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Abstract: Fuel cell vehicles (FCVs) should control the energy management between two energy
sources for fuel economy, using the stored energy in a battery or generation of energy through a
fuel cell system. The fuel economy for an FCV includes trip costs for hydrogen consumption and
the lifetime of two energy sources. This paper proposes an implementable energy management
control strategy for an FCV to reduce trip costs. The concept of the proposed control strategy is first
to analyze the allowable current of a fuel cell system from the optimal strategies for various initial
battery state of charge (SOC) conditions using dynamic programming (DP), and second, to find a
modulation ratio determining the current of a fuel cell system for driving a vehicle using the particle
swarm optimization method. The control strategy presents the on/off moment of a fuel cell system
and the proper modulation ratio of the turned-on fuel cell system with respect to the battery SOC and
the power demand. The proposed strategy reduces trip costs in real-time, similar to the DP-based
optimal strategy, and more than the simple energy control strategy of switching a fuel cell system
on/off at the battery SOC boundary conditions even for long-term driving cycles.

Keywords: fuel cell vehicles; energy management control strategy; fuel cell system operation
optimization; dynamic programming; optimal rule extraction

1. Introduction

The depletion of limited fossil fuels and pollution caused by fossil energy usage have
forced the fuel economy and exhaust gas regulations, presenting a new generation for eco-
friendly and high-efficiency vehicles that alternate fossil energy to electric energy [1]. The
mainstream of electric vehicles is the battery electric vehicle (BEV) which uses the stored
electricity in batteries. However, battery performance remains insufficient as an alternative
to internal combustion engine (ICE) vehicles, owing to short driving distances and long
charging times [2]. Recently, a fuel cell technology generating electricity from hydrogen
(H2) is being highlighted to compensate for the aforementioned battery problems [3].

A fuel cell vehicle (FCV) reduces the battery size by self-generating electricity, increases
driving distance (100 km per 1 kg hydrogen [4]), and requires a short charging time by
charging hydrogen, instead of electricity. Therefore, an FCV can be the new-generation
vehicle that can satisfy requirements for eco-friendly driving performance. The problem
of an FCV is an energy management strategy (EMS) between a battery and a fuel cell, i.e.,
deciding whether to use stored electricity in a battery or to generate electricity with a fuel
cell system [5,6]. The EMS determines the fuel efficiency and fuel cell operating efficiency,
which affects the required battery power and battery size. The optimal EMS for an FCV
typically focuses on the efficient operating range of the fuel cell and the optimization of
battery sizing [5–9].

Another consideration for EMS is cost and fuel cell/battery lifetime. The cost of
hydrogen varies dramatically depending on the production method and distribution dis-
tance [10]. Moreover, the cost per mile of hydrogen is 2–3 times greater than gasoline. In
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addition, the frequent on/off cycles of a fuel cell system causes accelerated aging of fuel
cell stacks, which account for approximately 66% of the cost of the fuel cell system based
on 1000 produced annually [11]. On the other hand, overcharge/over-discharge, charging
a battery with a high current, and additional resulting temperature changes degrade the
battery lifetime despite reducing repeated operation of the fuel cell system and hydrogen
usage [12]. The associated cost and lifetime increase the overall expense for driving an FCV,
i.e., trip cost. Therefore, an efficient energy management control strategy between using
hydrogen and using stored electricity in a battery is required to reduce trip costs.

The best energy-optimal strategy, i.e., the optimal fuel cell system on/off strategy, can
be defined as the overall optimal solution of global optimization-based methods for a given
total driving profile. However, the best fuel-optimal strategy of the global optimization
methods is usually utilized as a benchmark because of non-causality requiring the full
driving profile [13–15]. Therefore, researchers use two methods for control strategies in
real-time. The first method is to extract the rules from trends of the best energy-optimal
strategy [7,8,16–19], and the second method is to adopt implementable optimal control
algorithms in real-time [9,18–21]. The general practical application employs the rule-based
method because of lower computational requirements than the second method. An issue
of the rule-based method is the extraction of the rule guaranteed to cover the trend of the
optimal solution for various driving conditions. However, most research has designed
rule-based control strategies in terms of minimizing power loss [19], optimizing battery
size [7,8], or optimizing fuel usage [16–18], but not in terms of trip costs involving the
hydrogen cost and subsystem obsolescence.

