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Abstract.

This paper presents a comparative study of two promising real-time energy management strategies for fuel cell electric vehicle
applications: adaptive equivalent consumption minimization strategy (A-ECMS), and stochastic dynamic programming (SDP). An
off-line algorithm —classic dynamic programming - provides reference results. On-line and off-line strategies are tested both in
simulation and using a dedicated test bench completely consistent with an electric scooter powertrain.

The hybrid power source combines a fuel cell, a supercapacitor pack and two related power converters. The system model is
carefully calibrated using experimental data. This allows meaningful identification of parameters of the various strategies. The
model data is determined using a motorcycle certification driving cycle.

The robustness of each strategy is then analyzed using a large number of random driving cycles. Experimental and simulation results
show that a specific SDP approach, based on Markov chain modeling, has the best overall performance in real-world driving

conditions. It achieves the minimum average hydrogen consumption while respecting the state-sustaining constraint. Conversely,
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the A-ECMS results lack robustness and show poor performance indexes when facing unknown real world power demand profile.

In conclusion, the present results indicate SDP is an interesting approach for future hybrid source energy allocation.

Keywords.

Fuel Cell System, on-line Energy Management, Adaptive Equivalent Consumption Minimization strategy, Stochastic Dynamic

Programming, Markov chain, statistical analysis.

1. Introduction

With increasing climate change concern, public attention tends to focus on the environmental impacts of fossil fuel use,
especially after the DieselGate emissions scandal [1]. New legislative measures promote clean energy technologies and specifically
electric vehicles [2,3]. In comparison with grid charged battery electric vehicles, Fuel Cell Electric Vehicles (FCEVs) permit fast
refueling and extended driving range within strict integral mass constraints. This advantage means hydrogen energy seems to be
the new trend of both public and individual zero-emission transportation methods [4-6]. In this context, large car manufacturers,
like Toyota, Honda and Hyundai have been already manufacturing and selling FCEVs for several years [7].

A FCEV commonly contains two power sources, a Fuel Cell system (FC system) made up of an H; tank and a Fuel Cell (FC)
combined with an Energy Storage System (ESS) such as a supercapacitor (SC) pack or a rechargeable battery pack [8-12]. Currently,
SCs are often chosen because they have a higher specific power than batteries and a longer lifetime in terms of the number of
charge/discharge cycles [12,13].

The combination of the FC system and the ESS constitutes a hybrid source and the dual source power sharing gives a degree
of freedom which can be utilized to improve the system management. It permits the main energy source, the FC system, to operate
more efficiently and the vehicle kinetic energy to be recovered during braking into the ESS. However, the fuel saving and the related
vehicle autonomy increase strongly depend on the embedded Energy Management Strategy (EMS) that controls in real-time the
power sharing between the two sources (FC system and ESS) to fulfill the power requirement of the drivetrain [14-17].

While finding the optimal solution for this sharing, can be achieved off-line using Pontryagin’s Minimum Principle (PMP) [18-
20] or Dynamic Programming (DP) [21-24], the design of an adequate on-line EMS for real-world applications remains a challenge
and an open question. Off-line optimization requires a complete knowledge of the vehicle driving conditions which cannot be

obtained in advance in the real world. This issue has had considerable research interest and the related literature is very rich. The
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present article aims at assessing two prominent on-line EMS systems dedicated to supervising the on-board electrical power
distribution to the FCEV powertrain. The first approach is based on the equivalent consumption concept, derived from PMP [25,
26]. This approach is popular because of its simplicity and ease of implementation. The present paper focuses on the Adaptative
Equivalent Consumption Minimization Strategy (A-ECMS) proposed in [25-28]. The second method under study is Stochastic
Dynamic Programming (SDP) [31-35], which generalizes DP in the case where random processes are involved, as in real-life
driving. Despite its complexity, SDP is appealing because it has a clear theoretical background and can take into account statistical
information for future driving cycles.

This paper focuses exclusively on the EMS [36, 37] and not on the system itself [38, 39]. Thus, all EMS strategies are applied
to the same FC/SC hybrid system, in the same context, and are then tested both in a simulation environment and on the
corresponding experimental setup. The on-line EMS results are compared to DP, which provides reference results. Two indicators
are defined in order to quantify the consumption performance on one hand, and the state of energy (SOE) sustaining performances
on the other hand.

To obtain a relevant assessment of the EMS performance, this study uses a large number of driving cycles representative of real
world operational conditions, and not only certification type cycles as it is usually done. To limit operating expenses, the vehicle's
owner is basically interested in minimizing his fuel consumption not for a single standard route, but for a global use, including
multiple itineraries. For instance, commuting from home to work is a typical use which shows daily differences due to changing
traffic conditions. This naturally leads to base the EMS assessment on a large statistical study. To the best of our knowledge, this
statistical approach, closely taking account of real world use, is novel and differs from earlier studies focusing only on certification
driving cycles. Hence, this paper provides an improved understanding of the EMS performance and permits to offer suggestions for
possible improvements.

The main highlights of the present contribution are:

1. A statistical assessment of two pure on-line EMS regarding real-life use based on a very large number of trials (thousand).

To this end, a Markov chain model is used to generate random but realistic powertrain power profiles.

2. The development of a new methodology to carry out this comprehensive study. Pure DP provides an absolute reference,
against which each real-time EMS is compared. Two performance indexes are also derived from the analysis of the customer
expectations.

3. The results clearly show that real-life performances may strongly differ from the certification cycle one. From that

perspective, SDP proves to be a very attractive on-line EMS.
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4. More generally, any on-line EMS approach should be evaluated using such statistical analysis in order to significantly

account for the future user experience.

The remainder of the paper is organized as follows. Section 2 presents the FC/SC hybrid system and its related model. In
Section 3, the energy management problem is stated. A short review of existing real time strategies is given and the tested ones are
presented. Section 4 describes the model experimental calibration and validates the DP benchmark result using a certification cycle.
Section 5 presents the performance criteria and discusses the performances of the tested EMS on a statistical basis. Section 6

concludes the paper and provides some perspectives for future work.
2. FC/SC hybrid system description and modeling

Our goal is to carry out a full-size test, representative of the real use of a FC/SC hybrid system. The rated power of the FC
system available in our lab is 800 W. Hence, we have chosen to conduct the present study with data corresponding to a low
power vehicle, namely a light urban scooter. Such vehicles are promising candidates for FC applications [9] in the city driving
context, in which pollution effects have a high impact in densely populated areas [40] [41]. This type of scooter operates at low
speed (< 50 km/h) and the urban part of the WLTC certification cycle dedicated to light vehicles provides a speed profile
representative of its use. We have verified that the corresponding power remains within the limits of our experimental system
(see section 2.D).

2.A. System presentation

The present work deals with the FC/SC hybrid system shown in Fig. 1, suitable for powering a full-hybrid urban electric scooter.
The considered architecture combines a FC system rated for the powertrain power demand and a SC pack sized for braking energy
recovery. The scooter traction power is fed by a DC electric bus, connected to the FC through a unidirectional boost converter. The
SC pack is connected in parallel through a bidirectional converter, so that it serves as an energy buffer between the FC and the
scooter wheel power.

