data (zero noise), RLS 
performs better than RML to sorne extent. However, as the 
level of noise increases RML algorithrn indicates superior per­
formance compared to RLS. This result implies that RML algo­
rithrn is more robust tha n RLS whlle confronting sorne noises 
in the system . 

Figure 9 presents the comparison of the algorithrns based 
on MSE metric for the same discussed four cases. The achieved 
results of MSE analysis is in agreement with the results of 
PSNR, regarding the robustness of the algorithrns. It is clear 
that the value of MSE for RLS is marginally lower that RML in 
normal measured data, and in higher noise levels, the MSE 
value of RML is lower than RLS, which shows its robustness 
against noise. 

Regarding the investigation of the result relevance to the 
physical meaning, current interrupt method, as explained in 
Section 3.1, has been used to obtain a reference range for asses­
sing the resistor estimation by algorithrns. In fact, current 
interrupt test, which is an electrochernical technique, is used 
to measure the evolution of resistor with respect to the temper-
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few existing manuscripts, there is not any explana­
tion about the age and degradation level of the 
PEMFCs. However, the achieved parameters in this 
manuscript seem to be almost in the same range as 
in Table 2. 

Figure 11 represents the evolution of the activa­
tion region parameters of the Normal PEMFC with 
RLS algorithm. Since the performance of the algo­
rithms has been already discussed over the previous 
figures and the average values of the estimated 
parameters for both PEMFCs have been reported in 
Table 6, the parameters identified by RLS approach 

c=J RLS Degrade _ RML Degrade RLS Normal _ RML Normal 

are only shown in Figure 11 to give an idea of 
parameters variation. As is seen in this figure, the 
parameters are time-varying and the small variation 0.8 

0.6 

o 0.25 
Variance 1 a 

Fig.9 Comparison of Ihe algorithms based on MSE . 

0.5 0.75 

ature and current. This measurement clarifies the range of the 
resistor for the whole stack and is a helpful tool to check the 
achieved results by the both algorithms. Figure 10 shows the 
estimated values of the Rinternal in the Normal and Degraded 
PEMFCs, which are within the obtained ranges of the current 
interrupt test presented in Figure 3. The observed evolution in 
the trend of resistor, particularly between 0 to 100 seconds, is 
due to the sharp rise of current in the used current profile, 
shown in Figure 5, in this time period. This sudden increase in 
the current also leads to a temperature ri se, which affects the 
resistor. The resistor is influenced by not only the current but 
also the temperature. According to Figure 10, the ohmic resis­
tance value in the Degraded PEMFC is more than the Normal 
PEMFC. 

Table 6 provides information on the average va lue of the 
semi-empirical parameters, obtained by both of the identifica­
tion methods. There is not a lot of information about the range 
of the semi-empirica l parameters in literature and even in the 

0.08,..-----..... ---.------...----, 

C 0.06 

.. 
~ 0.04 
.;;; .. 
CI:: 0.02 --Normal PEMFC 

oL-----------~~~~~ 
o 100 200 300 

Time 1 s 
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Fig . 10 Evolution of the estimated ohmic resistance in the PEMFCs. 
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of the parameters overtime shows that the selected 
PEMFC model has an acceptable accuracy, otherwise 
the parameters would fluctuate a lot to compensa te 
the lack of accuracy in the mode!. 

The variation of the concentration region param­
eter, achieved by RLS, is shown in Figure 12. It 
should be noted that the severity of degradation 
influence is ambiguous over each specific parameter. 
However, it can be ensured that in case of distur­
bance occurrence due to degradation, the parame­
ters change to embrace its effect. 

Figure 13 represents the comparison of the polarization and 
power curves of Normal and Degraded PEMFCs with the esti­
mated ones, obtained by RLS algorithm for zero noise condi­
tion. It should be noted that the polarization curve changes 
continuously mainly due to the temperature change. As it is 
seen, maximum power is achieved in the high current region, 
where the concentration part begins. In this regard, by 
employing the recursive algorithms in the parameter estima­
tion of a PEMFC mode!, the polarization curve and maximum 
power can be obtained at each moment, and be used in power 
splitting or global EMSs. 

Table 6 The average obtained values of the semi-empirical parameters . 

Parameters Degraded PEMFC Normal PEMFC 

RLS RML RLS RML 

Y, -1.19 -1.19 -û.91 -û.91 

Y2 4.01 x 10-3 4.01 x 10-3 2.9 x 10-3 2.9 x 10-3 

Y3 9.68x lO-s 9.53 x lO-s 7.71 x 10-5 7.78x 10-5 

Y4 -9.56x 10-5 -1.05 x 10-4 -1.97 x 10-4 -1.93 x 10-4 

a 7.95 x 10- 1 7.95x 10-1 9.94x 10- 1 9.94x 10-1 

Çl 9.94 x 10-2 9.94 x 10-2 1.07 x 10-2 1.07 x 10-2 

ç2 -2.92 x 10-4 -2.92x 10-4 -9.90 x 10-6 -l.00x 10-5 

ç3 -1.22 x 10-5 -1.22 x 10-5 8.54 x 10-5 8.54x 10-5 

CI 2.50 x 10-1 2.50 x 10-1 

C2 3.00x 10- 1 3.00x 10-1 

C3 5.00 x 10-2 5.00x 10-2 
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Fig . 13 Polarization curve and corresponded power curve of Normal 
PEMFC (a, cl. and Degraded PEMFC (b, dl . 

Figure 14 compares the polarization curves obtained by the 
estimated parameters with RML and RLS algorithms for the 
noise level of 0.25. As is dear in Figure 14, the estimated polar­
ization curve by RML algorithm is doser to the reference, 
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Fig. 14 The comparison of polarization curves obtained byalgorithms. 

which cornes from the experimental data, tha n RLS. This 
figure also shows the influence of noise in the polarization 
curve estimation. Looking more dosely at Figure 14, it can be 
conduded that a small change in the voltage estimation can 
cause a noticeable change in the polarization curve estimation. 
The difference between the PSNR values of RML and RLS 
algorithms, presented in Figure 8, for the noise level of 0.25 is 
not a lot. However, this slight d ifference causes an obvious 
change in the polarization curve prediction. 

6 Conclusions 

This paper proposes online identification of a multi-input 
PEMFC model to track the performance drifts due to the influ­
ence of degradation phenomenon and the operating conditions, 
which are not considered in the mode l, over the output voltage 
of a fuel cell system. In this regard, a semi-empirical PEMFC 
model is selected and two identification algorithms, RLS and 
RML, are utilized to update the chosen mode!. Various scenar­
ios, four noise lev el cases, and two PEMFCs with different levels 
of degradation, have been considered to test the performance of 
the algorithms. The main results achieved from the experimen­
tal implementation and test of the algorithms indicate that both 
of the algorithms are capable of estimating the output voltage 
to a satisfactory level. However, RML has shown more robust­
ness in dealing with noisy measurement data. It is worth 
reminding that this robustness might lead to less expensive sen­
sors and measurement instruments. Moreover, it should be 
noted that the range of alteration in the semi-empirical parame­
ters was acceptable. In future, this work can be integrated into 
the design of global energy management for FCVs. 
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List of Symbols 

Latin Leffers 

an Output coefficient 
bm Input coefficient 
Cr Error coefficient 
C Estimated polynomial 
CO2 Oxygen concentration / mol cm-3 