This paper proposes a practical energy management control strategy for an FCV
reducing trip costs. The proposed control strategy is extracted from analyzing the best
energy-solution of the dynamic programming (DP), one of the global optimization methods.
The cost of the DP is designed as a function of cost with respect to hydrogen usage and
fuel cell/battery lifetime for reducing the trip cost. The DP extracts the best energy-optimal
modulation ratio between alternate usage of stored electricity in a battery and the generated
electricity by a fuel cell system. The trend of the fuel cell system’s allowable current is
analyzed in terms of the required power demand and the current battery state of charge
(SOC), and the best modulation ratio operating the fuel cell system is defined using the
particle swarm optimization (PSO) method from the allowable current of the fuel cell
system and fuel cell system dynamics. Finally, the practical fuel cell operation is defined as
a function of the battery SOC. The extracted control strategy is validated by comparing the
DP-based optimal strategy with the simple EMS of turning the fuel cell system on and off at
the battery state. The designed strategy reduces trip costs, similar to the DP-based optimal
strategy even without prior knowledge of future vehicle speed and significantly more than
the simple EMS even for long-time driving conditions. Therefore, the designed control
strategy can be implemented as a controller that reduces trip cost in real-time, taking into
account cost-effective hydrogen usage while minimizing the two factors that accelerate
the obsolescence of a fuel cell system and a battery: frequent on/off cycling of a fuel cell
system and overcurrent in a battery.

Section 2 describes the fuel cell vehicle model; Section 3 extracts the energy manage-
ment strategy based on the DP; Section 4 discusses the simulation results; and, Section 5
finishes with a number of conclusions.

2. Fuel Cell Vehicle Model

The target fuel cell vehicle is based on the FC/battery model distributed at the IEEE
VTS Motor Vehicles Challenge 2017 held at the IEEE vehicle power and propulsion confer-
ence (IEEE VPPC) [22]. The FCV structure consists of three subsystems; a fuel cell system
including the unidirectional DC/DC converter, a battery, and a motor-based traction sub-
system, as shown in Figure 1. Each system is simplified to a control-oriented model. Table 1
lists the parameters and their values for the FCV model.
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Figure 1. Fuel cell vehicle structure: Thin lines indicate electrical connections, and thick lines indicate
mechanical connections.

Table 1. Parameters for the fuel cell vehicle model.

Subsystem Symbol Parameter Value

Fuel cell subsystem
(16 kW, 40–60 V PEMFC)

Rs Resistance of the smoothing inductor 5 mΩ

Ls Inductance of the smoothing inductor 0.25 mH

ηchopper Boost chopper efficiency 95%

Battery
(80 V–40 Ah LiFePO4)

Rbatt Series internal resistance of the battery 0.028 Ω

Rbatt1 Resistance of the battery 0.1417 Ω

Cbatt1 Capacitance of the battery 3529.4 F

Qbatt Battery capacity 40 Ah

Vehicle traction subsystem

Mv Vehicle mass 698 kg

ρ Air density 1.2230 kg/m3

Cd Air drag coefficient 0.7

A Frontal area of the vehicle 1 m2

g Gravitational acceleration 9.81 m/s2

f Rolling resistance coefficient 0.02

• Fuel cell subsystem;

A fuel cell system is based on a 16 kW, 40–60 V, proton exchange membrane fuel
cell (PEMFC) with a maximum current of 400 A. A complex fuel cell system is modeled
as an equivalent voltage source with respect to the current of the fuel cell using a quasi-
static model experimentally validated, as shown in Figure 2a. The hydrogen consumption
represents the hydrogen mass flow with respect to the current of the fuel cell, as shown in
Figure 2b. The hydrogen state of charge (SOCH2) is estimated by the hydrogen mass flow
rate counting:

SOCH2 =
mH2,init −

∫ .
mH2 i f cdt

mH2,init
, (1)

where mH2, init is the initial mass of the hydrogen,
.

mH2 is the hydrogen mass flow rate, and
ifc is the current of the fuel cell system.
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Figure 2. Fuel cell system modeling: (a) Fuel cell model; (b) Hydrogen consumption model.