Since this study focuses exclusively on EMS comparative assessment, the experimental test bench includes neither the electric
motor drive nor the mechanical transmission. The power load connected to the DC bus directly emulates the powertrain demand
while neglecting the various losses in the inverter, the motor and the transmission. Hence, the DC bus load is directly the scooter
drive wheel power demand Punhee, Calculated using the motion equation of the scooter and the driving cycle, as explained in
section 2.D. A bi-directional power load emulates the scooter traction power: in acceleration and constant speed phases, the hybrid

source supplies power to the load, while this returns power back to the FC/SC source during braking.
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Fig. 2. FC system efficiency versus electric output power:

test data and model curve.
2) Supercapacitor stack
The SC pack is modeled as a RC circuit in parallel with an internal leakage current source which represents the losses due to the

active cell balancing technology used in SC pack [43], as shown in Fig. 3. For a given output current Isc and output voltage Vsc,

the internal capacitor is charged (Psc_in< 0) or discharged (Psc_ine> 0) according to formula (2).

Psc int = Rsc(lsc + If,Fc)2 + Vsc(lsc + If,Fc) (2)

The leakage current I, ¢ is expressed as a quadratic function of Vsc obtained by fitting experimental data measured in no load

condition.

ISC

>—o
Rse
Csc —l—
L]

Fig. 3. SC pack model.

3) Interface converters

The FC/SC hybrid system needs two DC/DC converters, both modeled as ideal converters connected in parallel with leakage
current sources that represent the converter internal losses. These losses are due to conduction and switching losses in the
semiconductor components, Joule losses in smoothing inductors and current ripples both in the filter inductance and DC bus filter
capacitor. The total losses are accurately measured using an opposition method described in [44].

The output current of the FC converter can be expressed by (3), where I .., is the leakage current modeling power losses. It is

obtained by fitting the experimental data with a quadratic function of Igc.

Vec * Irc

- If?conv (3)

IFC?conv = vV,
Bus
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2.C. Power demand

The instantaneous power demand Py, ,,..; = F.v depends on the vehicle speed and acceleration according to Newton’s law (4):

Pwheel = [05 pairACdv2 + Hrmg + ma]' v (4)

where pair is air density; A is the vehicle reference area; Cyq is the drag coefficient; p is the rolling resistance coefficient; m is the
vehicle mass; g is the gravitational acceleration; v and a are the vehicle velocity and acceleration, respectively.

The present study is based on a standard driving cycle: the Worldwide Harmonized Light Vehicles Test Cycles (WLTC),
dedicated to low power motorcycles [45], and shown in Fig. 4. The current report uses it as a calibration driving profile. Its statistical

characteristics are used to generate various random profiles for sensitivity analyses.

[y
o

Velocity [m.s?
o

Pwheel [W]

0 106 206 306 406 506
Time [s]
Fig. 4. WLTC speed profile (a)

and related scooter traction powerP,,;,..; (b).

2.D. Overview of the FC/SC hybrid system and its overall control system

Fig 5 shows the FC/SC hybrid system and its overall control system, subdivided into a power and an energy management control
parts. These two parts are organized in a hierarchical way. At the upper level, the EMS (purple box) monitors the SC pack state and
generates the FC system power set point (P;) according to the embedded algorithm, while matching the FC system and SC pack
constraints. The EMS algorithms are described in Section 3. Simultaneously the overall control system provides the load power

demand (Pj,,q = Pineer) according to the pre-recorded mission profile. At the intermediate level (red box), the DC bus voltage is
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regulated at its 50 V constant set point by acting on the SC power (Pg;). Two low-level controllers (green boxes) enable controlling
the FC system and SC pack powers by acting on the DC/DC converter duty cycles (dg. and dg.).

At all times a wide range of (Prc, Psc) couples can provide the powertrain demand, leading to a control allocation problem. The
overall control system continually controls the power split between the FC system and the SC pack. To arbitrate between all possible
solutions, it utilizes both the SC pack voltage, enabling to estimate the SC SOE, and the load power as inputs. This information is
used by the EMS to compute its output, namely the instantaneous FC output power. Simultaneously, the low level controllers
manage the voltage and current in the different parts of the system. Specifically, the SC power is controlled to achieve DC bus

regulation, i.e. the combined sources permanently provide the powertrain required power [45].

H,tank  PEMFCS

MTB T.!:_C. — ~ +T Ve |Bidirectional load
J iec d
My, T
U =pec
SC

ILoad w= PLoad

»1 ps control

P’sc | —

Vpg,s CONtrol

vod

v Energy = Xiin
Lsc_| Management [¢ mx
min

Strategy — u

Fig. 5. Overview of the FC/SC hybrid system and its overall control system

3. Online energy management methods studied

3.A. Optimization problem statement

As depicted in Fig. 1, the powertrain demand is supplied by the DC bus, which is powered by two electrical sources, the FC
system and the SC pack. This means that there are an infinite number of possibilities as to how to split the power between the
sources and provide the instantaneous required power. This degree of freedom can be used to optimize a criterion. Clearly, a relevant
criterion would be the fuel consumption during a defined route.

In this context, the EMS aims at minimizing the core cost criterion given by equation (5). In equation (5), t, and t; are the initial
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and final moments while the control variable u(t) is the electric power Pgc(t) = Vi (t) X Iz (t) delivered by the FC system. The
SC power is then defined to ensure the instantaneous DC balance. The whole system dynamics is modelled by the state equation
(6). In this equation, the unique state variable is the energy stored in the SC pack, denoted by x(t) and referred to as state of energy
(SOE), whereas w(t) stands for the powertrain demand P,,..; Which acts on the DC bus as an external perturbation. This
perturbation is known in advance in the case of off-line tests, using certification driving profile for example. In real-life cases, w(t)
is unknown but some of its characteristics can be estimated if route and traffic conditions forecast are available. This hypothesis is
perfectly credible considering the rapid progresses of advanced driver-assistance systems in actual and future connected vehicles.

As well as optimizing such criteria, the EMS has to ensure the integrity of each of the system components: the different operating
variables must remain within the specified limits of the devices. This results in the three inequality constraints listed in equations
(7) to (9).

Finally, the difference between the final and the initial SC SOE has a great impact both on the global hydrogen consumption and
on the capability to efficiently enable a new driving mission. To simplify consumption comparison between different EMS
algorithms and to enable an easy sequence of driving cycles, the present study considers the standard charge sustaining strategy
described by equation (10).

To sum up, the EMS optimization problem is formalized by the set of six equations (5) to (10).