E Estimation error 
E Error 
ENemst Cell reversible voltage / V 
G Dimensionless number 

FC opera ting current / A 
Identity matrix 

Id Current density / A cm-2 

q-1 Delayed operator 
k Kalman gain 
n Number of cells 
P Covariance matrix 
PH2 Hydrogen partial pressure / Pa 
Pm Oxygen partial pressure / Pa 
Rintemal Total internai resis tance of the fuel cell / Q 

T Stack temperature / K 
U Input 
V Noise 
Vaet Activation voltage drop / V 
Veon Concentration voltage drop / V 
VFC Output voltage of fuel cell / V 
V ohmie Ohrnic voltage drop / V 
X Regression vector 
y Output 

Greek Leffers 

A Semi-empirical parameter related to diffusion 
mechanism 

B Inverse of the limiting current density / A - 1 cm-2 

B Constant 
E Residuals 
Çn Parametric coefficients related to ohmic resistance 
e Parameter vector 
y n Experiential coefficients related to activation loss 
<D Linear regression vector 
1/>0 Residual regression vector 
/\ Directional forgetting factor 
'1' Filter 
Q Forgetting factor 
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C.l Objectives 

The performance of an FCHEV is impacted by several interrelated factors which put the 

design of an EMS in critical position [6]. Regardless of the type of the hybrid vehicle, the 

existing EMSs fall under two categories of rule-based and optimization-based [12, 18]. The 

rule-based strategies are usually heuristic and lead to limited and sub-optimal solutions. In 

this regard, the researchers have turned attentions on the optimization methods, which assure 

optimal or near-optimal solutions in theory and can also provide new guidelines for refining 

the rule-based methods [95, 96]. However, the performance of the optimization-based 

strategies depends to a great extent on the driving pattern and they achieve different 

efficiency with respect to the driving conditions. In this light, the use oftraffic condition and 

driving information in the design of an EMS has come under the attention of many 

researchers [30,31,97]. This line ofwork is known as intelligent-based EMS category and 

can be integrated into both ofruled-based and optimization-based strategies [16]. Apart from 

the importance of considering the driving condition, it is also essential to take into account 
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the performance drifts of the FC system in EMS formulation of an FCHEV. The performance 

of a FC system is impacted by several factors such as the variation of operation conditions 

and degradation phenomenon and it can lead to the mismanagement of the pres et controller 

in the vehicle. 

In the light of the discussed issues, the main objective ofthis article is to propose a novel 

adaptive soft-computing based EMS for a FCHEV, composed of a FC system and a battery 

pack. This strategy embraces the influence of driving condition and operating point variation 

of the stack. This is one of the first attempts, if any, to merge both of driving pattern 

recognition and adaptation to the performance drifts of the FC system in a single EMS. 

C.2 Methodology 

This paper puts forward an online multi-mode EMS to efficiently split the power among 

the components while embracing the effects of the driving conditions and performance 

degradation of the fuel cell system. The core of the suggested strategy is an online self­

organizing map (SOM) driving profile classifier and a multi-mode FLC with online updating 

of the output defuzzification, as shown in Figure C.I. 

Figure C.I The general architecture of the proposed online multi-mode EMS. 
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A SOM is first trained to cluster the driving patterns. The SOM competitive layer in this work 

is composed of ten driving features as inputs and it classifies the driving patterns into three 

classes in the output. To the best of the authors' knowledge, SOM has not already been used 

as a driving condition recognition too!. Subsequently, a three-mode fuzzy logic controller 

(FLC) is designed and optimized offline by the genetic algorithm for each driving pattern. Each 

FLC has three inputs including requested power, derivation of requested power, and battery 

state of charge (SOC), and one output, which determines the portion of required power form 

the PEMFC system. Unlike the other similar works, the defuzzification of the FLC output is 

done based on the estimation of maximum power and maximum efficiency of the real FC 

system through an online model composed of a PEMFC semi-empirical model coupled with 

KF. Finally, the SOM is utilized to recognize the driving mode at each sequence and 

accordingly activate the most suitable mode of the FLC to meet the requested power by 

efficient use of the energy sources. Contrary to most of the existing papers in the literature 

which are based on simulation, the obtained results of this work have been validated on a 

developed test bench by using hardware-in-the-Ioop (HIL) technique. To highlight the 

influence oftracing the real state ofa FC system while designing an EMS, two PEMFCs with 

different degrees of degradation are used in the experimental section ofthis paper. 

C.3 Synopsis of the results analyses 

To study the performance of the proposed online multi-mode EMS, two principal scenarios 

are taken into consideration. In the first scenario, a combined driving cycle is imposed to the 

vehicle as the input and the performance of the online proposed EMS is compared with an 

offline-optimized EMS in terms of hydrogen consumption and efficient use of the energy 

sources. The new FC system is used throughout the first scenario. It should be noted that this 
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offline strategy knows the driving cycle in advance as opposed to the online multi-mode EMS. 

From the obtained results, it is clear that the FC system is being used to supply the main portion 

ofthe requested power in a stable manner, compared to the battery, which is mostly responsible 

for absorbing the fast transitions. The optimal offline strategy keeps the SOC in a higher level 

compared to the online strategy due to its priory knowledge about the requested power. 

In the second scenario, the capability of the proposed EMS to deal with the FC system 

performance drifts is scrutinized. In this respect, the EMS test with the combined driving cycle 

is repeated, but by using the old PEMFC. Moreover, to signify the importance of the online 

PEMFC characteristics tracking, once the test is performed by deactivating the online 

identification, and the second time it is done by activating it. According to the obtained results, 

the offline multi-mode strategy experiences a lot of start-ups and shutdowns in the beginning 

(400 s) in the FC system as it tries to recharge the battery by using the PEMFC in high power. 

However, it is not aware of the fact that the FC system has been degraded and its MP and ME 

points have changed. Therefore, it demands for a power level that is out of the ability of the FC 

to supply and causes these on/off cycles. 

On the other hand, in case ofthe proposed online EMS, in the first 100 s, the identification 

is performed to realize the real characteristics ofthe FC system and update the defuzzification 

tuning ofthe controller. After that, the FC system works in the high-power area to recharge the 

battery pack to a certain level in addition to supplying the requested power without having any 

on/off cycles. As a result, the online multi-mode EMS utilizes the FC system more efficiently 

which can prolong its lifetime besides improving the fuel economy of the vehicle. Table C-l 

compares the obtained co st by each of the EMSs in both scenarios. According to this table, the 

proposed online multi-mode strategy shows a very close performance to the optimal FLC in 
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scenano 1. This close performance demonstrates that the proposed online EMS is able to 

handle unknown driving conditions with an acceptable fuel economy. The presented results of 

scenario 2 also confirms the satisfactory adaptation of the proposed EMS to the performance 

drifts of the FC system, which is a distinguishing feature of this suggested EMS. This 

adaptation to the real state of the FC system has made 8% of performance improvement in the 

online muIti-mode strategy in scenario 2. 

