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Abstract

The increasing depletion of fossil fuels and their environmental impact have led to the de-
velopment of fuel cell hybrid electric vehicles. By combining fuel cells with batteries, these
vehicles offer greater efficiency and zero emissions. However, their energy management
remains a challenge requiring advanced strategies. This paper presents a comparative study
of two developed energy management strategies: a deterministic rule-based approach and
a fuzzy logic approach. The proposed system consists of a proton exchange membrane
fuel cell (PEMFC) as the primary energy source and a lithium-ion battery as the secondary
source. A comprehensive model of the hybrid powertrain is developed to evaluate energy
distribution and system behaviour. The control system includes a model predictive control
(MPC) method for fuel cell current regulation and a PI controller to maintain DC bus
voltage stability. The proposed strategies are evaluated under standard driving cycles
(UDDS and NEDC) using a simulation in MATLAB/Simulink. Key performance indicators
such as fuel efficiency, hydrogen consumption, battery state-of-charge, and voltage stability
are examined to assess the effectiveness of each approach. Simulation results demonstrate
that the deterministic strategy offers a structured and computationally efficient solution,
while the fuzzy logic approach provides greater adaptability to dynamic driving conditions,
leading to improved overall energy efficiency. These findings highlight the critical role of
advanced control strategies in improving FCHEV performance and offer valuable insights
for future developments in hybrid-vehicle energy management.

Keywords: fuel cell; battery; model predictive control; energy management strategy;
deterministic rules; fuzzy logic

1. Introduction

The environmental consequences of fossil fuel consumption, particularly its contribu-
tion to global warming and air pollution, have become a major global concern. Fossil fuels
have historically played a central role in powering industry and transport, but they are now
widely recognised as a primary source of greenhouse gas (GHG) emissions. The transport
sector alone contributes around 16.2% of total global GHG emissions, with road transport

https:/ /doi.org/10.3390/ wevjl160804:44
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battery state of charge at 60% and manage the battery and fuel cell currents. Du et al. [10]
combine rule-based and dynamic programming to reduce hydrogen consumption and
extend battery life. A rule-based approach optimised by genetic algorithm is proposed
in [11] that balances several objectives but lacks online recognition of driving cycles. Wang
et al. [12] use a Bayes Monte Carlo technique to improve fuel economy and component
lifetime. Yang Li et al. [13] integrate Q-learning and deterministic rules to reduce current
fluctuations, but the intensive training and model dependence make real-time applications
difficult. The second is fuzzy rule-based strategy, which uses fuzzy logic to manage
uncertainties and imprecise information [14]. In [15], an approach using fuzzy logic aims to
keep the fuel cell in a high-efficiency zone while responding to fast demands. Luciani and
Tonoli [16] compare several control strategies, highlighting fuzzy logic, which improves
fuel cell efficiency by up to 33% for low-load cycles. In [17], a type-2 fuzzy strategy is
used for a hybrid system integrating fuel cell, battery, and supercapacitor. This method
improves stability and efficiency through robust control. Zhang et al. [18] integrate driving
mode recognition via a neural network with fuzzy adaptive control, optimizing energy
distribution in real time. In [19], a strategy combining fuzzy logic, flatness theory, and
rule-based algorithms improves energy distribution and stabilizes output voltage. In [20],
Ahmadi et al. propose an optimised management approach integrating fuzzy logic and
genetic algorithms, balancing fuel economy and performance. The third is the strategy
based on frequency separation, which is particularly well suited to FCHEVs due to the
fuel cell’s low dynamic response characteristics [21]. These strategies separate the power
demand into high-frequency and low-frequency components. High-frequency components,
corresponding to rapid variations in power demand, are managed by the battery, while
low-frequency components, corresponding to steady-state or slow variations, are managed
by the fuel cell [22-27].