Minimize | = :f iy, (u(®)). dt (5)
x(t) = f(u(®), x(®),w®) (6)
Xmin S X(£) S Xmax O

Xmin < %(t) < Kmax (8)

Upnin < U(E) < Upax (9)
x(tr) = x(to) = Xpes (10)

3.B. Energy management strategies review
The optimization problem is different in nature, depending on whether the perturbation w(t) is known ahead of time or not.
The first approach applies to situations where the driving cycle is known, typically for system design or system and EMS
certification. This problem is addressed by two methods that have been developed and experimented in many dynamic systems for

which various combinations of devices permit to ensure the requested output trajectory. The first one was created by the Russian
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mathematician Pontryaguin [18, 19]. It uses Lagrange multipliers, referred to as co-state p(t), to integrate the system dynamics in
the cost criterion minimization. Then the PMP is used, relying on the Hamiltonian minimization. The second method, DP combines
mathematics and computer science [21-24, 47]. This is a typical sampled approach both in time and in state. In this discrete
framework, the DP technique consists in both exploring a search tree and limiting the combinatorial explosion by subdividing the
initial problem in many smaller problems. This approach intrinsically enables to directly use the state and control constraints defined
in equations (7)-(10). Despite a higher computation cost than PMP, DP is used in this study in order to establish a benchmark for
each of the experiments (see section 5.A).

The second approach deals with real-life operation where the mission profile is clearly unknown in advance. In this much more
challenging configuration, the EMS still has to define the best control law permitting to minimize the cost criterion defined by
equation (5). This is still an open problem, although many authors have proposed sub-optimal strategies. The major real-time EMS
can be divided into three categories: rule-based strategies, instantaneous optimization of an equivalent fuel consumption accounting
for the ESS power flux and global optimization based on dynamic programming.

Rule-based strategies are attractive due to their relative simplicity of implementation. Some authors propose heuristic rules that
define the FC system power according to the load power and the quantity of energy available in the ESS [48, 49, 50] including
those using fuzzy logic [51, 52]. However, evaluated on engineering common sense, it seems these strategies cannot guarantee an
optimal solution. Furthermore, they require long calibration periods which cannot easily be transferred from one system to another.
For those reasons, rule-based strategies are not considered in this comparative work.

The second approach is based on the equivalent consumption concept, derived from PMP [25, 26]. The equivalent consumption
minimization strategy (ECMS) minimizes an instantaneous equivalent fuel consumption. The key to this strategy is an equivalence
factor, representing the equivalent hydrogen consumption of the SC pack power. For an off-line optimization, its instantaneous
optimal value can be evaluated by PMP [18-20]. The latter is not applicable to real world systems since the driving cycle cannot be
known in advance. To overcome this difficulty and allow useful but sub-optimal behavior, several pragmatic methods have been
developed to adapt the equivalence factor. These are mainly based on ESS evolution [25-30]. The current work focuses on the
popular technique developed by Onori et al. [27], known as Adaptive Equivalent Consumption Minimization Strategy (A-ECMS).

DP is not only able to give the optimal strategy as a benchmark but also has the capability to deal with the on-line optimization
problem by integrating a statistical model of the real-world driving conditions. In this instance, the strategy is then called stochastic
dynamic programming (SDP) [31-35]. The perturbation w(t) modeling the driving cycle is considered as a random variable with a
given probability law. The driving cycle prediction can be carried out either by a normal distribution of the vehicle speed as in

previous work [35], or closer to reality, by Markov chains [31, 53, 54]. SDP can be applied to on-line problem, provided that

10
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statistical knowledge of the load power profile is available. This method adds complexity because at each time step and each state
level many perturbation values may occur, weighted by their occurrence probability. On the other hand, it provides a framework to
account for such statistical knowledge. SDP enables the creation of a control law which is optimal in an average sense, i.e. when
many profiles are successively operated.

The present work aims at assessing both A-ECMS and SDP online EMS by evaluating their performances over a large number
of random driving cycles with identical statistical characteristics. The idea is to establish if the complexity of SDP is worth it when

facing real and hence random conditions.

3.C. A-ECMS strategy
A-ECMS is a continuous time technique derived from the Lagrange multipliers concept applied to equations (5) to (10). At all

times ¢, the optimal control denoted w*(t) is obtained by minimizing the sum of the actual hydrogen consumption 7, and a

hydrogen cost p(t) relative to the use of storage, as stated by equation (11).

Vt,u*(t) = arg min[mH2 (w)
' (11)
+ p(t). x(u, x(t), W(t))]

The parameter p(t) represents the equivalent hydrogen cost of the power provided by the supercapacitor. It controls the power
split between the FC system and the SC pack, and hence the SC SOE during the whole trip. A-ECMS relies on a feedback loop that
controls the value of p so as to keep the SC SOE around a reference value x,.., defined by the user. In the present paper, the popular
Onori’s algorithm [55] is used: it combines a second-order low-pass filter and a proportional term representing a charge sustaining
constraint. The value of the equivalent cost p is periodically adjusted according to equation (12). Clearly, real A-ECMS
implementation in a microprocessor needs to use a discrete time technique. In this article the sampling time Ty is fixed at 1 s both

for A-ECMS and SDP methods.

_ Pkapcms—1 + Pkapcms—2
Prspcus = 2

(12)

+ Kp. (xref - xkAECMS—l)

A-ECMS has four parameters:

11
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e the feedback sampling period of p, denoted Tyrcis = Nagcums- Ts, Which is a multiple of the basic sampling period Tg and
enables tuning the filter cut-off frequency. Note that k; , ... is the index of the sub-sampled variables,
e the proportional gain K,,,
e the two initial conditions of the filter p, and p, .
Equation (11) alone cannot account for the operational state constraints (7). Hence, the two heuristic rules (13) and (14)

supplement it.

if x(t) > Xpmae u' (@) =0 (13)

lf x(t) < Xmin» u’ (t) = Umax (14)

3.D. SDP strategy

1) SDP Principle

In contrast to A-ECMS, SDP is a discrete-time process, with a sampling period denoted T hereafter. Within the formal
framework of DP, SDP takes into account the random disturbancew(t) as a random variable modeled using statistical information.
Even if it is subject to uncertainty, the forthcoming itinerary can be analyzed using standard navigation aid systems. Extracting

certain route macroscopic characteristics may help to take relevant decisions at all time. The optimization formal framework is the

following:
Minimize J = Y23 Ey, [ty ()] T (15)
X1 = X + f (i, X0, Wie)- T (16)
Xo = XN = Xyef 7)
Xmin < Xk < Xmax (18)
Axppin < X — X1 < AXpax (19)
Umin < Uk < Upax (20)

Where 0, k and N are the initial, current and final time steps indexes, respectively.w, is a random power variable described by

a probability law. SDP specifically addresses the cost J as a mathematical expectation, as set by (13), where E,,, [] represents the

12
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mathematical expectation with respect to w;, probability law.

SDP consists in a recursive process (21)-(22) where u,*(x) denotes the optimal control at time ¢, as a function of the current
system state x;, = x and the cost-to-go function J, (x) which is also defined at each time step t;. J, (x) represents the minimum
average cost from a given state x at time t; to the final state x,. It is expressed by equation (21), showing that it is computed
backwards similarly to the optimal control value. The whole backward process from final state to initial one is computed off-line
and the command matrix uy, (x) is stored for latter use. This part of the algorithm uses significant processing power since it considers

any power in any state at any time.

]k(x) = m&n{EWk [Pfuel(u)
(21)

+ Jiea1 (x + f (w, wy). Ts)]}

up(x) = argmin{Ewk [Pfuel (w)
b (22)

+ Jiea1 (x + £ (w, wy). Ts)]}

Conversely, the forward procedure simply consists of choosing at each time ¢, the optimal control policy u, *corresponding to
the current state x; and given by the command matrix u,(x) previously stored. This step can be easily implemented in real-time
and only needs to read the database previously established offline. The single limitation is the downloaded data volume of the

u“ (x) look-up table.