The fuel cell system is connected to the unidirectional DC/DC converter to control the
generated current by the fuel cell system. The unidirectional DC/DC converter is modeled
simply as a combination of a smoothing inductor and an irreversible boost chopper. The
smoothing inductor is designed as the first-order RL circuit model approximated by the
first-order Euler’s method. The irreversible boost chopper regulates the voltage level
between the fuel cell system and the battery, allowing energy generated by the fuel cell
system to flow towards the vehicle traction subsystem:

i f c(t + 1) =
(

1− Rs
Ls

∆t
)

i f c(t) + 1
Ls

∆t
(

Vf c −Vchopper

)
,

Vchopper = m f cVbatt, where, Pdemand > 0,
ichopper = m f ci f cηchopper, where, Pdemand > 0,

(2)

where Vfc, Vchopper, and Vbatt are the voltage of the fuel cell system, the boost chopper, and
the battery, respectively. ichopper represents the current of the boost chopper. Vchopper and
ichopper are irreversible with respect to the power demand of a vehicle Pdemand. mfc is the
modulation ratio controlling current in the fuel cell system. The modulation ratio ranges
from 0–1, and the zero modulation ratio denotes that the fuel cell system is fully operated.
∆t is the discretized time.

• Battery;

The battery is based on an 80 V–40 Ah Lithium Iron Phosphate (LiPePO4) battery
pack. The control-oriented battery model uses the first-order RC equivalent circuit model
consisting of an open circuit voltage VOC, a series internal resistance Rbatt0, and a parallel
combination of resistance Rbatt1 and capacitance Cbatt1:

ibatt =
VOC−Rbatt0−Vbatt

Rbatt1
+ Cbatt1

d
dt (VOC − Rbatt1ibatt −Vbatt),

Vbatt =

(
VOC+
√

VOC
2−4·Pbatt ·rbatt0

)
2 ,

Pbatt = Ptract − ηchopper · i f c

(
Vf c − i f cRs

)
,

(3)

where ibatt and Vbatt are the current and voltage of the battery, respectively. Pbatt and Ptract
are the battery power and transmission power to drive the vehicle. VOC is the function of
the battery state of charge (SOCbatt). The SOCbatt is estimated by the column counting from
the initial battery SOC SOCbatt, init:

SOCbatt = SOCbatt,init −
1

Qbatt

∫
ibattdt. (4)
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The battery operates a motor of the vehicle traction subsystem by flowing the stored
current to the DC/AC inverter. On the other hand, the battery can be charged by the fuel
cell system through the DC/DC converter or by regenerating through the DC/AC inverter.

• Traction subsystem;

A traction system consists of a DC/AC inverter and a motor-to-wheel drive system.
The currents from two energy sources, the battery and the fuel cell subsystem, feed the
motor-to-wheel drive system through a 15 kW DC/AC inverter:

itract = ibatt + ichopper, (5)

where itract is the required current to tract the vehicle.
A vehicle is designed by considering only longitudinal dynamics for vehicle speed

vv, consisting of traction force Ftract and resistance force Fresis by aerodynamics, rolling
resistance, and road grade:

Mv
.
vv = Ftract − Fresis,

Fresis =
1
2 ρCd Av2

v + Mvg f + Mvgθ,
(6)

where θ is the road grade. The positive traction force requires the current to tract the vehicle
itract. The relationship between itract and Ftract is simplified using ηtract:

itractVbatt = Ptract =
Pdemand
ηtract

=
Ftractvv

ηtract
, (7)

where Pdemand and Ptract are the power demand with respect to the vehicle speed vv and
electrical power at the transmission to traction the vehicle, respectively. ηtract is an ex-
perimentally validated quasi-static model associated with both the conversion efficiency
between electrical and mechanical energies and the dynamics of the invertor-to-wheel
mechanical transmission system, as shown in Figure 3.
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3. Design of Energy Management Control Strategy