Optimisation-based strategies, using mathematical models, are being developed to
manage the energy of hybrid vehicles by balancing the distribution of power between
fuel cells and batteries [28]. These strategies aim to improve performance in terms of fuel
economy, sustainability of energy sources, emissions reduction, and vehicle efficiency [29].
Energy management is based on a cost function that integrates these objectives, and the
optimisation process can be achieved via two methods: global (offline) or local (online)
optimisation. Global optimisation strategies play a crucial role in hybrid vehicle energy
management, despite their high computational demands and dependence on prior knowl-
edge of the driving cycle [30]. These strategies aim to identify optimal solutions in the
entire search space, minimising or maximising a cost function while respecting predefined
constraints. Although they are difficult to implement directly in real scenarios, they serve
as a valuable reference for evaluating other control approaches [31]. In addition, global
optimisation techniques help refine rule-based strategies and optimise the sizing of vehicle
components, thus contributing to advances in the theoretical and practical design of en-
ergy management systems [32-34]. Local oplimisation strategies, designed for real-time
energy management, replace global optimisation with instantaneous decisions, reducing
the computational load and enabling rapid adaptation to the dynamic requirements of
hybrid vehicles [35]. Among the key approaches, the Equivalent Consumption Minimiza-
tion Strategy (ECMS) optimises global consumption by translating electrical energy into
fuel equivalent [36]. The Pontryagin Minimum Principle (PMP) solves the Hamiltonian
function to minimise instantaneous costs while managing the non-linearities of hybrid
systems [37]. Model predictive control (MPC), although more computationally demanding,
anticipates future states and adjusts power distribution to optimise energy utilization under
complex conditions [38,39].
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independent control of the DC bus voltage, better protection of the energy sources, and
efficient regulation of the energy flow. It ensures optimum energy management and system
performance by taking advantage of the complementary strengths of each energy source
under varying driving conditions,

DC Bus

AC Motor

—_——

Fuel Cell Boost Converter

DC/AC Converter

Battery Buck-Boost
Converter

Figure 1. Fuel cell-battery hybrid electric vehicle topology.

2.2. Vehicle Model

All the forces acting on a moving vehicle are illustrated in Figure 2. Vehicle dynamics
takes into account the specific characteristics and coefficients of the vehicle under study,
as well as the required dynamic performance. Based on Newton's second law and as shown
in Figure 2, vehicle motion can be expressed mathematically by Equation (1):

dv

) - ) - ,) —d
MUF:R;+E}'#+‘ F:'f‘ Ff+ P:’ (1)

The principal forces acting on the vehicle are:

— 1 .

Eyir = "'iPairVZACxx (2)
F, = —PCycos(a)¥ 3)
P = — Mygsin(a)¥ ()

where

>

e [, is the aerodynamic force, which is the air resistance in the direction of the
ve;hicle’s motion;

e F is the rolling resistance force between the wheels and the ground;

e Pisthe gravitational force of the vehicle;
° M, is the total mass of the vehicle;
e Ry isthe rolling resistance force vector due to lire-road interaction;
« [ is the mechanical tensile force.
The mechanical tensile force F; is expressed by Equation (5):

. fo 1 . ;
F = M.c,tf—l: + iperZAC.\- F Mygsina + MygC, cosa (5)
[



World Electr. Veh. J. 2025, 16, 444

7 of 25

Figure 3. Model of the fuel cell.

2.4. Battery Model

Battery modelling forms the basis of battery design and control. A large number
of battery models have been developed in the literature. These models can generally be
classified into electrochemical models or equivalent electrical circuit models.

The equivalent electrical circuit model of the battery used in this study is shown
in Figure 4 [49].

Internal resistance  ipq¢

Controlled
voltage
source

ll"]a?

Figure 4. Model of the battery.

Figure 4 shows the battery model with a controlled voltage source in series with
an internal resistor. The model is used to calculate the battery’s output voltage (Viai),
which varies according to the battery’s charging or discharging mode. During discharge,
the output voltage is calculated by Equation (10). During charging, however, the output
voltage is determined by Equation (11).

Discharge mode:

Vdischarge = EU —Ri — K-Q"'i% i : (lt + 1‘) + Ae Bit (10)
Charge mode:
: Q s ‘ Bit
1% =5 B = e _Q it + Ae Bl
charge = Eg — Ri Kit 010 i KQ 2 it + Ae (11)

The estimated state of charge (SOCp,;) of the battery is calculated by Equation (12}

() dt
SOCpae = 100 (1 i-f-(QL) (12)
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An additional cost function, presented in Equation (19), is introduced to reduce the
switching frequency.
gow(k +1) = Afutggeryy — ) (19)

where (A = 0.1) is an adjustable weighting factor.
The total cost function combining these two objectives is expressed by Equation (20):

gl +1) = gilk+1) + gsw(k +1) (20)

