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Abstract-This paper deals with the optimization of a parallel
hybrid Fuel Cell (FC)/ Ultracapacitors (UCs) power source for
automotive applications. The aim of this hybridization and its
control are to fulfil the load requirements as well as to comply
with the component constraints (high efficiency, reduced weight
and cost, etc.). First, a classical hybrid architecture using
FC/UCs and a two-converter structure is presented. After that,
power requirements for automotive applications are analyzed,
and the load power demands for the FC/UCs sources are
deduced. Secondly, the model-based design approach is used for
the optimization, and a selection of the main components to be
optimized is presented. Thus, the simulation model and the
control strategy are detailed. This model has been validated
experimentally. Finally, an optimization algorithm is designed
using Parallel Computing and the Genetic Algorithm toolbox of
Matlab/Simulink. The retained criterion is based on the
reduction of the total volume of the system.

I.

INTRODUCTION

Nowadays, with more and more severe emission standards
and the reduction of global fuel supplies, electric/ hybrid
vehicles are a very viable technology. It offers a significant
potential to meet both fuel economy and emission cleaning
demands, particularly the Fuel Cell Hybrid Electric vehicle
FCHEV [1]. This system combines a fuel cell power system
with an energy storage system (ESS) as a power source. The
ESS (e.g., batteries or ultracapacitors) helps the fuel cell to
supply peak power to the electric drive system during
acceleration and recovers energy during deceleration, which
consequently improves the efficiency and dynamic
characteristics of the power system [2]. On the other hand, the
ultracapacitor FCHEV has three major advantages over a
battery FCHEV, satisfying almost the same packaging and
cost requirements: higher energy efficiency, better
accelerating performance and extended fuel cell life [2], [3].
However, the energy storage system increases the complexity
of the overall power plant, the control design having an
important effect on system performance.
As well as the control design, it is very important for
component sizing to be taken into account in order to reduce
installation investment costs and to achieve good overall
performance, which is the main objective of this work.
Firstly, in this paper, a classical hybrid architecture using
FC/UCs and a two-converter structure is presented. Then,
power requirements for automotive applications are analyzed

using a frequency decomposition of the load power demands
for the FC/UCs sources. Then, a selection of the main
components to be optimized is presented using an energy
repartition calculation. As the optimization used a modelbased design approach, the simulation model and the control
strategy are detailed. This model has been validated
experimentally using a Nexa Ballard PEMFC as main source
and BOOSTCAP Maxwell ultracapacitors as auxiliary source.
Finally, an optimization algorithm is introduced and
configured for Parallel Computing using the Genetic
Algorithm toolbox of Matlab/Simulink. The retained criterion
is based on the reduction of the total system volume.
II.

HYBRID VEHICLE STRUCTURE

For the powertrain of hybrid vehicles using fuel cells as
main power source, different hybrid fuel cell system
configurations have been suggested and investigated (series,
parallel, and cascade) [4], [5], [6]. It has also been proven that
the parallel structure is most advantageous [5], [6]: fewer
component constraints, easy energy management and good
reliability.
A. Two-converter parallel structure
Among the major topologies of parallel structures for
FC/SCs hybrid power system, the two-converter parallel
structure (Fig. 1) is the most used [6]-[9]. Some of the
advantages are: no pollution, no noise, constant DC bus,
simple control, improved FC lifetime, reversible energy
conversion.
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Fig. 1. Two-converter parallel structure for FC/UCs hybrid power system.

B. Power load reference profile
The needed car power is mainly due to speed variations,
tyre friction dissipation, aerodynamics dissipation and mass
elevation. This power, Pmotor, can be expressed as:
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Where:
V and M are the vehicle speed and mass (in m.s-1 and kg);
α is the road angle with an horizontal line (in rad);
Cr and Cx are the friction and aerodynamic coefficients;
 is the air density (in kg.m-3) and g is the g-force (in m.s-2)
S is the front surface area (in m2).
M=1000; g=9.81; α=0; Cr=0.01; Cx=0.30; =1.225; S=2.5
These values correspond to a mid-size car adapted to urban
transportation. Thus, the vehicle power demand can be
determined by the driver’s requirements. Indeed, European
light duty vehicles have to face the New European Driving
Cycle (NEDC) which represents the typical usage of a car in
Europe. The NEDC consists of repeated urban cycles (called
ECE-15 driving cycle) and an Extra-Urban driving cycle, or
EUDC. Fig. 2 shows the ECE-15 cycle with the speed and the
power demand of a car following a flat road.