The energy management control strategy for reducing the trip cost is extracted in
following three steps: (1) Design the DP structure for the optimal EMS to save trip cost;
(2) Analyze trends of the optimal EMS; and, (3) Design the control strategy to implement
the optimal EMS trends. The control strategy aims to achieve real-time performance similar
to the DP-based optimal EMS utilizing the total driving cycle while exhibiting robustness
to various speed conditions.
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3.1. Design of the Dynamic Programming

The DP is a numerical solver that finds a globally optimal solution by decomposing a
sequence of decision steps over time [23]. The DP calculates transition costs for all states
backward from the final state, then recovers the decision to minimize the cost from the
given initial states. Therefore, the optimal solution by the DP can be the full potential for
the initial states.

Let us describe the FCV model as the nonlinear state-space model for the optimal EMS:

.
x = f (x, u, d),
x =

[
i f c SOCbatt

]T , u = m f c, d = Ftract.
(8)

where the traction force Ftract is the function of the vehicle speed vv. The optimal EMS is
to find the optimal input u*, i.e., the optimal modulation ratio of the fuel cell mfc*, that
minimizes the cost function associated with the trip costs for the total driving time [t0, tf]:

m f c∗ = argmin
m f c

[
t=t f

∑
t0

{J(x(t), u(t), d(t))}
]

,

s.t.
.
x = f (x, u, d), g(x, u) ≤ 0, h

(
x(t0), x(t f )

)
= 0,

(9)

where J(x(t), u(t), d(t)) is the cost function to use the input u at the state x with the traction
force demand d at time t. g(x,u) is an algebraic inequality constraint, and h(x(t0), x(tf)) is a
boundary condition.

A cost function J(x(t), u(t), d(t)) for the optimal EMS reducing the trip cost takes into
account the trip cost with respect to hydrogen consumption, the fuel cell system lifetime,
and the battery lifetime:

J = JH2 + JFC + Jbatt, (10)

where J is represented as the price by defining JH2 as the price with respect to hydrogen con-
sumption and defining JFC and Jbatt as the replacement price with respect to the degradation
of a fuel cell system or battery.

The cost for hydrogen consumption JH2 is proportional to the amount of hydrogen
consumed during driving:

JH2 = $H2 ·
t=t f

∑
t=t0

.
mH2 ∆t, (11)

where $H2 is the market price of hydrogen per 1 kg.
A cost for the fuel cell system lifetime JFC is proportional to the degradation of the fuel

cell system due to frequent on/off cycling and heavy use of power [11]:

JFC = $FC ·
1

TFC
·
[

wswitchNswitch + wpower

t

∑
t=t0

{(
1 +

wperror

P f c

(
Pf c(t)− P f c

)2
)

∆t

}]
, (12)

where Nswitch is the number of switching on of the fuel cell system. The switching on
is defined when the current of the fuel cell ifc exceeds 1 mA. wswitch is the degradation
coefficient with respect to the switching on of the fuel cell system. wpower and wperror are the
load coefficients for the degradation with respect to heavy power. Pfc is the power of the
fuel cell system at the time t, and P f c is the nominal power of the fuel cell system. TFC is
the lifetime of the fuel cell system for normalizing the performance degradation associated
with the switching on/off and heavy power. $FC is the market price of the 16 kW fuel
cell system.