The MPC selects the optimal control 1 (k) presented by Equation (21), by minimising
the cost function among the possible switching states.

u* (k) = argn}}(r)\ gi{k+1) (21)

3. Energy Management System

Hybridization of fuel cell electric vehicles with batteries offers a promising solution for
improving overall system efficiency and extending the lifespan of energy sources. However,
this potential can only be fully exploited by implementing an appropriate energy man-
agement strategy that optimally distributes power between the sources to ensure energy
efficiency and performance. In this context, two critical degradation factors are specifically
considered in this study: the frequent and rapid variation in the fuel cell’s reference power,
and its operation outside the optimum efficiency range. These conditions impose dynamic
stress on the membrane—electrode assembly and accelerate ageing by increasing irreversible
losses, highlighting the crucial role of power management in protecting the longevity of
fuel cells.

Two approaches for energy management in hybrid fuel cell vehicles are then developed
and compared: a deterministic rule-based and a fuzzy logic-based strategy.

3.1. Deterministic Energy Management Strategy

The principle of deterministic rule-based energy management strategies for fuel cell
and battery electric vehicles is based on the use of predefined “if-then” rules to manage
energy distribution between the fuel cell, battery, and electric motor. These rules are
established on the basis of prior knowledge of the system and technical experience, to ensure
reliable operation under various driving conditions. The strategy consists in determining
the energy source according to certain predefined conditions, such as battery state of charge,
power demand, and vehicle speed.

An energy management strategy (EMS) was developed, combining two deterministic
rule-based approaches—power tracking and optimal efficiency region—with critical state-
of-charge (SOC) management. This integration guaranteed operational efficiency, power
balance, and optimal battery condition.

The power tracking method aims to effectively balance the power distribution be-
tween the fuel cell and the battery to meet the vehicle’s energy demand Pye,. When
Paerm > 0, the system evaluates the battery’s state of charge (SOC) against defined thresh-
olds and adjusts the fuel cell’s power, taking into account its minimum and maximum limits.
In the event of regenerative braking, the energy recovered is stored in the battery. This
mechanism guarantees optimum energy distribution, keeps the SOC within an ideal range,
and preserves the battery’s health. The fundamental formula for this method is defined
by Equation (22):

Paern = Pic + Poat (22)
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3.2. Fuzzy Logic Enerqy Management Strategy

A fuzzy logic rule-based energy management strategy for a fuel cell hybrid electric
vehicle exploits the strengths of fuzzy logic to effectively manage the uncertainties and
non-linearities inherent in the system. Contrary to traditional deterministic rule-based
approaches that follow fixed if-then instructions, fuzzy logic uses a more flexible and
adaptive control strategy. This flexibility is achieved through the use of fuzzy sets and
membership functions, which allow the system to manage different degrees of truth and
integrate a wider range of input conditions.

In a fuel cell-battery electric vehicle, power demand and battery state of charge can
fluctuate considerably depending on driving conditions, load requirements, and other
dynamic factors. Fuzzy logic is excellent in this context, as it enables smooth transitions
between different energy sources (fuel cell and battery) and nuanced control of energy
distribution. This ability to adapt is essential for optimizing vehicle performance, as it
ensures that the powertrain operates efficiently under diverse and changing conditions.

The fuzzy controller shown in Figure 8 was employed. That controller uses two inputs:
the power demand and the battery state of charge. The output of the fuzzy controller is the
fuel cell’s reference power, which determines the power to be delivered by the fuel cell at
any given time to optimise system performance and efficiency.

FLC Al i

Pdem

Figure 8. Fuzzy controller structure used in energy management.

The fuzzy logic rules were designed using the same methodology as that applied to
the deterministic rule-based strategy. That approach was based on expert knowledge and
analysis of system behaviour, incorporating criteria such as fuel cell efficiency zones, battery
state-of-charge limits, and energy demand characteristics. Both strategies used predefined
thresholds derived from the power tracking and the optimal efficiency region approach
to ensure that the fuel cell operated within its ideal dynamic range while preserving the
state of health of the battery. This ensured consistency between the two EMS designs and
enabled a close comparison of performance.