In this paper, we focus on the design of a FC/UC hybrid
vehicle. The main principle of such a design approach is to
optimize the parameter values of a model that has been
previously validated using experimental results: to be more
precise, a Matlab/Simulink model of the hybrid vehicle is
designed including the control strategy. The model
parameters are identified using a test bench of about 1kW,
and simulation results are compared to the experimental
results. Then, the 1kW Model is extended to optimize the
system parameters of a 10kW car’s power regarding the
NEDC requirements. Of course, the parameter validity
domain has to be carefully considered. Nevertheless, such
method allows for greatly reducing the size of the test bench.
In the following section, the model and the control used are
described. Then, some experimental validations of the
presented system model are depicted.
A. Model description
The model-based design approach is used to facilitate the
global optimization of the system. Indeed, the simulation
includes the component models and their associated controls,
and it allows to evaluate the system performances for a
requested load on each component and to estimate the
system’s stability. In the next section, model and control
design of the system using Matlab/Simulink, as depicted in
Figure 3, are described.

Fig. 2. ECE-15 Driving Cycle.
Fig. 3. Model and Control Scheme using Simulink.

In a first approximation in the optimization procedure, the
weight of the electric powertrain system is neglected
compared to the whole vehicle weight. Sudden power
changes can be noticed each time the driver requires a speed
change. In this example, the car’s average power is only of
0.72 kW, whereas the peak power reaches roughly 10 kW,
which means a 13.7 (Pmax/Paverage) ratio. Finally, the power
source optimization of the hybrid sources has to fulfill both
requirements. These requirements are included in a model for
optimization purpose.
III.

MODEL DESIGN FOR OPTIMIZATION

Nowadays, the Model-Based Design approach is widely
used to design systems from simulation to real-time
application [10]. The optimization strategy uses this ModelBased Design approach to accelerate the design of hybrid
vehicle regarding various requirements [11].

Ultracapacitors model
Various ultracapacitor models can be found in literature,
especially for hybrid systems [12], [13]. Classically, an
ultracapacitor theoretical model uses a transmission line with
the voltage (VSC) dependent on distributed capacitance [14].
However, to take into account the supercapacitor behavior
during charge and discharge and to preserve a sufficient
accuracy, a RC model is utilized to describe the nonlinear
electrode behavior:
- The resistor R models the supercapacitor ohmic loss,
usually called equivalent series resistor (ESR).
- The capacitor C represents the supercapacitor
capacitance during charging and discharging effects.
The RC parameter values are extracted directly from the
manufacturer’s datasheets.

Fuel Cell model
In low dynamic conditions, the fuel cell characteristics can
be considered as a voltage source with ohmic, kinetic and
mass transfer resistances [15]. Consequently, the fuel cell can
be connected either in series with a current source, which is
the case in the two-converter structure (L in series with the
FC) or in parallel to the DC bus, which is a perfect voltage
source with its associated capacitor CBUS. Of course, the
capacitor value has to remain low in order to prevent difficult
starting procedures.
Furthermore, the fuel cell system is a complex device with
many auxiliary components. Hence, a significant part of the
electrical power generated is used internally, which means
that the real stack current is greater than iFC. More precisely,
the relationship between the FC voltage vFC and the output
current iFC is given by the following equations:

A real-time dSPACE DS1104 controller board is used to
implement the energy management control strategy designed
with Matlab/ Simulink.
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Fig. 5. The components of the experimental bench.
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Where ACell is the area of each cell, N is the stack cell
number, Ecell is the reversible cell voltage, R is the membrane
area specific resistance; A is the Tafel coefficient; and m and
n are the two coefficients of the mass transfer equation [16].
Fig. 4 shows the experimental characteristics and the
simulated model of the studied FC.
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Fig. 4. PV Characteristics.

However, in order to simplify the optimization procedure
and to prevent large computation time, the hysteresis effect of
the PEM Fuel Cell is neglected [28].
Figure 5 shows the experimental set-up: The hybrid Fuel
Cell / Ultracapacitors power source uses a Nexa BALLARD
PEM fuel cell stack of 1200 W as the main source. The
auxiliary source is obtained with a Maxwell SC module
associating two modules in series: Maxwell BMOD0250
(each module is achieved with a series connection of six
individual “2.7V, 1500F” elements).
A ZS electronic load ZS1806 of 1800 W (i= 0..150A /
V=0..60V) fulfills the power load demands. The power
converters DC/DC are realized with standard IGBT modules
(SEMITRANS: SKM50GB123D).