A cost for the battery lifetime Jbatt depends on the battery SOC and power transients
because high currents, especially high recharge currents, accelerate battery degradation [24]:
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Jbatt = $batt ·
1

Qbatt,max
·

t=t f

∑
t=t0

[∣∣∣∣ibatt(t) ·
{

1 + wSOCbatt(1− SOCbatt(t))
2
}
·
{

1 + wcharge
|ibatt(t)|

Qbatt

}∣∣∣∣ · ∆t
]

, (13)

where ibatt and SOCbatt are the current and battery SOC at the time t, respectively. wSOCbatt
and wcharge are the degradation coefficient with respect to battery SOC and overcurrent.
Qbatt, max is the battery capacity over the entire lifespan for normalizing the performance
degradation. $batt is the market price of the 80 V–40 Ah battery.

The inequality constraint g(x,u) represents the physically allowable range for the
current of the fuel cell system and the battery SOC, and the allowable changing rate of
current of the fuel cell system:

i f c,min ≤ i f c ≤ i f c,max, SOCbatt,min ≤ SOCbatt ≤ SOCbatt,max, ∆i f c,min ≤
∆i f c

∆t
≤ ∆i f c,max, (14)

where ∆ifc is the change in the current of the fuel cell system from its previous value.
The boundary condition h(x(t0), x(tf)) represents the initial values of the current of the

fuel cell system and the battery SOC:

i f c(t0) = i f c,init, SOCbatt(t0) = SOCbatt,init, (15)

where the initial current of the fuel cell system, ifc,init, always starts from zero current.
In other words, the DP calculates the optimal EMS with respect to the initial battery
SOC, SOCbatt,init.

3.2. Trend Analysis of the Energy-Optimal Strategy

The trend analysis of the optimal EMS targets the DP results using two driving cycles,
NEDC (New European driving cycle) and WLTC (Worldwide harmonized light vehicles
test cycle) Class 2, as shown in Figure 4a. The NEDC cycle represents low-speed city
driving and aggressive high-speed driving, and the WLTC Class 2 represents low and
medium-speed city driving and high and extremely high-speed driving. Figure 4b shows
the traction force Ftract calculated backward using the discretized version of the vehicle
model (6) under the flat road grade assumption. The discretized time ∆t is 0.1 s. The
required conditions for DP are listed in Table 2.
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Table 2. Conditions of the dynamic programming for analyzing optimal EMS trends.

Symbol Values

State discretization
ifc −100:50:750 A

SOCbatt 0.3:0.05:0.8

Input discretization mfc 0:0.1:1

Cost function

JH2 $H2 6.90 US$/kgH2
1 [25]

JFC

wswitch 2.5 × 10−4

wpower 0.5 × 10−4

wperror 4

P f c 6000 W

TFC 8000 h 2 [26]

$FC 560 US$ 2 [26]

Jbatt

wSOCbatt 3.25

wcharge 0.45 (ibatt ≥ 0), 0.55 (ibatt < 0)

ibatt 40 Ah

Qbatt, max 15000 × 40 Ah

$batt 720 US$ 3 [27]

Inequality constraints

ifc, min 0 A

ifc, max 4 A

SOCbatt, min 0.3

SOCbatt, max 0.8

∆ifc, min −0.2 A/s

∆ifc, max 0.2 A/s
1 based on 2025 US projection [25]. 2 based on 2025 US projection. The price of a fuel cell system is projected to be
35 USD/kW [26] 3 based on 2025 US projection. The price of a battery is projected to be 225 USD/kWh [27].

Figure 5 shows examples of the optimal EMSs obtained by the DP when the values of
the initial battery SOC are 0.4, 0.55, and 0.7 for the two driving cycles, NEDC and WLTC.
The top graphs represent the optimal modulation ratio of the fuel cell mfc*, i.e., the optimal
EMS for the two driving cycles. The second and third graphs represent the states of the
FCV with respect to the optimal EMS, i.e., the current of the fuel cell system and the battery
SOC. Affluent initial battery SOC provides sufficient power to drive a vehicle without
using the fuel cell system, and the fuel cell system is switched on when the battery SOC is
insufficient. Table 3 lists the trip costs compared to a simple control strategy of switching
on when the battery SOC drops to 0.4 and switching off when the battery SOC recharges
to 0.7. The DP-based EMS significantly reduces the trip costs compared with the simple
EMS, especially for the small initial battery SOC cases where many operations of the fuel
cell system are required.
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Table 3. Trip costs of the simple EMS and DP-based EMS.