Table C-l The cost comparison of the EMSs in the two performed scenarios 

Scenario 1 Scenario 2 

Cost (USD) Optimized Online Offline Online 
FLC Multi-mode multi-mode multi-mode 

H2 28.82 26.96 28.92 25.56 

ON/OFF 
0 0 0.80 0 

cycles 
Recharge 

13 6.00 7.98 8.99 
penalty 

Total 32.16 32.96 37.70 34.55 

CA Conclusion 

This paper presents a new online multi-mode EMS for a FCHEV. This EMS is mainly 

composed of a SOM based driving condition classifier and a multi-model FLC. The FLC 

output MF is constantly adjusted based on the online estimation of the FC system MP and 

ME boundaries by KF and a semi-empirical PEMFC mode\. The developed SOM recognizes 

the driving condition and activates the most proper mode of the FLC at each update to 

efficiently supply the request power from the vehicle . The performance of the proposed 

online strategy is compared with an offline optimized FLC under a combined driving cycle 

ofCYC _ NewYorkBus, CYC _ UDDS, and WL TC _ c1ass 3 and a satisfactory result is obtained 

with only a two-percent difference in terms of the total co st of hydrogen consumption and 
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on/off cycles of the Fe system. Moreover, the performance of the proposed EMS is tested 

when the Fe system undergoes a sixteen-percent drift regarding the maximum power. In this 

case, the proposed online EMS adapts to the real state of the Fe system and improves the 

performance of the vehicle by eight percent compared to the offline multi-mode controller. 
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1. INTRODUCTION 

T RANSPORTATION is broadly held responsible for pro­
ducing carbon dioxide emissions resulting from the burn­

ing of fossil fuels, such as gasoline, in internaI combustion 
engines [1] . Pure electric and hybrid electric vehicles have 
been thought-provoking transitional alternates for conventional 
vehicles although the latter is sti ll dependent on fossil fuels 
and the former has limited driving range in addition to long 
recharging time [2]. These shortfalls have also provided the basis 
for the advent of new power sources such as proton exchange 
membrane (PEM) fuel cell s (FCs) in vehicular applications, 
which are presenting a steadily growing division of the auto­
motive market [3]. Fuel cell hybrid electric vehicles (FCHEVs) 
usually utilize a PEMFC as the primary power source and a 
battery pack or/and a supercapacitor as the secondary power 
source. Therefore, the performance of an FCHEV is impacted 
by several interrelated factors which put the design of an energy 
management strategy (EMS) in critical position [4]. Regardless 
of the type of the hybrid vehicle, the existing EMSs fall under 
two categories of rule-based and optimization-based [5] , [6]. 
The rule-based strategies are usually heuristic and lead to limited 
and sub-optimal solutions, In this regard, the researchers have 
turned attentions on the optimization methods, which assure 
optimal or near-optimal solutions in theory and can also provide 
new guidelines for refining the rule-based methods [7] , [8], 
Optimization-based strategies can be divided into two groups 
of global and real-time strategies depending on the defined 
cost function. The former utilizes the cost function over a 
fixed driving cycle and is beneficial for rea lizing the optimal 
policy. However, it is not applicable in real-time control of the 
vehicle owing to its dependency on the driving profile. The 
latter, nonetheless, uses an instantaneous cost function based 
on the variables of the system. Equivalent consumption mini­
mization strategy (ECMS) and Pontryagin's minimum principle 
(PMP) are two widely used real-time optimization strategies in 
hybrid e lectric vehicles [9]- [12] . One of the key issues here 
is the high instantaneous computational time. Furthermore, the 
estimation of the equivalent factor in ECMS and the initializa­
tion of the co-state in PMP, which are sensitive to transient 
dynamjc and the driving pattern, are quite challenging tasks 
[13], [14] . 

0018-9545 © 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. 
See http://www.ieee.org/publications_standards/publications/rights/index .htmifor more information. 
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In light of the discussed matters, the use of traffic condition 
and driving information in the design of an EMS has come under 
the attention of many researchers [15]-[ 17]. This line of work is 
known as intelligent-based EMS category and can be integrated 
into both of ruled-based and optimization-based strategies [18]. 
Intelligent-based EMSs mainly consist in the use of car nav­
igation data (global positioning system, vehicle geographical 
information system or vehicle telematics) and the history of 
motion for recognizing and predicting the driving condition [19] . 
Several approaches based on fuzzy logic control (FLC) [20], 
neural networks (NNs) [21] , and other machine learning-based 
techniques [22] have been introduced in this respect. In [23] , the 
driving data is clustered by using a hierarchical algorithm and 
support vector machine (SVM) is used for the recognition of the 
traffic condition. In [24], multi-Iayer perceptron (MLP) NN is 
trained to recognize the driving pattern and activa tes the con­
tro Il er. In [25] , back propagation NN along with metaheuristic 
algorithms is used to formulate a dynamic programming-based 
predictive EMS to reduce the fuel consumption. In [26] , the 
suggested strategy comprises two steps: generation of optimal 
EMS for the long trip by using an estimation of distribution opti­
mization algorithrn and refining the optimal EMS with regard to 
actual traffic conditions in the short-term. In [27] , combination 
of PMP with NN, in [28] , learning vector quantization NN 
with GA, and in [29], probabilistic SVM with a data fusion 
based method are proposed for developing the EMS. In [30], 
an adaptive control based on tuning the FLC parameters for 
different loads is proposed. The authors state that the PEMFC 
voltage declines due to degradation after a while and under this 
condition the rule-based values should be reconsidered. 

Apart From the importance of considering the driving condi­
tion , it is also essential to take into account the performance 
drifts of the FC system in EMS formulation of an FCHEY. 
The performance of a FC system is impacted by several factors 
such as the variation of operation conditions and degradation 
phenomenon. The previous works of the authors have touched 
upon the procedure for updating the parameters of a FC system 
online [31] , [32]. However, they have not been integrated into 
the EMS design yet. There are sorne works in the literature 
regarding the online identification of the PEMFC model in an 
EMS. Sorne ofthem are based on the extremum seeking methods 
in which a periodic perturbation signal is utilized to find an 
optimal operating point in real-time [33]-[35]. Such strategies 
are employed in the formulation of an EMS mainly due to their 
easy implementation. However, they cannot be very effective 
when simultaneous identification of several operating points are 
required in online applications. Because they need a separate 
search line for each intended characteristic such as maximum 
efficiency (ME) and maximum power (MP). This problem can 
be avoided by utilizing recursive filters for online identifica­
tion of the PEMFC parameters and extracting the necessary 
characteristics from the updated mode!. There are a few EMSs 
on this basis in the literature for FCHEVs. In [36] , [37] , the 
authors employ the recursive least square (RLS) and the square 
root unscented Kalman filter (KF) for updating a single-input 
(current) PEMF model while designing hysteresis and PMP 
based EMSs for a FCHEY. They indicate that the classical EMSs 

TABLE 1 
NEMO PARAMETER DEFINITION 

Specification Parameter Value 
Rolling resistance 0.015 
Aerodynamic drag 0.42 
Frontal area (m2

) 4 

Vehicle's parameters Density of air (kg/m3
) 1.2 

Mass factor 1.035 
Mass (kg) 896 

Maximum speed 
40 

(kmIh) 
3-phase induction Power (W) 5690 

machine Frequency(Hz) l3l.! 
FC system Rated power 4kW 

Battery 
voltage (V) 72 

Capacity (Ah) 120 

are not very efficient when there are drifts in the FC system. 
In [38], the authors propose a supervisory controller while the 
PEMFC model is being updated by a simple CUITent dependent 
mode!. 