B. Control description
The two-converter structure consists in associating a static
converter and a control loop to each power source (Fig. 1).
This control strategy generates a large number of degrees of
freedom in the control design (Fig. 3). This classical hybrid
structure has been validated in various works [7]-[9], [17].
The control strategy is based on a power decoupling
strategy in the frequency domain of the power source. This
energy-management strategy fulfills the fast energy demands
of the load and respects the integrity of each source. The full
details of the control strategy have been published in previous
work [17].
C. Optimization algorithm
In literature, optimization of a mixed continuous and
discrete model is known as hard optimization [18]. The four
most widely known metaheuristics for hard optimization are
[19]:
- The simulated annealing method;
- The tabu search;
- The ant colony algorithms;
- The genetic and evolutionary algorithms.
Some common features clearly appear in most
metaheuristics, such as the use of diversification, to force the
exploration of regions of the search space, rarely visited until
now, and the use of intensification, to go thoroughly into
some promising regions. One common drawback for most
metaheuristics still is the delicate tuning of numerous
parameters; theoretical results available by now are not
sufficient to really help, in practice, the user facing a new
hard optimization problem.
Among them, we have chosen the Genetic Algorithms
available in MATLAB® products. Because it can be used for
such problems that are difficult to solve with traditional
optimization techniques, including problems that are not well
defined or are difficult to model mathematically.

Precisely, GA can be used when computation of the
objective function is discontinuous, highly nonlinear,
stochastic, or has unreliable or undefined derivatives.
Some of the GA advantages over the traditional numerical
optimization approaches are related to:
- The optimization with continuous or discrete
parameters;
- The derivative information, which is not requested;
- The simultaneously searches from a wide sampling of
the cost surface;
- The well suited implementation for parallel computers.
Nevertheless, in the field of continuous optimization, there
is a significant arsenal of traditional methods used for global
optimization [20], but these techniques are often ineffective if
the objective function does not possess a particular structural
property, such as convexity. In order to overstep this
convergence issue and to reduce the GA calculation time, a
Monte-Carlo analysis can be performed on the system.
Indeed, it allows GA to start with initial parameter values
leading close to the solution.
Besides, the definition of the optimization problem is often
supplemented by the constraints. All the parameters of the
adopted solutions must satisfy these constraints, or otherwise
these solutions are not realizable. But including constraints in
the optimization induces a larger time calculation for the GA
[21]-[23]. Then the problem formulation can be reconsidered
in order to avoid formulations with constraints [24]. Indeed,
some transformations are critical in matching a problem to
the characteristics of an algorithm.
In the studied case, constraints can be avoided using
penalties method on the model [25]. However, even if
stochastic methods such as genetic algorithms can be easily
implemented, algorithm parameter tuning is highly important
to achieve the global optimum.
The advantage of this kind of algorithm is that, by creating
a large enough population, the probability of finding the
global minimum point is higher. The drawback is the time
needed to run such an algorithm [26]. Therefore the
parameters should be well tuned. In our case, two main
strategies are chosen in order to tune the GA.
Firstly, we performed a Monte Carlo (MC) simulation in
order to put forward an initial population to GA. This fact
will help GA in order to converge to the global optimum.
Performing a MC simulation with a large population and
selecting the best points is a better way for creating an initial
population for GA compared with the random creation of an
initial population. To perform the MC simulation, a random
value is generated for each variable by using a classical
generator as an extended cellular automata generator [27].
When tackling the multi-criteria optimization of a device in
electrical engineering, the exhaustive sampling of the Pareto
optimal front implies the use of complex and time-consuming
algorithms that are unpractical from the industrial viewpoint.

In several cases, however, the accurate identification of a
few non-dominated solutions is often sufficient for design
purposes. An evolutionary methodology of the lowest order,
dealing with a small number of individuals, is proposed to
obtain a cost-effective approximation of non-dominated
solutions. The optimal design of a hybrid power source, based
on the optimization of cost, volume, weight and performance
of the device, is obtained in Table I:
TABLE I
DETAILS OF THE GA OBJECTIVE FUNCTIONS
Parameter

Cost

Volume

Weight

UC
FC

12 $/kW
254 $/kW
58.67 ($) +
54.34($) ×
Energy (J)
58.67 ($) +
54.34($) ×
Energy (J)
2.36 ($) +
0.18($) ×
Energy (J)

0.21 L/kW
1.49 L/kW
0.25 (L) +
0.73(L) ×
Energy(J)
0.25 (L) +
0.73(L)×
Energy(J)

0.32 kg/kW
1.44 kg/kW
2.03 (kg) +
2.63(kg) ×
Energy (J)
2.03 (kg) +
2.63(kg) ×
Energy (J)

-

-

L_UC

L_FC

C_BUS

IV.