Cycle
Name

SOCbatt,init
Simple EMS (1) DP-based EMS (2) (1)–(2)

JH2($) JFC($) Jbatt($) J($) JH2($) JFC($) Jbatt($) J($) J($)

NEDC
0.4 0.515 0.343 0.132 0.989 0.447 0.167 0.027 0.640 0.349

0.55 0.453 0.188 0.124 0.765 0.345 0.170 0.025 0.539 0.226

0.7 0.318 0.177 0.073 0.568 0.213 0.161 0.035 0.410 0.158

WLTC
0.4 0.857 0.372 0.165 1.394 0.629 0.169 0.037 0.836 0.558

0.55 0.647 0.354 0.175 1.176 0.518 0.170 0.033 0.720 0.456

0.7 0.617 0.202 0.117 0.937 0.383 0.162 0.044 0.589 0.347

The first step in designing an optimal energy management control strategy for an FCV
is to find the maximum optimal current of the fuel cell system, i.e., maximum ifc*, for all
optimal strategies in various initial battery SOCs. The maximum ifc* denotes the allowable
range for the optimal current of the fuel cell system. Figure 6a displays the maximum ifc*
with respect to the given power demand Pdemand and the optimal battery SOC SOCbatt* for
all optimal strategies when the initial battery SOC ranges from 0.3 to 0.8.
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Figure 6. Allowable current of the fuel cell system for an optimal energy management control strategy:
(a) Maximum ifc* with respect to the given Pdemand and the SOCbatt*(Blue color represents the NEDC
cycle and red color represents the WLTC cycle); (b) Allowable ifc*.



Energies 2022, 15, 2131 10 of 15

Figure 6b shows the fitted curve of the maximum ifc* with respect to the given Pdemand
and the SOCbatt*. The maximum ifc* tends to be proportional to Pdemand and inversely
proportional to SOCbatt* when SOCbatt* is under 0.65. On the other hand, when SOCbatt*
exceeds 0.65, the maximum ifc* is zero, which denotes that the fuel cell system is switched
off. Therefore, the overall allowable current of the fuel cell system to achieve the optimal
energy management control strategy is as follows:

i f c =


(aPdemand + 0.35b + c)2,

(aPdemand + bSOCbatt + c)2,
0,

SOCbatt < 0.35,
0.35 ≤ SOCbatt ≤ 0.65,

0.65 < SOCbatt

(16)

where a, b, and c are coefficients for the fitted curve.

3.3. Proposed Energy Management Control Strategy

An energy management control strategy should denote the modulation ratio of the
fuel cell system with respect to the battery SOC and the power demand. Figure 7 shows
the modulation ratio mfc* with respect to the given Pdemand and the SOCbatt*, calculated
using the allowable current of the fuel cell system ifc* and the fuel cell system dynamics (2).
The modulation ratio can be defined within the allowable battery SOC after the fuel cell
system is switched on, and its shape is proportional to SOCbatt* and inversely proportional
to Pdemand. The decreased modulation ratio denotes the active operation of the fuel cell
system. The fuel cell system is switched on when the battery SOC is under 0.65. Therefore,
the modulation ratio is approximated by the functional structure of Pdemand and the SOCbatt
as follows:

m f c∗ = α− β

(
Pdemand

Pdemand

)
− γ

(
1− SOCbatt

SOCbatt

)
, 0.3 ≤ SOCbatt ≤ 0.65, (17)