This paper proposes a novel adaptive soft-computing based 
EMS for a FCHEV, composed of a FC system and a battery 
pack. This is one of the first attempts, if any, to merge both of 
driving pattern recognition and adaptation to the performance 
drifts ofthe FC system in asingleEMS. The core of the suggested 
strategy is an online self-organizing map (SOM) driving profile 
classifier and a multi-mode FLC with online updating of the 
output defuzzification. To the best of the authors' knowledge, 
SOM has not already been used as a driving condition recogni­
tion too!. Moreover, the other contribution ofthis work lies in the 
formulation of the FLC to adapt to the real state of the FC system. 
Each FLC has three inputs including requested power, derivation 
of requested power, and battery state of charge (SOC), and one 
output, which deterrnines the portion of required power form the 
PEMFC system. The defuzzification of the FLC output is done 
based on the estimation of MP and ME of the real FC system 
through an online model composed of a PEMFC semi-empirical 
model coupled with KF. Contrary to most of the existing papers 
in the literature which are based on simulation, the obtained 
results ofthis work have been validated on a developed test bench 
by using hardware-in-the-Ioop (HIL) technique. To high light the 
influence oftracing the real state of a FC system while designing 
an EMS, two PEMFCs with different degrees of degradation are 
used in the experimental section of this paper. 

Section II deals with the modeling description of the vehicle. 
The methodology for designing the proposed EMS is detailed 
in Section III. Section IV clarifies the obtained results from 
different considered scenarios. Finally, the conclusion along 
with sorne remarks is presented in section V. 

II . FUEL CELL HYBRID ELECTRIC VEHICLE SYSTEM 

A. Hardware-in-the-Loop Platform and Power Train 
System Modeling 

The system used in this work is based on a low-speed FCHEV 
called Nemo. The main characteristics of the vehicle are listed 
in Table I. 
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Fig. 1. The HIL set-up for testing the EMS. 
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Fig. 2. The old and new PEMFCs' characteristics. 

For the purpose ofthis paper, a HIL set-up, as shown in Fig. l , 
is designed for evaluating the performance of the EMS. The 
FC system is the real component of this HIL simu lator and the 
otherones are the mathematical models. In this set-up, a Horizon 
500-W air breathing PEMFC, which is connected to a National 
Instrument CompactRIO through its controller, is utilized. The 
FC controller contro ls the mounted axial fan which is responsible 
for cooling the stack and supplying the necessary oxygen. The 
information between the CompactRIO and the PC is transferred 
by an Ethemet connection every 100 mi lIiseconds. Temperature, 
current, and voltage of the FC system are recorded and used 
for the online modeling. An 8514 BK Precision OC Electronic 
Load is used to request the load profile, imposed by the OC-OC 
converter, from the FC system. According to Table l , the Nemo 
FCHEV has a 4-kW FC system. In this regard , the FC output 
voltage in the HIL set-up is scaled up after the converter to meet 
the requested power. To emphasize the significance of tracking 
the real behavior of the FC system while designing an EMS, two 
H-500 Horizon PEMFCs with different degrees of degradation 
are used in this work. The MP and ME curves of each of the FC 
systems are presented in Fig. 2 and their other characteristics 
are listed in Table II. Hereafter in this manuscript, the degraded 

TABLE Il 
THE TECHNICAL FEATURES OF THE H-500 HORIZON PEMFC 

PEMFC Technical specification 
Type of FC PEM 
Number of cells 36 
Active area 56 cm2 

42A Max CUITent (shutdown) 
Hydrogen pressure 
Rated H2 consumption 
Ambient temperature 
Max stack temperature 
Cooling 

50-60 kPa (0.5-0.6 Bar) 
7 SLPM 
5 to 30 oC 
65 oC 
Air (integrated cooling fan) 

TABLE III 
THE UTILIZED BATTERY PACK DATA 

Specification 

SAFT Rechargeable 
lithium-ion battery cell 

Parameter 
Maximum CUITent 

continuous 
Capacity 

Nominal voltage 
No. of cells in series 

No. of cells in parallel 
Cell mass 

Coulombic efficiency 

Value 

CI l A 

6Ah 
3.65 V 

20 
13 

0.34 kg 
0.99 

PEMFC is called old PEMFC and the other one is referred to as 
new PEMFC. Fig. 2 also shows the safe zone operating range, 
between the ME and MP boundaries, of these FC systems. The 
EMSs should try to operate the PEMFC in this safe zone to 
increase the lifetime and fuel economy of the system. It should be 
noted that according to [37] , a dynamic limitation of 50 Ws- I , 

which means a maximum of 10% of the maximum power per 
second for rising, and also 30% of the maximum power per 
second for falling, as suggested in [39] , have been considered 
for the operation of the PEMFC stack. 

According to Fig. 1, the FC system, as the primary power 
source, is connected to the OC bus via a OC-OC converter, and 
the battery pack, as the secondary source, is directly linked to 
the bus to sustain the voltage of the DC-link. The force of the 
hybrid vehicle, considering the speed (VHV) and mass (m ), 
can be calculated by taking into account the traction (Ftr ) and 
resistive (Fr-es ) forces as follows: 

{

m fA VH V = Ftr - Fres 
Fres = mgfr + 0.5PaCd A f V 2 + m ga 
Ftr = (Vrr v - ref - VHV ) Cs (t ) + Fres 

(1) 

Where a family of PI controller is used to force the vehicle to 
follow the driving cycle and assure achieving the reference speed 
of the vehicle. The vehicle requested power from the electric 
motor side can be then expressed as: 

Preq = (VHV x Ftr) / 'rIEM 'rIt'rldc-ac (2) 

Where 'rit is the transmission efficiency (92%), 'rI EM is the motor 
average efficiency (90%), and 'rIde-ae is the inverter efficiency 
(95 %). A lithium-ion battery pack is used to help the FC stack 
to meet the energy demand from the electric motor side. The 
important parameters of the battery are listed in Table III. 
An internai resistance based model is used for modeling the 
behavior of this energy storage system [40] . Fig. 3 shows the 
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relationship of battery SOC with each of open circuit voltage 

(Ubat - OC ), internai resistance (Rbat ) changes in charge, and 
internai resistance changes in discharge. The battery CUITent 
(hat), bus voltage (Ubus ), and SOC are calcu lated based on 
(3)-(5) respectively. 

(Ubat- OC - JUbat- OC
2 

- 4 X R bat X Pbat 
I bat = ~-------------------------------

2 X R bat 
(3) 

(4) 

(5) 

where Pbat is the battery pack power, Cbat is the capacity, and 
7Jc is the cou lombic efficiency. 

The FC system modeling is premised on a semi-empirical 
equation proposed by Mann et al. [41]. This model calculates 
the stack voltage for a number of cells connected in series. In 
fact, thi s model is being used for two purposes. 

First, for tuning the EMS parameters before its implementa­
tion on the real system to make sure that it does not damage 
the real FC system. Second, it is used in the online character­
istics estimation process of the real FC stack whjle it is under 
operation. 