2) Driving cycle modeling

SDP provides an interesting framework, but the quality of the results relies on the quality of the random process model. In the
present work, two methods are tested.

The first one models the driving cycle by a random wheel power. An empirical probability law is calculated using the
P, nee histogram of the selected reference cycle. Fig. 6 shows the probability law obtained for the WLTC cycle, and to be used for
any driving cycle with identical statistical properties. This model is very easy to implement in the SDP algorithm, but its accuracy

is limited, since the power values at successive time steps are assumed to be independent.
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The second model allows a richer statistical description of the driving cycle. It is based on two-dimensional Markov chains [55,

56]. As in [57], the power demand P, j,..; at a given time step ¢, is assumed to depend on both P,,,.., and the scooter speed v*

at t,,.The probability that Pk, .., is equal to a certain value P, at time tq.1, knowing that at time t, the speed was v;and the power

was P; is determined by the maximum-likelihood estimation (21):

k+1 __ k _ k —
l:)(Pwheel - Pl vt =v, Pwheel - P])

_ My,
m,:]'

=Pij1

(21)

where m;;; is the number of times the transition from P, to P, has occurred at v; and m;; is the total number of transitions that

are initiated from P, at v;. A reference driving cycle is used to calculate transitions matrices at different speeds, and Fig. 7 shows

the result obtained with the WLTC scooter cycle at the specific 6 m. s~ speed.

14



10

11

12

13

14

@ theel =6ms?

probability

Fig. 7. Transition matrix for v,,,..; = 6 [m.s™1].

4. Experimental setup and model calibration

As described above, the control laws related to either the off-line strategy (i.e. DP technique) or the various online approaches
(i.e. A-ECMS and both SDP methods) require the best possible knowledge of the FC/SC hybrid system behavior. In order to realize
a relevant study, a proper validation of the proposed model outlined in Section 2 is therefore required.

For this purpose, an experimental system has been implemented in the laboratory (Fig. 8). The hardware part is composed of a
800 W FC system, a 32 /50 kJ SC pack and two identical 20 kHz buck-boost converters combined with voltage and current
sensors. This electrical system is operated from a DS1103 DSPACE real-time control system. It ensures EMS as well as safety
functions, fast loops to drive the power converters, and slow loops to achieve a constant DC bus voltage, as described in section 2-
D. All programs are developed using Matlab/Simulink software and then compiled and loaded into the DSPACE system, which

permits simple and fast prototyping.
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Fig. 8. Laboratory experimental setup of the FC/SC hybrid system

All components have been tested individually. For the sake of simplicity, Fig 9 shows the global response of only the main system
variables; the setup is operated using the WLTC cycle and using the DP approach (EMS block in Fig. 5).Throughout the ten minute
operation, the control board imposes the FC system power while the inner loops ensure at all times the accurate balance of the DC
bus voltage (bus voltage control and source power control blocks in Fig. 5). As a consequence, the SC pack energy fluctuates while
respecting its requirements (see equations (16) and (17)). The same experiment is replicated in pure simulation. Both trials exhibit
close results as comparative Fig 9 shows. It synchronously depicts the instantaneous hydrogen consumption iy, (t) and the SC
SOE x(t).This leads to the conclusion both that the model is well calibrated and that the system management as well as the DP
computation are correctly designed and implemented. This last point is particularly important since DP method is used as the

benchmark of all following tests.
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5. EMS assessment results

In the present section, the three studied real-time EMS are implemented and assessed: A-ECMS and two versions of SDP, referred
to as “Classic-SDP” and “Markov-SDP” according to the w(t) statistical model used. The former is based on modeling the driving
cycle by a simple power demand probability density, whereas the latter relies on a finer statistical knowledge of the load profile
modeled as a Markov process (see section 3.D.2). The assessment criteria are carefully defined and justified. Subsequently, the
three EMS are calibrated using the WLTC certification driving cycle and their performances are compared in this context. Finally,
the EMS are operated with a large set of random cycles generated by a Markov chain process, in order to evaluate the robustness

of the various approaches facing real-life situations.

5.A. Performance criteria
This study focuses on the EMS strategies comparison for a given power architecture. To this end, two performance criteria are
defined: the over-consumption with respect to an ideal EMS (namely DP) and the difference between the final and initial states.

Indeed, as stated in equation (5), the primary goal of any strategy is to achieve the lowest fuel consumption on a specified trip, but
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the control of the final SC SOE is also an important point in order to insure that the vehicle will be ready for the trip to follow.

The optimization problem has been stated with the charge-sustaining constraint expressed by equation (10). This constraint
insures that the FC system consumption exactly and solely corresponds to the energy needed for traction, with no energy stored or
coming from the SC pack. This condition is compulsory if one wants to compare the consumptions of different off-line strategies.
In the case of real-time strategy, the final SC SOE cannot be exactly controlled: each strategy ends up with its own final SOE,
making it impossible to directly compare their fuel consumption.

Hence, to allow the comparative investigation, the proposed novel approach defines an over-consumption criterion that compares
the actual fuel consumption of a given EMS with the optimal one, obtained using DP for the same initial and final SC SOE. This
ideal consumption is computed afterward, when the final SC SOE of the tested EMS is known. The over-consumption criteria
AJ (%) is defined by equation (22), where J;, (RT) denotes the consumption obtained by the tested real-time strategy (RT = A-
ECMS or SDP) and J,, (DP) denotes the optimal consumption, calculated afterward by DP for the same initial and final SC states

of charge. By definition, this factor is positive.

Ju,(RT) = Jy,(DP)

Y 0) =77 o)

X 100% (22)

The over-consumption with respect to an ideal EMS is the first key criterion. On the other hand, it is also crucial that the on-line
EMS should be able to respect the charge-sustaining constraint as well as possible. For this reason, the second criteria, denoted Ax,
intends to assess in relative terms the EMS capacity to achieve the final state objective. Ax (%) is defined as the SOE difference

factor, given by equation (23).

Ax (%) = T’) x 100% (23)

x(tf) —x(t
x

The Ax criterion quantifies how well the charge-sustaining constraint is respected. A state-difference close to zero indicates that

the strategy is likely to perform well when applied to a longer mission (e.g. several cycles in a row).
5.B. Tuning the EMS using the WLTC driving cycle

The first test to assess the online EMS performances is to tune them using a given cycle (WLTC in the present case) and compare

their performance criteria in these conditions. For the A-ECMS, the tuning phase consists in determining the four parameters that
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allow the best performance for the considered cycle, using a genetic optimization algorithm [43, 58]. For SDP, the WLTC data are
used to build empirical probability laws. This well-defined tuning procedure is an interesting feature of SDP. An intermediate initial
SOE x,. is chosen, which gives the EMS a great degree of freedom, to either charge or discharge the SC pack. The influence of
this choice was discussed in a previous work [59].