Figure 9 shows the membership functions of the input variable “power demand”.
The power demand on a vehicle’s motor can vary considerably depending on driving
conditions. To manage this variability, power demand was divided into different linguistic
categories covering all possible cases.

Figure 10 illustrates the membership functions of the input variable “Baltery state of
charge”. The battery’s state of charge is another essential indicator of the battery’s current
state of charge.

Figure 11 presents the membership functions of the output variable “Fuel cell reference
power”. Fuel cell power output was determined to ensure optimum performance and
efficiency. The membership functions associated with the fuel cell’s reference power were

defined according to the optimal efficiency region.
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Table 2. Fuzzy logic controller rules.
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4. Simulation Results and Discussion

The simulation model for the energy management system of a fuel cell-battery hybrid
vehicle, developed in MATLAB Simulink R2016a, is presented in Figure 12. It is based on a
three-layer architecture, enabling in-depth analysis and optimisation of energy management
strategies. The first layer, dedicated to the energy management system (EMS), uses two
algorithms, the first based on deterministic rules and the second based on fuzzy rules.
A look-up table converts this power into a reference current, serving as input to the
second layer. The second layer generates PWM signals to control the converters via model
predictive control (MPC) and a PI controller, guaranteeing a stable voltage of 500 V on the
DC bus and efficient energy conversion. The third layer, called the powertrain, integrates
the energy sources, converters, and motor, converting electrical energy into mechanical
energy to propel the vehicle. This model was tested with two standard driving cycles,
the NEDC and the UDDS, offering a variety of scenarios for evaluating the performance and
efficiency of the energy management strategy under dynamic and stable load conditions.

e

=i}

DC/AC
Converter

Fossed omld "-'—i
b - . lll‘

Figure 12. Overall simulation structure.

Figures 13 and 14 present vehicle speeds for the UDDS and NEDC driving
cycles, respectively.

In both cases, the vehicle speed closely followed the reference speed with minimal error,
demonstrating the high performance of the system. The figures also highlight three zones:
71, 72, and Z3. Each zone illustrates a crucial aspect of vehicle control, from achieving
maximum speed to precise response under hard deceleration, as well as smooth manage-
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system’s ability to manage energy distribution in real time and optimise consumption in a

variety of driving scenarios.
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Figure 15. DC bus voltage evolution for the UDDS drive cycle.
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Figure 16. DC bus voltage evolution for the NEDC drive cycle.

Figures 19 and 20 illustrate the power evolution of the fuel cell, battery and electric
motor using a fuzzy logic-based energy management strategy, applied to the UDDS and
NEDC cycles. In contrast to deterministic strategies, this approach ensured smoother
power variations, enhancing the system’s adaptability. The fuel cell adjusted its power
smoothly, while the battery compensated acceleration and recovered energy from braking,
Zoomed-in areas highlight critical transitions, showing how fuzzy logic optimised energy
distribution. These results confirm improved flexibility and energy performance in different
driving scenarios.

Figures 21 and 22 show the evolution of the battery’s state of charge (SOC) during
the UDDS and NEDC driving cycles, respectively. In both figures, the state of charge
remains within the predefined range of 40% to 80%, fluctuating around an average state of
charge (60%), demonstrating the effectiveness of the energy management strategy in
maintaining the state of charge within a safe and efficient operating range. The difference in
state of charge between the initial and final state of charge was +3% for the UDDS cycle and

4% for the NEDC cycle. These results demonstrate the ability of the energy management
system to adapt to different driving conditions, while maintaining the battery’s SOC within

the desired range.
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Figure 20. Power evolution of fuel cell, battery, and power demand during the NEDC driving cycle
(fuzzy logic).
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Figure 21. Evolution of the battery’s state of charge during the UDDS driving cycle (determinis-
tic rules).
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Figure 22. Evolution of the battery’s state of charge during the NEDC driving cycle (determinis-
tic rules).

Figures 23 and 24 illustrate the evolution of the battery state of charge during
the UDDS and NEDC driving cycles using a fuzzy logic-based energy management
strategy. The state of charge in both cases remained within the predefined range of
40% to 80%, fluctuating around an average value of 60%. This demonstrates the effec-
tiveness of the system in adaptively regulating the state of charge, guaranteeing safe and
optimal vehicle operation. The variation in state of charge between the start and end of
cycles was —0.5% for the UDDS cycle and 1% for the NEDC cycle. These results clearly
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tively adjusts its energy behavior according to the initial SOC and systematically achieves
the targeted SOC of 60% at the end of the cycles, whatever the initial value.