VF C = N (ENerns t + V act + V ohmic + V con ) (6) 

E Nern st = 1.229 - 0.85 x LO- 3 (T - 298.15) 

+ 4.3085 x lü- sT [ln (PH2 ) + 0.51n (P02)] (7) 

{ 

Vact = Çl + Ç2T + 6Tln (C02) + ç4Tln (iFC ) 
CO - P Ol 

2 - S.08 x lO 6ex p(-498 / T ) 

(8) 

(9) 

Where VFc is the output voltage (V), N is the number of 
cells, EN em s t is the reversible cell potential (V), V act is the 
activation loss (V), V ohmic is the ohmic loss (V), V con is the 
concentration loss (V), T is the stack temperature (K), PH2 is 
the hydrogen partial pressure in anode side (Nm- 2 ), P02 is the 
oxygen partial pressure in cathode side ( m - 2), Çn (n = 1 . . . 4) 
are the semi-empirical coefficients based on fluid mechanics, 
thermodynarrlics, and electrochemjstry, CO2 is the oxygen con­
centration (mol cm- 3), iFC is the PEMFC operating CUITent 

(A), R intemal is the internai resistor (n), ( n (n = 1 . .. 3) are the 
parametric coefficients, B is a parametric coefficient (V), J is 
the actual CUITent density (A cm- 2 ), and Jmax is the maximum 
current density (A cm- 2 ) . The hydrogen flow is computed by 
a first order function approximation based on the experimental 
data, where a and b are fitting parameters [37]. 

H2,flow = a + b * iFC ( Il ) 

The FC system is connected to the DC bus through a DC­
DC converter. This converter is modeled by using a smoothing 
inductor and a boost chopper as formulated in (12) and (13). 
The detailed explanation of the converter model can be found 
in [42]. 

L :t iFC = VF c - VhFC - rLiFc ( 12) 

1 if P con v > 0 

- 1 if P conv < 0 

(13) 

Where L is the converter inductance (H), VhFC is the input volt­
age in the chopper (V), r L is the converter resistance (n), mhfc 

is the modulation ratio, and rT,.FC is the converter efficiency. 
In fact, the converter uses a voltage controller to determine the 
required coil CUITent by rrlinimizing the eITor between the actual 
and reference voltage of the FC system. Then a CUITent controller 
is used to determine mhfc which boosts the output voltage to 
the desired value. 

III. ENERGY MANAGEMENT STRATEGY DESIGN 

The proposed EMS in this work ajms at dealing with two 
important uncertainties, namely driving pattern changes and 
performance drifts of the FC system. The general structure of 
the suggested EMS is shown in Fig. 4. As is seen in this fig­
ure, the proposed online EMS comprises three important parts, 
namely trafflc condition recognizer, online PEMFC modeling, 
and multi-mode FLC. The SOM is employed to deterrrune the 
driving mode ateach sequence and consequently trigger the most 
appropriate mode of the multi-mode FLC to satisfy the requested 
power. The updated characteristjcs of the online PEMFC stack 
model are also utilized to tune the output of the FLC with 
respect to the performance drifts of the PEMFC system. The 
development of each part is carefully described hereinafter. 

A. Traffic Condition Recognizer 

V con = Bln (1 - J:
ax

) 
(lü) In thi s work, SOM, as an unsupervised learning method, is 

used for recognizing the driving condition. Kohonen presented 
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Fig. 4. The general architecture of the proposed online mu lti-mode EMS . 

thi s fo rm of unsupervised competiti ve ANN in 1982 and it has 
been weil studied and implemented in di fferent problems [43]. 
In SOM, each of the neurons is associated to ail the network 
inputs and to the neighborhood of the nearby neurons. Contrary 
to the utilized supervised methods, such as MLP and SVM, 
in driving condition recognition , SOM can update its weights 
without the need for a priori known labe led output. Compared 
to other unsupervised methods, like k-means and linear vector 
quantization, SOM preserves the structure of the orig inal data, is 
very conducive to the interpretation of the clusters, and teaches 
the adj acent neurons to di stinguish the neighboring sections of 
the input space. SOM has four phases of train ing as initiali zati on, 
competi tion, cooperati on, and adaptation. 

In the training process, initially, each neuron is entirely linked 
to ail the source nodes in the input vector and the weights of ail 
the connections are assigned with small random values. 

Then, the competition phase is performed by calculating the 
inner product between neuron j 's weight vector (Wj ) and the 
input vector (X ). The winning neuron (i(X )) is determined by: 

= 1,2, . . . , i 
(1 4) 

where m is the dimension of the input vector, and i is the total 
number of neurons in the network. In the cooperation phase, the 
neurons in the ne ighborhood of the excited neuron are also tuned 
based on the principle of lateral interacti on among the acti vated 
neurons of the human brain . This topological neighborhood is 
defi ned by: 

{ 

h j ,i( X ) = exp ( - dl;/2(
2

) 

with J ,t 
{ 

cf2, . = rj - r i 2 

a (n) = aD exp (- n/ TI) , n = 0, l , 2, . .. , 
(1 5) 

where h j ,i( X ) is the topological function, d j ,i is the lateral 
distance, a is the standard deviation, r j is the pos ition of the 
activated neuron, r i is the position of the wining neuron, aD is 
the initial value of the a , and T is the time constant. Finall y, in 

lndividuality 

Driving 
features 

Driving 
schedule 

(DS) 

TABLE IV 
THE U SED DRIVING FEATURES AN D SCHEDULES 

Description 
• Average speed (kmIh) 
• Idle ti me (%) 
• Speed standard deviation (kmIh) 
• Average acceleration (kmfh2) 
• Maximum acceleration (kmIh2) 
• Average deceleration (kmIh2) 
• Maximum acceleration (kmfh2) 
• Percentage of low-speed (%) 
• Percentage ofmiddle-speed (%) 
• Percentage of high-speed (%) 
• Urban and extra urban DS (CYC_ECE_EUOC) 
• Federal test procedure DS (CYC_FTP) 
• Highway Fuel Economy Test (CYC_HWFET) 
• Indian highway DS (cyc_india_hwy) 

Indian Urban DS (cyc_india_urban) 
• Supplemental Federal Test Procedure (CYC_SC03) 

City ofTehran's DS (CYC _ TEH_CAR) 
Urban Dynamometer DS (CYC _ UODS) 
West Virginia Interstate (CYC_ WVUINTER) 

• West Virginia Suburban (CYC_ WVUSUB) 
• Califomia Air Resources DS (CYC_UNIFO I) 
• The Unified DS (CYC LA92) 

the adaptation phase, it is required that the weights of the win ing 
neuron and its neighbors get updated. The weight adaptation is 
defined as : 

{
W j (~~ l) = ~j (n) + ~(n) h j,i( X ) ~n) (X (n) - W j (n)) 
whe1e. 'I7 (n)- 'I7o exp ( n/ T2)' n- O, l , 2, ... , 

(16) 
where '17 ( n) is the learning- rate parameter of the algori thm. The 
initial value of learning rate ('170 ) is usually defi ned as O. l and 
gradua lly decreases to around 0.01. Once the SOM is trained, it 
can be used to class ify the new input data based on the defi ned 
clusters. 