Fig. 10-a) shows the SC state evolution x(t) obtained with the tested real-time control strategies and the reference one (i.e.
optimal off-line DP) while Fig. 10-b) plots the four FC system powers in accordance with the SC state evolution. Table 1 reports

the proposed performance indexes of the three EMS.
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Fig. 10. Online EMS and DP simulation results:
a) SC pack energy profile.

b) FC system power profile.
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TABLE 1. Performance criteria for the WLTC

Strategy A-ECMS  Classic-SDP Markov-SDP

AJ (%) 1 1 2

Ax (%) 2 0 -9

The three methods perform rather well; among them Markov-SDP seems to reach lower performances than the two others.

Indeed, A-ECMS and Classic-SDP results are close to the DP benchmark ones. Both have a 1% over-consumption and a final
SOE very close to the initial one, 2% and 0% respectively. This in fact indicates that the parameters of the
A-ECMS method, namely the gain K, and the initial co-state values p, and p,, have been carefully adjusted to address the specific
standard certification driving profile. This setting can be seen to be relevant for this calibration. However, its robustness with regard
to real-life load cycle uncertainties has to be assessed.

Conversely, as a global optimization method, SDP methods use a statistical approach to predict the upcoming driver demand and
calculate an average optimal control law based on this information and the actual SC SOE. Hence, these strategies minimize the
hydrogen consumption in an average sense, rather than on some particular cycle. In the case of SDP, the certification cycle, which
represents a typical motorcycle use is used to derive statistical characteristics. The so-called “classic” statistical modeling, based
simply on a probability density whatever the actual speed v* or power demand Pk, .., seems to have the best performance among
the three methods. On the other hand, Markov-SDP establishes in a more realistic way how the future power demand PX1,, may
evolve using the current information, which should make sense. For instance, an instantaneous high power demand Pk, ., at low
speed v* indicates a strong acceleration of the driver, making a future negative power PXf1,, quite unlikely. Based only on the
WLTC calibration profile, the Markov-SDP over-consumption factor (+2%) is an acceptable outcome, while its SOE difference
factor is, as an absolute value, higher (9%) than the two other competitors, and especially the other statistical based method, Classic-
SDP (0%).

In summary, these preliminary results are best interpreted as both indicating a correct implementation of the three methods and
a precise setting of their parameters. On the basis of this first analysis, it appears that an additional sensitivity analysis is the only
way to assess the comparative performances regarding real scooter utilization. The latter is subject to large uncertainties. Typically,
the end user requires both to make a good return on investment, which is a long-term goal, and to minimize surprises and problems
regarding the vehicle range, which is a crucial mid-term aim.

This is why this second analysis requires a large number of tests. To speed up the process, it is performed using the validated

simulation tools.
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5.C. Robustness assessment by statistical analysis

The main disturbance affecting the real-time EMS results is the power demand uncertainty. It is necessary that the embedded
EMS deals with those variations in the real-world driving conditions and that the fuel consumption remains low in any conditions.
In the present section, statistical tests are conducted in order to assess the EMS robustness.

The stationary Markov model described in section 3.D.2 is exploited to generate random cycles with statistical characteristics
identical to the WLTC [38]. One thousand random cycles are generated and the three EMS are applied to each of them, the setting
parameters calculated in the previous section being unchanged [39]. DP is applied to all generated profiles enabling to compare the
optimal FC system power profile with those defined in real-time. The resulting performance criteria are calculated and the
corresponding histograms are shown in Fig. 11 and Fig. 12. Their mean value (Mean) and standard deviation (Std dev) are reported
in Table 2; the former is representative of return on investment concern, while the latter is a good indicator of the risks of a temporary
deterioration in the vehicle's range. It should be noted that this number of cycles was chosen after checking that it is sufficient to
obtain significant results and draw conclusion on the sensitivity analysis, as it will be shown thereafter.

The over-consumption criterion shows significant disparities among the three tested EMS. Although the A-ECMS results in an
average over-consumption (4%) a little higher (1.5) than the Markov-SDP one (2.6 %), its standard deviation is significantly higher.
In a meaningful way, using the Markov-SDP improves this performance index by a 3.2 factor; this point is specifically relevant
concerning the user experience. Indeed, even if rare, a fuel breakdown has a highly negative impact on the way the motorcycle is
perceived. This good over-consumption performance represents the first benefit of the Markov-SDP approach.

The second main weakness of the A-ECMS is the drift of the final state. The parameters calculated using the WLTC cycle do not
enable a good final state control for other driving cycles, although they are of similar nature. The A-ECMS Ax histogram (Fig. 12)
presents a large number of occurrences around Ax = 55%. This indicates that the SOE often drifts to the upper limit of the SC pack
capacity. From the perspective of the control of final SC SOE, SDP approaches prove to be much better than A-ECMS strategy. As
for the previous criterion, Markov-SDP exhibits the best Ax characteristics with a 5.2 times better mean value and a 7.5 times better
standard deviation value than those of A-ECMS.

SDP performance relies on the adequacy of the vehicle power demand probability distribution to predict the future driving

conditions. That makes Markov-SDP the most robust real-time strategy in the present context.
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7 TABLE 2.Statistical analysis of the performance criteria
Classic- Markov-
A-ECMS
SDP SDP
Mean 4.3 3.1 2.6
AJ (%)
Std dev. 35 2.1 11
Mean 36.7 18.1 -7.1
Ax (%)
Std dev. 24.9 17.7 3.3
8
9 It is important to underline that the statistical study is based on a number of random cycles large enough to be statistically

10  significant. This point is proven by Fig. 13(a) and (b), which represent the mean and standard deviation values calculated for an

11 increasing number of random cycles. These statistical parameter tend to be stable after four hundred cycles, for both the over-
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consumption and the state-difference. It confirms that a thousand cycles are sufficient to draw relevant conclusions on the sensitivity

analysis.
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Fig. 13. EMS performance criteria mean and standard deviation (MD and SD) versus number of tested cycles
a) over-consumption factor AJ

b) SOE difference factor Ax

6. Conclusion and perspectives

This study focuses on methods that achieve a control allocation regarding a complete use cycle in hybrid power systems. Firstly,
this requires a dynamic system with redundant equipment, hence allowing to adjust in real-time their operating points in order to
increase the performance of the overall system. Secondly, this optimization only makes sense when considering a long time period.

The use case under consideration is a FC/SC electric scooter. In this case, the powertrain power can be delivered, at any time,
either by the FC system or the SC pack. The objective is to minimize the hydrogen fuel consumption on a chosen route. In contrast
to many previous works, the present paper considers pure on-line EMS strategies (namely A-ECMS, Classic-SDP and Markov-
SDP) and assesses their behavior regarding real-world use. This requires the development of a new methodology, which can then
be extended to other use-cases. The main contributions of this work are the following.

First, for a fair comparison, each EMS is carefully adjusted using the dedicated certification driving cycle. This requires a
preliminary modeling work of the global system under study. The EMS under test are implemented on the experimental setup and
shown to be working properly.

Secondly, after each test, an optimal consumption is calculated using a DP optimization applied to exactly the same conditions:
identical load profile, but also equal initial and final SC states of charge. This provides an absolute reference, against which each
real-time EMS is compared.