where Pdemand and SOCbatt represent the nominal power demand and battery SOC for
normalization, respectively. The coefficients α, β, and γ are defined as the optimized values,
0.7342, 0.3159, and 0.0559, using the particle swarm optimization (PSO) method optimizing
the parameters by sharing the optimized solutions of each particle [28].
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The proposed control strategy for an FCV involving both the fuel cell system on/off
timing and the modulation ratio of the turned-on fuel cell system follows four governing
rules based on the approximated modulation ratio function. First, the fuel cell system
switches on when battery SOC is under 0.65. When the battery SOC exceeds 0.65, the
modulation ratio is not defined, and the fuel cell system does not provide any current.
Second, the modulation ratio for a turned-on fuel cell system operates as a function of the
power demand and the battery SOC. The large power demand and the low battery SOC
encourages the operation of the fuel cell system. Third, the fuel cell system switches off
when the battery SOC recharges over 0.65. Lastly, the fuel cell system switches off for the
continuous negative Pdemand even after the modulation ratio becomes the standard value α.
Therefore, the proposed control strategy is as follows:

FC :


switching on, SOCbatt < 0.65 ,

m f c = α− β
(

Pdemand
Pdemand

)
− γ

(
1− SOCbatt

SOCbatt

)
, SOCbatt ≤ 0.65 ,

switching o f f SOCbatt > 0.65 + ε ,
switching o f f Pdemand < 0 and m f c = α ,

(18)

where ε is the allowable battery SOC to prevent switching chattering of the fuel cell system,
calculated as 0.03 using the PSO method. Figure 8 shows the designed energy management
control strategy.
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4. Validation
4.1. Performance Validation Compared to the DP

Figure 9 displays the results of the proposed EMS compared to the DP-based EMS
for the NEDC driving cycle, one of the driving cycles utilized when the proposed EMS
is generated. Results of the proposed EMS have different shapes to the DP-based results.
On the other hand, trip costs of the proposed EMS are similar to those of the DP, as listed
in Table 4. The DP-based EMS categorically reduces the trip cost the most, but requires
information of the entire driving cycle. However, the proposed EMS can save trip costs
without information of the entire driving cycle, which is more cost-effective than the simple
EMS and similar to the DP-based optimal EMS. In particular, the proposed EMS shows
good performance for the low initial battery SOC, which requires fast operation of the fuel
cell system.
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Table 4. Trip costs of the DP-based EMS and the proposed EMS.

Cycle
Name

SOCbatt,init
DP-Based EMS (2) Proposed EMS (3) (2)–(3)

JH2($) JFC($) Jbatt($) J($) JH2($) JFC($) Jbatt($) J($) J($)

NEDC
0.4 0.447 0.167 0.027 0.640 0.479 0.181 0.029 0.689 −0.049

0.55 0.345 0.170 0.025 0.539 0.414 0.183 0.022 0.618 −0.079

0.7 0.213 0.161 0.035 0.410 0.318 0.173 0.023 0.513 −0.103

WLTC
0.4 0.629 0.169 0.037 0.836 0.627 0.185 0.049 0.861 −0.025

0.55 0.518 0.170 0.033 0.720 0.543 0.186 0.041 0.770 −0.049

0.7 0.617 0.202 0.117 0.937 0.442 0.180 0.040 0.663 −0.074

4.2. Performance Validation for Other Driving Cycles

The proposed energy management control strategy using the optimal EMSs for NEDC
and WLTC driving cycles was applied to other test cycles to guarantee robustness. Figure 10
shows the real driving cycles for testing and the desired traction force for the two cycles.
The first test cycle represents mild city driving, and the second test cycle represents long-
term driving with a mix of freeway and city driving. Table 5 lists the trip costs compared to
the simple EMS-based strategy to switch the fuel cell system on and off at the battery SOC
boundary conditions.
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Table 5. Trip costs of the simple EMS and the proposed-based EMS for the test cycles.