[n this manuscript, the input layer consists of ten neurons 
which are among ten important dri ving features introduced in 
[23], [28]. Each of these neurons corresponds to one driving 
fea tu re. Table IV li sts the used featu res and driving schedules 
for SOM training. A il the driving cycles have been scaled 
down according to the max imum speed of the Nemo vehicle, 
which is 40 km/ho ln this way, the real driving patterns are best 
represented. The number of driving fea tu res in the input layer 
can vary fro m 2 to 62 in the literature . However, the chosen 
features of this work are among the most used ones . ln order 
to train the SOM to classify the input features, twelve driving 
cycles are employed. Since SOM learns to class i fy the data based 
on how they are grouped in the input space, the driving cycles 
are chosen in a way to reach a homogeneous di stribution of 
data. ln other words, the chosen driving cycles coyer ail the 
driving conditions. To ex tract the stati stical features, the driving 
cycles are decomposed into micro-trips and ail the fea tures are 
calcul ated for each micro-trip [20]. Concerning the number of 
output layer neurons, based on which the clusters are defined, 
Silhouette criterion is used. [n thi s regard, SOM is trai ned for 
different number of output neurons (2, 3, ... , 6) by using the 
same input data. In each case, the Silhouette value is calculated 
for ail the data of each cluster and its mean values are shown 
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Fig. 6. The SOM based driving condition recognizer weight positions. 
(a) Initial weight positions. (b) The lrained SOM weight positions. 

in Fig. 5. This value demonstrates how analogous an entity 
is to its own c1uster (consistency) compared to other c1usters 
(segregation). Silhouette value changes from - 1 to + 1, where 
higher values denote that the entity fits weil to its own c1uster. 
According to Fig. 5, by grouping the driving data into three 
c1usters, more cohesion c1usters are attained. Therefore, three 
neurons are selected for the output layer of SOM to c1assify the 
driving data into three classes of slow-speed, medium-speed, 
and high-speed driving profiles. 

After training the SOM classifier, it can be used online for 
determining the driving conditions. In this respect, as suggested 
in [24], a sampling window size of 150 s and an updating window 
size of 50 sare employed to extract the statistical driving features 
while avoiding frequently mode switches. This means that each 
recognition is based on the driving features of the previous 
150-s window and is updated every 50 s. Fig. 6 demonstrates 
the 2D SOM weight positions based on average velocity and 
standard deviation (SD) in the initial phase and at the end of 
self-organization. As is seen in Fig. 6a, primary weights are 
scattered over the input space after the initialization. The red 
spots show the training vectors. However, after 1000 epochs, 
the neurons have moved towards the various training groups by 
updating the weights of the winner neurons and their neighbors 
according to Fig. 6b. 

A combined driving cycle, made up of CYC_NewYorkBus, 
CYC_UDDS, and worldwide harmonized light-duty vehicles 
test cycles (WLTC_c1ass 3), is used to assess the performance 

40 

WU~U-~--~~ 1 

1000 2000 3000 4000 
Time(s) 

Fig. 7. Recognition results for the combined driving cycle. 

TABLE V 
KF CUSTOMIZATION FOR THE IDENTIFICATION PROBLEM 

Operators SYMBOLS Implementation description 

State vector x(t) [{v {2' {3' {4' \1' \2' \3' B] 
Measurement 

H(t) 
[1, T, Tln(C02 ), Tln(i), - i, - iT, -

vector i 2, In(l - -'-)] 
'max 

Transition matrix F(t + lit) ldentity matrix 

Measured output y(t) Measured VFC from the real FC 

of the SOM driving condition recognizer, as shown in Fig. 7. 
As it can be seen, the classifier is capable of recognizing new 
driving data without switching or confusing the conditions. It 
is worth noting that the CYC_NewYorkBus and WLTC_c1ass 3 
driving cycles are completely new for the classifier and have not 
been used in its training phase. 

B. Fuel Cell Online Modeling 

As previously mentioned, the parameters of a PEMFC model 
vary slowly over time since the device is affected by degradation 
and operating conditions. KF, as an optimal estimator, has been 
suggested for online parameter estimation of a FC system in the 
previous work of the authors [31] . KF can conclude the parame­
ters of interest from imprecise and uncertain observations. This 
filter estimates the CUITent state variables firstly and then updates 
them when the next measurement is received. The standard form 
of KF, introduced in [44], has been used in this paper. Table V 
defines sorne of the important parameters ofKF in this work. The 
details about initialization and custornization of KF for updating 
the parameters of the introduced PEMFC semi-empirical model, 
in Section II, are comprehensively discussed in [3 1]. The ME 
and MP of the PEMFC are extracted from the updated model 
and used in the multi-mode FLC. Fig. 8 shows the capability 
of the online model in estimating the output voltage of the old 
FC system for the presented CUITent and tempe rature profiles. 
Moreover, the hydrogen flow obtained by the model is compared 
with the measured one. Fig. 9 shows the predicted maximum 
power and efficiency curves of the old FC system. 

C. Multi-Mode Fuzzy Logic ContmUer 

Fuzzy logic systems are designed to provide a number of 
strategic rules by means of linguistic labels. Several reasons, 
such as imprecise modeling of a vehicle's components, their 
nonlinear behavior, and the unknown behavior of exogenous 
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Fig. 9. The analysis of power and efficiency curves estimation by using the 
extracted parameters at 600 s. 

factors, like traffic, weather, etc" can be counted for suitability 
of utilizing a FLC in EMS design of FCHEVs. 

The proposed FLC has three inputs, which are demanded 
power, the derivation of the demanded power, and battery SOC. 
Choosing the requested power derivation as an input, besides 
the other two inputs, helps at using the PEMFC system in a 
more stable manner. The only output of the utilized FLC is the 
required power from the FC system. The initial input and output 
membership functions (MFs) are shown in Fig. LO. As is c1ear 
in this figure , the output MF is defined based on the ME and 
MP points of the FC system. The output of the FLC, which 
is between 0 and l, goes under a defuzzification process to be 
transformed into a real quantifiable value. The defuzzification 
is done by utilizing a linear function in which the slope is 
defined by means of the estimated values of ME and MP points 
through the previously described online PEMFC modeling. In 
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Fig. 10. The primary distribution of the input and output MFs, (a) Input 1: 
Requested power. (b) Input 2: Requested power derivation. (c) Input 3: Battery 
SOc. (d) Output: Reference power of the FC system. 
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Fig. Il . The designed FLC rule base. (Fuzzy system: Mamdani, In ference 
mechanism: AND (minimum operator), and diffuzication: centroid). The output 
MF labels are shown in the legend of thi s figure. 

thi s way, as the FC system goes under degradation, the output 
MF is updated with respect to the real state of the FC system. 
Moreover, the di stribution of the variables of the output MF stays 
the sa me though the transformation gains of the defuzzification 
process change. The fuzzy reasoning rules, shown in Fig. II , 
are laid down based on the heuristic expertise. The initial MFs 
are also tuned heuristically and then improved by GA which is 
a metaheuristic approach. Since the optimization of fuzzy MFs 
is a c1assic method and is available in other similar works [7], 
its explanation has been considered redundant in thi s paper. The 
utilized objective function for performing the MFs adjustment 
is presented in (17). The constructing parameters of the input 
and output MFs, which come to 23, are considered as decision 
variables for optimizing the FLC. To perform the optimization 
process, GA utilizes sorne natural procedures, such as crossover 
and mutation , to leave out the unfavorable populations and keep 
the most meritorious ones to create new generations. In this 
context, the process of survival of the fittest refers to the min­
imization trend of the defined objective function. The number 
of generations is set to LOO, the population size is 200, the elite 
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cou nt is 10, and the crossover fraction is 0.8. 

min 
J = (params.) 