Thirdly, two performance indexes have been derived from the analysis of the user’s expectations. The first index deals with the
return on investment closely linked to the global consumption reduction. The second index addresses the EMS capacity to efficiently
undertake the subsequent driving cycles.

Fourth, the assessment of each EMS is carried out by simulation based on verified modeling. It enables dealing with a large
number of tests, which is mandatory for real life operation is concerned. The results are analyzed in terms of mean and standard
deviation of the over-consumption and final SOE criteria. This gives an accurate and comprehensive view of the statistical analysis.
The average value provides an overall outline, while the standard deviation indicates the probability of extreme undesired events,
such as a breakdown due to a lack of fuel.

Finally, the statistical analysis, as conducted on one thousand random cycles with identical statistical characteristics shows that
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SDP methods give better results for both criteria used. Specifically Markov-SDP achieves the best performances: well centered
results with the lowest standard deviations. Conversely, the A-ECMS proves very sensitive to its tuning parameters. Facing multiple
varied cycles, it induces higher fuel consumption and very poor final SOE control.

In sum, the performance of the SDP behaviors make their relative complexity worth the effort. Among these methods, Markov-
SDP is by far the most promising approach. On the contrary, the A-ECMS ease of implementation seems to be the single argument
in favor of this technique. Future works should tackle both the issue of Markov-SDP off-line complexity and its need for need for

on-line data storage resources.

References

[1] Taraneh Mihankhah, Mohsen Saeedi, Abdolreza Karbassi, “Contamination and cancer risk assessment of polycyclic aromatic hydrocarbons
(PAHS) in urban dust from different land-uses in the most populated city of Iran”, Ecotoxicology and Environmental Safety, VVol. 187, 2020,

109838, doi: 10.1016/j.ecoenv.2019.109838.

[2] C.N. Maesano, G. Morel, A. Matynia, N. Ratsombath, J. Bonnety, G. Legros, P. Da Costa, J. Prud'homme, I. Annesi-Maesano, “Impacts on
human mortality due to reductions in PM10 concentrations through different traffic scenarios in Paris, France”, Science of The Total

Environment, Vol. 698, 2020, 134257, doi: 10.1016/j.scitotenv.2019.134257.

[3] Jianfeng Guo, Xuemei Zhang, Fu Gu, Hangi Zhang, Ying Fan, “Does air pollution stimulate electric vehicle sales? Empirical evidence from

twenty major cities in China”, Journal of Cleaner Production, VVolume 249, 2020, 119372, doi: 10.1016/j.jclepro.2019.119372.

[4] Feiqi Liu, Fuguan Zhao, Zongwei Liu, Han Hao, “The impact of fuel cell vehicle deployment on road transport greenhouse gas emissions:

The China case”, International Journal of Hydrogen Energy, Vol. 43, N° 50, 2018, pp. 22604-22621, doi.org/10.1016/j.ijhydene.2018.10.088.

[5] Xiaoying Chang, Tao Ma, Ran Wu, “Impact of urban development on residents’ public transportation travel energy consumption in China:
An analysis of hydrogen fuel cell vehicles alternatives”, International Journal of Hydrogen Energy, Vol. 44, N° 30, 2019, pp. 16015-16027,

doi.org/10.1016/j.ijhydene.2018.09.099.

[6] Xinyu Liu, Krishna Reddi, Amgad Elgowainy,Henning Lohse-Busch, Neha Rustagi, “Comparison of well-to-wheels energy use and
emissions of a hydrogen fuel cell electric vehicle relative to a conventional gasoline-powered internal combustion engine vehicle”,

International Journal of Hydrogen Energy, Vol. 45, N° 1, 2020, pp. 972-983, doi.org/ 10.1016/j.ijhydene.2019.10.192.

[7]1 Y. Nonobe, Development of the fuel cell vehicle mirai, IEEJ Transactions on Electrical and Electronic Engineering Vol. 12, N° 1, 2017,

pp. 5-9.

[8] Tianyu Li, Lingtao Huang, Huiying Liu, “Energy management and economic analysis for a fuel cell supercapacitor excavator”, Energy,

Vol. 172, 2019, pp. 840-851, doi: 10.1016/j.energy.2019.02.016.

25



10
11

12
13
14

15
16
17

18
19

20
21
22

23
24

25
26
27

28
29

[9] Sina Changizian, Pouria Ahmadi, Mehrdad Raeesi, Nader Javani, “Performance optimization of hybrid hydrogen fuel cell-electric vehicles
in real driving cycles”, International Journal of Hydrogen Energy, 2020, Available online 6 February 2020, In Press, Corrected Proof, doi:

10.1016/j.ijhydene.2020.01.015.

[10] Peng Wu, Richard Bucknall, “Hybrid fuel cell and battery propulsion system modelling and multi-objective optimisation for a coastal ferry”,

International Journal of Hydrogen Energy, Vol. 45, N° 4, 2020, pp. 3193-3208, doi: 10.1016/j.ijhydene.2019.11.152.

[11] Petronilla Fragiacomo, Francesco Piraino, “Fuel cell hybrid powertrains for use in Southern Italian railways”, International Journal of

Hydrogen Energy, Vol. 44, N° 51, 2019, pp. 27930-27946, doi.org/10.1016/j.ijhydene.2019.09.005

[12] Zhumu Fu, Zhenhui Li, Pengju Si, Fazhan Tao, “A hierarchical energy management strategy for fuel cell/battery/supercapacitor hybrid

electric vehicles”, International Journal of Hydrogen Energy, Vol. 44, N° 39, 2019, pp. 22146-22159, doi: 10.1016/j.ijhydene.2019.06.158

[13] Kemal Kaya, Yakup Hames, “Two new control strategies: For hydrogen fuel saving and extend the life cycle in the hydrogen fuel cell

vehicles”, International Journal of Hydrogen Energy, VVol. 44, N° 34, 2019, pp. 18967-18980, doi: 10.1016/j.ijhydene.2018.12.111

[14] Jinglai Wu, Nong Zhang, Dongkui Tan, Jiujian Chang, Weilong Shi, “A robust online energy management strategy for fuel cell/battery
hybrid electric vehicles”, International Journal of Hydrogen Energy, Vol.45, N°27, 2020, pp.14093-14107, doi:

10.1016/j.ijhydene.2020.03.091.

[15] Hegazy Rezk, Ahmed M. Nassef, Mohammad Ali Abdelkareem, Abdul Hai Alami, Ahmed Fathy, “Comparison among various energy
management strategies for reducing hydrogen consumption in a hybrid fuel cell/supercapacitor/battery system”, International Journal of

Hydrogen Energy, In press, corrected proof, Available online 23 December 2019, doi: 10.1016/j.ijhydene.2019.11.195

[16] C. H. Zheng, C. E. Oh, Y. I. Park, S. W. Cha, “Fuel economy evaluation of fuel cell hybrid vehicles based on equivalent fuel consumption”,

International Journal of Hydrogen Energy, Vol. 37, N° 2, January 2012, pp. 1790-1796, doi.org/10.1016/j.ijhydene.2011.09.147

[17] Pedro M. Mufioz, Gabriel Correa, Marcos E. Gaudiano, Damian Fernandez, “Energy management control design for fuel cell hybrid electric
vehicles using neural networks”, International Journal of Hydrogen Energy, Vol. 42, N° 48, 2017, pp. 28932-28944, doi:

10.1016/j.ijhydene.2017.09.169.