OPTIMIZATION RESULTS

In our case, after performing the Monte Carlo simulation
with a 5000 population, 24 best points are selected among the
results and they are put into GA as part of the initial
population. The rest of the initial population (40 points) is
created by GA using a uniform distribution. This allows GA
to sweep a wider search zone. This procedure requires at least
4 hours on a single 2.4GHz processor. However, using the
matlabpool procedure in Matlab and an 8-core computers,
this computation time can reduced to less than half an hour.
Secondly, the other parameters of GA such as mutation
rate, elite count, selection function, etc., are chosen so as to
provide a maximum chance for GA to achieve the global
optimum.
The optimized values of the system parameters are depicted
in Table II:
TABLE II
GENETIC ALGORITHM PARAMETERS
Parameter
Number of
Variables
lower bound
Upper bound
Parameter
Population
Size

Value
[N_FC, S_FC, L_FC, C_SC, L_SC, C_BUS];
[36, 0.01, 1e-5,
1, 1e-5, 1e-3]
[120, 0.5, 50e-3, 1e3, 50e-3,
1]
Parameter

Value

64

Creation Fcn

Creation uniform

Elite Count

4

Fitness Scaling
Fcn

Fit scaling rank

Generations

50

Selection Fcn

0.8

Crossover Fcn

Crossover
Fraction
Use Parallel

Value

always

{selection
tournament 2 4}
Crossover two
point

Weight (Kg)

150
22.8

3600
3400
3200
3000
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Fig. 8. Optimization results of the cost function vs. the number of generation

Table III shows the obtained results. It shows that the
hybridization of the Fuel Cell using Ultracapacitors allow to
reduce the weight of the hybrid powertrain components
(without including the hydrogen storage weight). Indeed, the
Fuel Cell is designed to fulfill the average power demand
only, and the ultracapacitor helps to supply the peak power
demand.
TABLE III
OBTAINED SOLUTION BY GA
Value
70
0.495 cm²
44.95 µH

Parameter
C_UC
L_UC
C_BUS

Value
971.3 F
80.97 µH
0.522 F

Weight function (kg)
22.622 kg

22.4

50

18.1

20

40

60

80

18.2

100

18.3

120

Volume (L)

Fig. 6. Optimization
results of the Weight/Volume objective functions.
300
250

Weight (kg)

3800

Cost function ($)
3265 $

22.6

Best fitness
Mean fitness

Best: 3268.4892
Mean: 108036932.166

Parameter
N_FC
S_FC
L_FC

200

100

4000

Cost ($)

Precisely, as explained previously, the population size is
reduced to a small value to limit the computation time.
However in the Genetic Algorithm procedure, to avoid some
latency due to multi-core use in parallel computing, the
population size has to be taken as a multiple of the core
number, here 8x6 = 64, as in Table II. Otherwise, some cores
will have to wait until the generation of the next population,
which slow down the optimization greatly.
Figures 6 and 7 show some Pareto plots with the
optimization results of the Weight/Volume objective
functions and the Weight/Cost objective functions
respectively. Finally, these objectives seem to be strongly
linked together. Indeed, it can be noticed in Table I, that Fuel
Cell criteria’s are always higher than others. So, the number
of Fuel Cell seems to be a key factor in the design. Besides,
the optimization procedure has shown that many solutions
bring instability in the control design. So, the penalties
method used is much more effective here, compared to
classical 300
constraints method. Indeed, it avoids slowing down
the procedure from the search of feasible solutions when
numerous250unfeasible solutions occur.
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Fig. 7. Optimization results of the Weight/Cost objective functions.

Figure 8 shows the optimization results of the cost function
regarding the number of generation. 50 generations with a 64
population size correspond to a computation time of about 20
minutes on a 2.4GHz 8-core processors. The step down is due
to a change on the number of fuel cell value which can only
have discrete value.
Furthermore, due to use of the Monte-Carlo approaches for
evaluating the initial population set, the results on the costs
objective function show clearly that between the first
population set, and the final one, only a few changes occur.
So, the GA procedure is only focusing on a global optimum
closed to the initial population set.

V.

CONCLUSION

In this paper, an optimization of a parallel hybrid Fuel Cell
(FC)/ Ultracapacitors (UCs) power sources for automotive
applications has been described. A Model-Based Design
approach has been used to accelerate the design and to reduce
the size of the test bench. An optimization using a paralleled
Genetic Algorithm has been performed. The aim has been to
find the optimized value of the system parameters within the
lowest possible volume in order to fulfill a NEC-15 for a midsize car. The paper has presented the results of the multiobjectives regarding the volume, the cost, the weight of the
car. Monte-Carlo approach and modified Genetic Algorithm
using Penalties method has been used. It allows fast
computation time and avoids slackening effect, common in
constraints problem formulation when numerous unfeasible
solutions are obtained. Finally, these objectives seem to be
strongly linked together, and the number of Fuel Cell seems
to be a key factor in the design.
Future research will be conducted on the optimization of
the car hybrid range. Thus, analytical models will be designed
for fast computation and will include power electronics and
electric motor and mechanical transmission losses. One of the
major issues will be to take into account the auxiliary
consumption like the fuel cell auxiliary and the auxiliary car
system (HVAC, etc.).
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