/( /( 

W I L mH2 + W2 L N on/of f + $RP 

j= 1 j= 1 

PM FSk , m i n:::; PM FSk :::; PM FSk , max (k = 1 ... 23) 

ME :::; PFc:::; MP 

0.5 :::; SOC:::; 1 (17) 

Where J is the objective function , W I is the cost conversion 
factor for hydrogen, W2 the durability cost conversion factor, 
m H2 is the hydrogen consumption, N on/off is the number of 
on/off cycles in the PEMFC, $RP is the cost of the recharge 
penalty (USD), PM Fs is the parameter for defining the MFs, 
and PFC is the FC system power. The values of WI and W2 are 
2.3 USD/kg H2 and 0.032 USD respectively. These values have 
been defined based on the 2020 technical targets put forward by 
the U.S . Department of Energy in the Multi-Year Research , De­
velopment, and Demonstration Plan. The optimization process 
of the fuzzy controllers has been done by considering a recharge 
penalty step ($ RP) at the end of each profile. In this way, the 
battery is fully recharged by using the maximum power point 
of the PEMFC stack at the end of each test and the USD cost 
of the additional required hydrogen is added to the total cost 
function . It should be noted that the recharge step is performed 
by setting the stack on its maximum power to punish the strategy 
if it finishes in low SOC level. 

The multi-mode controller should be developed in a way to 
embrace ail the traffic conditions since it is supposed to work 
online without a prior knowledge of the driving cycle. As the 
driving data are clustered into three classes by the developed 
SOM recognizer, one optimized FLC needs to be developed 
for each class and then the three controllers should be put 
together to form the multi-mode FLC. Each optimized FLC 
can be considered as the near optimal controller for each class 
of the driving data. However, due to the high volume of data 
that each cluster contains, the optimization process would be 
very time-consuming for ail the driving data. In this regard , a 
representative driving cycle is developed for each of the driving 
profile to reduce the required time for optimization process. 
Fig. 12 shows the extracted representative driving cycles, namely 
low-speed, medium-speed, and high-speed, and their average 
velocities. These driving cycles are used as the input driving 
data for the process of FLC optimization. Each of them is 
composed of the nearest micro-trips to the center of cluster they 
belong to. The cluster centers have been already calculated by 
the developed SOM. The distance between each cluster center 
and each micro-trip is calculated by the Euclidean distance 
(ed(x, y)) as: 

(18) 

where x = (X I, X2, . . . , X IO ) is the cluster center vector, y = 
(Y I, Y2 , . . . , YIO ) is the micro-trip vector, and n is the number 
of driving features , which is lOin this work. There are three 
cluster center vectors and 130 micro-trip vectors where each 
vector contains 10 elements. The distance between each cluster 
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Fig. 12. The extracted representative driving cycles. (a) Low-speed profil e, 
(b) medium-speed profile, and (c) high-speed profile. 

center and ail the micro-trips is calculated and then the nearest 
micro-trips to the center are combined to reach an almost 2000-s 
representative cycle for every cluster. As explained before, the 
defuzzification function of the output MF is updated when a 
noticeable drift is observed in the maximum operating points 
of the FC system, which are available from the online semi­
empirical model. 

D. Primary Evaluation of the Proposed Strategy 

To have a primary assessment of the developed multi-mode 
controller and the SOM classifier, a comparative analysis, in 
terms of the costs of H2, ON/OFF cycles, final SOC recharge 
penalty, and the total cost, is performed for five cases, as ex­
plained further in this section. The main purpose of the first 
three cases is to examine the performance of the SOM classifier 
of the proposed online multi-mode EMS regarding unnecessary 
switches. Case 4 is a real challenge between the proposed 
multi-mode EMS and one optimized fuzzy controller. Finally, 
Case 5 evaluates the performance of the proposed EMS under a 
new driving condition and compares it with two other strategies. 

Case 1. low-speed (LS) driving profile (Fig. 12a): In this case, 
the performance of the online multi-mode EMS is compared 
with only the first mode of the controller (FLC 1), which is an 
offline optimized single-fuzzy EMS specifically designed for 
LS driving profile. According to Table VI, the performance of 
the both controllers is completely the same indicating the SOM 
classifier has used the correct mode. 

Case 2. medium-speed (MS) driving profile (Fig. /2b): The 
second case compares the performance of the online multi-mode 
EMS with the second mode of the controller (FLC2), which is 
an offline optimized single-fuzzy EMS specifically designed for 
MS driving profile. Table VI shows that the total cost of the 
online multi-mode EMS is 2% more than the FLC2, which can 
be owing to very few switches in the recognition process. 

Case 3. high-speed (HS) driving profile (Fig. 12e): This case 
compares the performance of the online multi-mode EMS with 
the third mode of the controller (FLC3), which is an offline op­
timized single-fuzzy EMS specifically designed for HS driving 
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TABLE VI 
COMPARISON OF THE MULTI-MoDE CONTROLLER AND THE OPTIMIZED 

CONTROLLER OF EACH REPRESENTATIVE DRIVING CYCLE 

ost (USD) ON/OFF Recharge Case study H2 Total 
EMS cycles penalty 

Opt. fo r LS 12.49 0 8.2 1 20.70 
Case 1 Multi-mode 12,49 0 8.21 20.70 

Opt. for MS 12.72 0 10.55 23 .27 
Case 2 Multi-mode 13.25 0 10.5 1 23.76 

Opt. forHS 13.67 0 18.01 3 1.67 
Case 3 Multi-mode 14.15 0 17.66 3 1.8 1 

Opt. for rep. 35 .64 2.97 2.38 4 1 
Case 4 Multi-mode 34.1 6 2.78 2.52 39.48 

Opt. for rep. 28.05 0 3.84 3 1.90 
Case 5 Multi-mode 25.66 0 3.92 29.58 

BLFS 28.76 0 3.00 3 1.76 

profile. Table VI indicates that the proposed EMS can closely 
approach the optimized results obtained by FLC3 with less than 
one percent difference in the total cost. Obviously, the proposed 
EMS does not have unnecessary switches for determining the 
mode of operation. 

Case 4. representative (Rep.) driving profile: This case com­
pares the performance of the online multi-mode EMS with an 
offline optimized single-fuzzy EMS (Opt. for rep.) particularly 
designed for the Rep. driving profile. The Rep. driving profil e 
is a concatenation of LS, MS, and HS pro fil es. The online 
multi-mode EMS has three optimized FLCs corresponding to 
each of LS , MS, and HS conditions inside the Rep. driving 
profile while the Opt. for rep. EMS is only one optimized FLC 
for the whole driving profi le. According to Table VI , it can be 
seen that the online multi-mode EMS outperforms the Opt. for 
rep. EMS by 3.7 percent in terms of the total cost. This superior 
performance shows the applicability of the proposed multimode 
EMS. 