[18] N. Kim, S. Cha, H. Peng, “Optimal Control of Hybrid Electric Vehicles Based on Pontryagin’s Minimum Principle”, IEEE transaction control

systems technology, Vol. 19, 2011, pp. 1279-87, doi: 10.1109TCST.2010.2061232.

[19] Liangfei Xu, Minggao Ouyang, Jiangiu Li, Fuyuan Yang, Languang Lu, Jianfeng Hua, “Application of Pontryagin's Minimal Principle to
the energy management strategy of plugin fuel cell electric vehicles”, International Journal of Hydrogen Energy, Volume 38, Issue 24, 2013,

pp. 10104-10115, ISSN 0360-3199, doi:10.1016/j.ijhydene.2013.05.125.

[20] K. Ettihir, M. Higuita Cano, L. Boulon, K. Agbossou, “Design of an adaptive EMS for fuel cell vehicles”, International Journal of Hydrogen

Energy, Vol. 42, N° 2, 2017, pp. 1481-1489, doi: 10.1016/j.ijhydene.2016.07.211

26



10
11
12

13
14

15
16

17
18

19
20
21

22
23
24

25
26

27
28

[21] Teng Teng, Xin Zhang, Han Dong, Qicheng Xue, “A comprehensive review of energy management optimization strategies for fuel cell
passenger vehicle”, International Journal of Hydrogen Energy, 2020, In press, corrected proof, Available online 20 February 2020, doi:

10.1016/j.ijhydene.2019.12.202.

[22] Tom Fletcher, Rob Thring, Martin Watkinson, “An Energy Management Strategy to concurrently optimise fuel consumption & PEM fuel
cell lifetime in a hybrid vehicle”, International Journal of Hydrogen Energy, Vol. 41, N°. 46, 2016, pp. 21503-21515, ISSN 0360-3199, doi:

10.1016/j.ijhydene.2016.08.157.

[23] Siliang Cheng, Liangfei Xu, Kai Wu, Chuan Fang, Junming Hu, Jiangiu Li, Minggao Ouyang, “Optimal warm-up control strategy of the
PEMFC system on a city bus aimed at improving efficiency”, International Journal of Hydrogen Energy, Vol. 42, N° 16, 2017, pp. 11632-

11643, doi: 10.1016/j.ijhydene.2017.02.203.

[24] Dima Fares, RiadChedid, Ferdinand Panik, Sami Karaki, RabihJabr, “Dynamic programming technique for optimizing fuel cell hybrid
vehicles”, International Journal of Hydrogen Energy, Vol. 40, N°24, 2015, pp. 7777-7790, ISSN 0360-3199, doi:

10.1016/j.ijhydene.2014.12.120.

[25] Ying Han, Guorui Zhang, Qi Li, Zhiyu You, Weirong Chen, Hong Liu, “Hierarchical energy management for P\V//hydrogen/battery island

DC microgrid”, International Journal of Hydrogen Energy, Vol. 44, N° 11, 2019, pp. 5507-5516, doi: 10.1016/j.ijhydene.2018.08.135.

[26] F. Odeim, J. Roes, L. Wulbeck, A. Heinzel, “Power management optimization of fuel cell/battery hybrid vehicles with experimental

validation”, Journal of. Power Sources, VVol. 252, 2014, pp. 333-343. doi: 10.1016/j.jpowsour.2013.12.012.

[27] S. Onori, L. Serrao, G. Rizzoni, “Adaptive equivalent consumption minimization strategy for hybrid electric vehicles”, in: ASME 2010

Dynamic Systems Control Conference, 2010: pp. 499-505.

[28] Huan Li, Alexandre Ravey, Abdoul N’Diaye, Abdesslem Djerdir, “Online adaptive equivalent consumption minimization strategy for fuel
cell hybrid electric vehicle considering power sources degradation”, Energy Conversion and Management, Vol. 192, 2019, pp. 133-149, doi:

10.1016/j.enconman.2019.03.090.

[29] P. Garcia, J. P. Torreglosa, L. M. Fernandez, F. Jurado, “Viability study of a FC-battery-SC tramway controlled by equivalent consumption
minimization  strategy”, International Journal of Hydrogen Energy, Vol.37, N°11, 2012, pp. 9368-9382,

doi: 10.1016/j.ijhydene.2012.02.184

[30] J. Zhao, H. S. Ramadan, M. Becherif, “Metaheuristic-based energy management strategies for fuel cell emergency power unit in electrical

aircraft”, International Journal of Hydrogen Energy, Vol. 44, N° 4, 2019, pp. 2390-2406, doi: 10.1016/j.ijhydene.2018.07.131

[31] L. Chan-Chiao, K. Min-Joong, P. Huei, J.W. Grizzle, “System-level model and stochastic optimal control for a PEM uel cell hybrid vehicle”,

Transactions of the ASME Journal of Dynamic Systems Measurement and Control, VVol. 128, 2006, pp. 878-890.

27



10
11
12

13
14

15
16
17

18
19
20

21
22
23

24
25

26
27

28
29

[32] L. Johannesson, M. Asbogard, B. Egardt, “Assessing the Potential of Predictive Control for Hybrid Vehicle Powertrains Using Stochastic
Dynamic Programming”, IEEE Transactions on Intelligent Transportation Systems, Vol.8, 2007, pp.71-83, doi:

10.1109/TITS.2006.884887.

[33] X. Jiao and T. Shen, “SDP policy iteration-based energy management strategy using traffic information for commuter hybrid electric

vehicles”, Energies, Vol. 7, N°. 7, pp. 4648-4675, 2014.

[34] J. Liu, H. Peng, “Modeling and Control of a Power-Split Hybrid Vehicle”, IEEE Transaction Control Systems Technology, Vol. 16, 2008,

pp. 1242-1251, doi: 10.1109/TCST.2008.919447.

[35] Q. Jiang, F. Ossart, C. Marchand, “Comparative Study of Real-Time HEV Energy Management Strategies”, IEEE Transactions on Vehicular

Technology, Vol. 66, N° 12, p. 10875 10888, 2017.

[36] Kai Ou, Wei-Wei Yuan, Mihwa Choi, Seugran Yang, Seunghun Jung, Young-Bae Kim, “Optimized power management based on adaptive-
PMP algorithm for a stationary PEM fuel cell/battery hybrid system”, International Journal of Hydrogen Energy, VVolume 43, Issue 32, 2018,

pp. 15433-15444, ISSN 0360-3199, doi: 10.1016/j.ijhydene.2018.06.072.

[37] Jizong Liu, Xiaoping Wu, Hai Li, Lingfei Qi, “An optimal method of the energy consumption for fuel cell hybrid tram”, International Journal

of Hydrogen Energy, 2020, doi: 10.1016/j.ijhydene.2019.12.135.