Cycle
Name

SOCbatt,init
Simple EMS (1) Proposed EMS (3) (1)–(3)

JH2($) JFC($) Jbatt($) J($) JH2($) JFC($) Jbatt($) J($) J($)

Test
cycle 1

0.4 0.409 0.184 0.074 0.667 0.080 0.158 0.075 0.313 0.355

0.55 0.122 0.160 0.077 0.359 0.062 0.160 0.060 0.282 0.077

0.7 0 0 0.057 0.057 0.034 0.158 0.050 0.242 −0.184

Test
cycle 2

0.4 2.779 1.132 0.579 4.490 2.337 0.280 0.087 2.704 1.786

0.55 2.557 1.113 0.595 4.266 2.227 0.282 0.079 2.588 1.678

0.7 2.374 0.948 0.516 3.838 2.100 0.278 0.080 2.457 1.381

For short trips with an affluent initial battery SOC, the simple EMS may save trip costs
over the proposed method, as the battery is sufficient to drive the vehicle, and the fuel cell
system does not need to be turned on, e.g., test cycle 1 with 0.7 SOCbatt,init in Table 5. This
result is natural as the vehicle uses only affordable electricity within the range where the
battery life does not change dramatically without using the expensive hydrogen. However,
all cases requiring the operation of the fuel cell system for recharging the battery or driving
the vehicle show that the proposed EMS reduces trip costs over the simple EMS. The
cost-effectiveness of the proposed EMS becomes pronounced with longer driving cycles,
i.e., increased fuel cell operation due to increased battery consumption.

Table 6 shows the trip costs, the number of switching on of the fuel cell system Nswitch,
and the operating time of the fuel cell system tfc for a driving cycle of about 10 days (888,
256 s) when the initial battery SOC SOCbatt,init is 0.55. The maximum speed and power
demand of the test cycle are 105.87 km/h and 31.73 kW, and the mean speed and power
demand of the test cycle are 45 km/h and 7.87 kW, respectively. The long-term driving cycle
accelerates obsolescence of the fuel cell system and battery, increasing trip costs related
to the lifetimes of both systems significantly. Nevertheless, the proposed EMS can save
two opposite trip costs related to the lifetimes of the fuel cell system and battery at the
expense of a few hydrogen costs by reducing the switching on/off frequency of the fuel
cell system and regulating the battery SOC. Therefore, the proposed EMS can be applied as
a real-time control algorithm to save FCV trip costs associated with hydrogen consumption
and obsolescence of both the fuel cell system and battery.

Table 6. Trip costs of the simple EMS and the proposed-based EMS for a 10-day driving cycle.

EMS Types JH2($) JFC($) Jbatt($) J($) Nswitch tfc(%)

Simple 345.17 115.05 64.69 524.92 641 49.36

Proposed 354.30 16.61 28.82 399.73 1 99.98

5. Conclusions

This paper proposes an energy management control strategy to reduce trip costs of
a fuel cell vehicle driving with two power sources: a fuel cell system and a battery. The
trip cost involves the hydrogen consumption and lifetime of the two power sources. The
design process of the energy management control strategy has three steps. First, the optimal
energy management strategy is extracted through use of dynamic programming. Second,
the allowable current of the fuel cell system is analyzed from the optimal strategies among
various battery SOC conditions. Lastly, a strategy of both the fuel cell system on/off cycle
and the modulation ratio of the turned-on fuel cell system is derived from the allowable
current of the fuel cell system and fuel cell vehicle dynamics using the PSO algorithm. The
proposed energy management control strategy was designed from the optimal strategies
for two driving cycles and validated using two other cycles. The proposed control strategy
reduces hydrogen usage while minimizing the aging of the fuel cell system and battery,
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similar to the optimal strategy, but without requiring prior knowledge of future driving
profiles yet remaining more cost-effective than the simple strategy of switching a fuel cell
system on/off at the boundary conditions of the battery SOC.

However, the designed strategy bears three main limitations. First, the battery regen-
eration model was simplified. Second, the battery and the fuel cell system were simplified
without reflecting obsolescence with respect to various disturbances, such as temperature.
Last, the proposed control strategy was only taken into account for two driving cycles.
In other words, the proposed control strategy may be inappropriate for other types of
driving cycles where large amounts of battery regeneration may occur or obsolescence of
the battery and the fuel cell system have progressed due to various disturbances. Therefore,
future research intends to design a more robust energy management control strategy by
strengthening the battery regeneration model and analyzing it at various cycles over a
long-term period.
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