Case 5. combined driving profile (Fig. 7): So far, ail the di s­
cussed cases have been done by using the known driving pro fi les . 
However, in this case study, to better clarify the effecti veness 
and flexibility of the online multi-mode contro ller in real-time 
unknown driving conditions, its performance is compared with 
the Opt. for rep. EMS under combined driving profile, which is 
a new driving condition for both of the strategies. Moreover, the 
performance of the proposed strategy is compared with one of 
the commonly used real-time strategies in the literature called 
bounded load following strategy (BLFS) [39], [45] . BLFS is a 
hysteres is based energy management to split the power among 
the components of a fuel cell hybrid electric vehicle. BLFS 
normall y provides three modes of operation for the PEMFC 
stack including ON/OFF, FPC m in, and FPC max with respect 
to the battery SOC level. To assure a low hydrogen consumption, 
the maximum efficiency of the PEMFC stack is selected as 
the FPC_min mode. This choice stems from the fact that the 
hydrogen consumption and the degradation of the stack is higher 
within the open circuit voltage and the best effic iency point area 
of the PEMFC. Therefore, when the PEMFC is tumed on, the ME 
mode is activated. FFC _max mode, which sets the stack on its 
maximum power, is triggered when the battery SOC reaches the 
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Fig. 13. Scenario 1 for evaluation of the proposed multi-mode EMS. (a) Power 
split by the optimal FLC, (b) power split by the onl ine multi-mode strategy, (c) 
battery SOC comparison of the two strategies, and (d) PEMFC operating points 
distribution. 

minimum SOC level. Furthermore, the FPCmax mode assists 
the battery pack in high traction power operations_ The battery 
SOC can fluctuate between 45% and 95% (0.45 :::; SOC:::; 95) 
[39]. As reported by Table VI, the proposed multi -mode EMS 
outperforms the Opt. for rep. and the BLFS strategies by almost 7 
percent. This performance distinction indicates that the proposed 
EMS performs weil when confronting new driving conditions. 

IV. EXPERIMENT AND RESULTS ANALYSIS 

The performance of the proposed online multi-mode EMS 
is comprehensive ly studied in this section_ In thi s respect, two 
principal scenarios are taken into consideration. Both of these 
scenarios have been implemented on the developed test bench 
to have reali stic perception of the FCHEV performance. 

In the fi rst scenario, the combined driving cycle, introduced 
in Section II, is imposed to the vehicle as the input and the 
performance of the proposed EMS is compared with the offline­
optimized EMS in terms of hydrogen consumption and efficient 
use of the energy sources. The new FC system is used throughout 
the fi rst scenario. Fig. 13 presents the obtained results from 
the performed test in scenario 1. Fig. l3a shows the traction 
power, obtained from imposing the combined driving cycle to the 
system, the supplied power by FC system, and the battery pack 
for the case of offline optimized EMS. Tt should be noted that thi s 
offline strategy knows the driving cycle in advanced as opposed 
to the online multi-mode EMS. Fig_ 13b indicates the traction 
power and its split between the FC and the battery pack for the 
case of online multi-mode strategy. From the se two figures, it 
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Fig. 14. Scenario 2 for assessing the online performance tracking of the FC 
system significance in the proposed multi-mode EMS. (a) Power sp lit by the 
online multi -mode EMS, (b) power split by the offline multi-mode strategy, 
(c) baltery SOC comparison of the strategies, and (d) PEMFC operating points 
distribution. 

is clear that the FC system is being used to supply the main 
portion of the requested power in a stable manner, compared to 
the battery, which is mostly responsible for absorbing the fast 
transitions. Fig. 13c compares the battery SOC of the optimal and 
multi-mode controllers. It is obvious that the optimal strategy 
keeps the SOC in a higher level due to its priory knowledge 
about requested power. Fig. l3d presents the distribution of the 
FC operating points while meeting the requested power. Form 
Fig. 13d, it is clear that the proposed strategy is capable of 
limiting the operation of the FC system within the safe zone, 
which is between MP and ME, and tends to operate the FC 
system in the high efficient zone, which is around 15A, most of 
the time. 

ln the second scenario, the capability of the proposed EMS 
to deal with the FC system performance drifts is scrutinized. In 
this respect, the EMS test with the combined driving cycle is 
repeated, but by using the old PEMFC. Moreover, to signify the 
importance of the online PEMFC characteristics tracking, once 
the test is performed by deactivating the online identification, 
and the second time it is done by activating it. Fig. 14 shows the 
obtained outcomes of these tests. Fig. l4a and Fig. 14b represent 
the power split for offline and online multi-mode EMSs respec­
tively. According to Fig. 14a, the offtine multi-mode strategy 
experiences a lot of start-ups and shutdowns in the first 400 s 
in the FC system as it tries to recharge the battery by using the 
PEMFC in high power. However, it is not aware of the fact that 

TABLE VII 
THE COST COMPARISON OF THE EMSs IN THE Two PERFORMED SCENARIOS 

Scenario 1 Scenario 2 
Cost (USD) Optimized Online Omine Online 

FLC Multi-mode multi-mode multi-mode 
H2 28.82 26.96 28.92 25.56 

ON/OFF 
0 0 0.80 0 

cycles 
Recharge 

13 6.00 7.98 8.99 
penalty 
Total 32.16 32.96 37.70 34.55 

the FC system has been degraded and its MP and ME points have 
changed. Therefore, it demands for a power level that is out of 
the ability of the FC to supply and causes these on/off cycles. 

On the other hand, in case of the proposed online EMS 
as shown in Fig. 14b, in the first 100 s, the identification is 
performed to realize the real characteristics of the FC system and 
update the defuzzification tuning of the controller. After that, the 
FC system works in the high power area to recharge the battery 
pack to a certain level in addition to supplying the requested 
power without having any on/off cycles. Fig. 14c compares the 
SOC level of the battery for both cases and Fig. 14d demonstrates 
the FC system operating points distribution. From Fig. l4d, it 
is clear that the online multi-mode EMS utilizes the FC system 
more efficiently which can pro long its lifetime besides improv­
ing the fuel economy of the vehicle. Table VII compares the 
obtained cost by each of the EMSs in both scenarios. According 
to this table, the proposed online multi-mode strategy shows 
a very close performance to the optimal FLC in scenario 1. 
This close performance demonstrates that the proposed on line 
EMS is able to han die unknown driving conditions with an 
acceptable fuel economy. The presented results of scenario 2 also 
confirms the satisfactory adaptation of the proposed EMS to the 
performance drifts of the FC system, which is a distinguishing 
feature of this suggested EMS. This adaptation to the real state 
of the FC system has made 8% of performance improvement in 
the online multi-mode strategy in scenario 2. 

V. CONCLUSION 

This paper presents a new online multi-mode EMS for a 
FCHEV. This EMS is mainly composed of a SOM based driving 
condition classifier and a multi-model FLC. The FLC output MF 
is constantly adjusted based on the online estimation of the FC 
system MP and ME boundaries by KF and a semi-empirical 
PEMFC mode!. The developed SOM recognizes the driving 
condition and activates the most proper mode of the FLC at each 
update to efficiently supply the request power from the vehicle. 
The performance of the proposed online strategy is compared 
with an offline optimized FLC under a combined driving cy­
cle of CYC_NewYorkBus, CYC_UDDS, and WLTC_class 3 
and a satisfactory result is obtained with only a two-percent 
difference in terms of the total cost of hydrogen consumption 
and on/off cycles of the FC system. Moreover, the performance 
of the proposed EMS is tested when the FC system undergoes 
a sixteen-percent drift regarding the maximum power. In this 
case, the proposed online EMS adapts to the real state of the FC 



KANDIDAYENI e/ al.: ONLINE ENERGY MANAGEMENT STRATEGY FOR A FUEL CELUBATIERY VEHICLE 11 437 

system and improves the perfonnance of the vehicle by eight 
percent compared to the offtine multi-mode controller. 

Although thi s work has weil established the potential of the 
proposed online EMS, some prospects for extending the scope 
of this paper remain as follows: 

• Incorporating an online battery management system into 
the presented strategy to reach a holistic EMS. 

• Performing a lifetime and ageing study of the energy 
sources under the proposed EMS . 
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