[38] Neigel Marx, Daniel Hissel, Frédéric Gustin, Loic Boulon, Kodjo Agbossou, “On the sizing and energy management of an hybrid multistack
fuel cell — Battery system for automotive applications”, International Journal of Hydrogen Energy, VVol. 42, N° 2, 2017, pp. 1518-1526, ISSN

0360-3199, doi: 10.1016/j.ijhydene.2016.06.111.

[39] Trevor Hocksun Kwan, Xiaofeng Wu, Qinghe Yao, “Parameter sizing and stability analysis of a highway fuel cell electric bus power system
using a multi-objective optimization approach”, International Journal of Hydrogen Energy, Vol. 43, N° 45, 2018, pp. 20976-20992, ISSN

0360-3199, doi: 10.1016/j.ijhydene.2018.09.113.

[40] Erick Guerra, “Electric vehicles, air pollution, and the motorcycle city: A stated preference survey of consumers’ willingness to adopt electric
motorcycles in Solo, Indonesia”, Transportation Research Part D: Transport and Environment, Volume 68, 2019, Pages 52-64, doi:

10.1016/j.trd.2017.07.027.

[41] J. Alves, P.C. Baptista, G.A. Gongalves, G.O. Duarte, “Indirect methodologies to estimate energy use in vehicles: plication to battery electric

vehicles”, Energy Conversion Management, VVol. 124, 2016, pp. 116-129, doi: 10.1016/j.enconman.2016.07.014.

[42] M. Hilairet, M. Ghanes, O. Béthoux, V. Tanasa, J.-P. Barbot, D. Normand-Cyrot, “A passivity-based controller for coordination of converters

in a fuel cell system”, Control Engineering Practice, Vol. 21, 2013, pp. 1097-1109, doi: 10.1016/j.conengprac.2013.04.003.

[43] D. Linzen, S. Buller, E. Karden, R.W. De Doncker, “Analysis and evaluation of charge-balancing circuits on performance, reliability, and

lifetime of supercapacitor systems”, IEEE Transactions on Industry Applications, Vol. 41, 2005, pp. 1135-1141.

28



10

11
12

13
14

15
16

17
18
19

20
21

22
23

24
25

26
27

28
29
30

[44] F. Forest, J.J. Huselstein, S. Faucher, M. Elghazouani, P. Ladoux, T.A. Meynard, F. Richardeau, C. Turpin, “Use of opposition method in
the test of high-power electronic converters”, IEEE Transactions on Industrial Electronics, Vol. 53, 2006, pp.530-541., doi:

10.1109/TIE.2006.870711

[45] A. Benmouna, M. Becherif, C. Dépature, L. Boulon, D. Depernet, “Experimental study of energy management of FC/SC hybrid system using
the Passivity Based Control, International Journal of Hydrogen Energy”, Vol.43, N°25, 2018, pp. 11583-11592, doi:

10.1016/j.ijhydene.2018.03.191.

[46] M. Tutuianu, P. Bonnel, B. Ciuffo, T. Haniu, N. Ichikawa, A. Marotta, J. Pavlovic, H. Steven, “Development of the World-wide harmonized
Light duty Test Cycle (WLTC) and a possible pathway for its introduction in the European legislation”, Transportation Research Part D:

Transport and Environnement, Oct. 2015, Vol. 40, pp. 61-75, doi: 10.101016/j.trd.2015.07.011
[47] .P. Bertsekas, “Dynamic programming and optimal control”, 3rd edition, Athena Scientific, 2005.

[48] H. Yun, S. Liu, Y. Zhao, J. Xie, C. Liu, Z. Hou, K. Wang, “Energy management for fuel cell hybrid vehicles based on a stiffness coefficient

model”, International Journal of Hydrogen Energy, Vol. 40, 2015, pp. 633-641, doi: 10.1016/j.ijhydene.2014.10.135.

[49] D. Ferodldi, M. Serra, J. Riera, “Energy Management Strategies based on efficiency map for Fuel Cell Hybrid Vehicles”, Journal of Power

Sources, Vol. 190, 2009, pp. 387-401. doi: 10.1016/j.jpowsour.2009.01.040.

[50] Kemal Kaya, Yakup Hames, “Two new control strategies: For hydrogen fuel saving and extend the life cycle in the hydrogen fuel cell

vehicles”, International Journal of Hydrogen Energy, Vol. 44, N° 34, 2019, pp. 18967-18980, doi: 10.1016/j.ijhydene.2018.12.111.

[51] Ying Shen, Pengfei Cui, Xuechao Wang, Xuefeng Han, Ya-Xiong Wang, “Variable structure battery-based fuel cell hybrid power system
and its incremental fuzzy logic energy management strategy”, International Journal of Hydrogen Energy, Vol. 45, N° 21, 2020, pp. 12130-

12142, doi: 10.1016/j.ijhydene.2020.02.083.

[52] Cong Geng, Xiaofei Jin, Xin Zhang, “Simulation research on a novel control strategy for fuel cell extended-range vehicles”, International

Journal of Hydrogen Energy, Vol. 44, N° 1, 2019, pp. 408-420, doi: 10.1016/j.ijhydene.2018.04.038.

[53] J. Liu, H. Peng, “Modeling and Control of a Power-Split Hybrid Vehicle”, IEEE transactions on control systems technology, Vol. 16, 2008,

pp. 1242-1251. doi: 10.1109/TCST.2008.919447.

[54] Chao-Ming Lee, Wei-Song Lin, “Stochastic self-optimizing power management for fuel cell hybrid scooters of different sized components”,

International Journal of Hydrogen Energy, Vol. 40, N° 15, 2015, pp. 5197-5209, doi: 10.1016/j.ijhydene.2015.02.062

[55] S. Onori, D. Liu, Y. Zou, T. Liu, “Real-Time Markov Chain Driver Model for Tracked Vehicles”, IFAC-PapersOnLine. Vol. 48, 2015,

pp. 361-367, doi: 10.1016/j.ifacol.2015.10.052.

[56] K. McDonough, I. Kolmanovsky, D. Filev, D. Yanakiev, S. Szwabowski, J. Michelini, M. Abou-Nasr, “Modeling of vehicle driving
conditions using transition probability models”, IEEE International Conference on Control Applications, 2011, pp. 544-549. doi:

10.1109/CCA.2011.6044388.

29



[57] J. Liu, H. Peng, “Modeling and Control of a Power-Split Hybrid Vehicle”, IEEE transaction control systems Technology, Vol. 16, 2008, pp.

1242-1251. doi: 10.1109/TCST.2008.919447.

[58] Marcin Pajak, Szymon Buchaniec, Shinji Kimijima, Janusz S. Szmyd, Grzegorz Brus, “A multiobjective optimization of a catalyst
distribution in a methane/steam reforming reactor using a genetic algorithm”, International Journal of Hydrogen Energy, 2020, in Press, doi:

10.1016/j.ijhydene.2020.02.228.

[59] Q. Jiang, O. Bethoux, F. Ossart, E. Berthelot and C. Marchand, “A-ECMS and SDP Energy Management Algorithms Applied to a Fuel Cell

Electric Scooter”, IEEE Vehicle Power and Propulsion Conference (VPPC), Belfort, 2017.

30



	A-Comparision-of-Real-Time-EM-strategies_HAL1
	A-Comparision-of-Real-Time-EM-strategies_Hal2