90 T ]

T T T T T
r_soc,m 160% —SOC, :40% —S0C, :50% —S0C, :70%

30 A
20 1 1 | | 1 1
0 200 400 600 800 1000 1200 1400
Time (s)

Figure 25. SOC evolution during the UDDS driving cycle with different initial values (determinis-
tic rules).

90 T T T T T

—S0C. :70% —SOC._:60% —S0C. :50% —SOC. :40%
80 - in in in n |

1 1 ] 1

0 200 400 600 800 1000 1200
Time (s)

Figure 26. SOC evolution during the NEDC driving cycle with different initial values (determinis-
tic rules).
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Figure 27. SOC evolution during the UDDS driving cycle with different initial values (fuzzy logic).

Simulations showed that fuzzy logic-based energy management effectively regulated
the SOC to 60% at the end of the UDDS cycle when the initial SOC was 40%, 50%, or
60%. THowever, a small deviation (final SOC of 64%) was observed for an initial 5OC
of 70%, indicating the need for improvements to better manage high levels under dy-
namic urban conditions. In the NEDC cycle, on the other hand, the SOC systematically
reached 60%, whatever its initial level, confirming the system’s effectiveness in more stable

driving conditions.
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hydrogen consumption. In comparison, the deterministic rule-based (DR) strategy of-
fered acceptable performance but remained less flexible, with more marked power peaks,
impacting load management and hydrogen consumption.

3 aur! 'Z;
il

U = 1 Gt

| a0t e U3 20 85 3% i
- P —Fres Pre-or ’
o ALS 42,_& ) J/ —r
$ » L R & 1
z Lo o b A A d A e "
& z

05 2 Z, ¥

-«
0 200 400 00 800 00K} | 200

Time (s}

Figure 30. Fuel cell reference power for the NEDC driving cycle (FL and DR comparison).

Table 3 presents an overall comparison of the performance of the two energy manage-
ment strategies, FL and DR, for both the UDDS and NEDC driving cycles in terms of key
criteria such as initial and final SOC, hydrogen consumption, quality of power transitions,
and system reactivity.

Table 3. Performance comparison of FL and DR energy management strategies for UDDS and NEDC
driving cycles.

Strategy Cycle

Speed (km/h)  Dyn. FC SOCuin  SOCmoy  SOCpax  SOCfinam  Hz (g) Rob.

Ref. Yes 40 60 80 60 Min Yes
DR UDDS 0-91.2 No 54.44 59.32 62.4 62.36 62.49 No
NEDC  0-120 No 49.26 59.21 62.77 56.25 61.30 No
FL UDDS 0-91.2 Moderate 54,12 58.24 61.18 60.24 57.65 Yes
NEDC  0-120 Moderate 51.95 5779 60.18 59.10 68.42 Yes

The strategy based on fuzzy logic (FL) was more respectful of fuel cell dynamics,
offering progressive power adjustments, while the strategy based on deterministic rules
(DR) was more rigid and led to sudden variations that put more stress on components.

In regard to battery state-of-charge management, the FL strategy approached the
60% target at the end of cycles, with final state-of-charge values of 60.24% for the UDDS
and 59.10% for the NEDC, thus extending battery lifetime. In comparison, the DR strategy
showed a lower final state of charge in the NEDC cycle, at 56.25%, indicating that the
battery had compensated for some of the energy required, thus reducing apparent hydrogen
consumption. The target of 60% state of charge was chosen as a compromise between
energy availability and preserving the health of the battery. Operating the battery within
an intermediate SOC window helps to minimise degradation mechanisms such as lithium
plating and electrolyte decomposition, which are more pronounced at the high and low
SOC extremes. Maintaining the state of charge around that level reduces stress on the
battery and extends its life, helping to improve SOH over a long period of use. This choice
is aligned with industry practice for improving battery durability in hybrid systems.
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vehicles. Furthermore, the integration of artificial intelligence techniques—in particular
reinforcement learning—offers a promising route for the development of adaptive energy
management strategies.
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Abbreviations

The following abbreviations are used in this manuscript:

BAT Battery

DC Direct Current

DR Deterministic Rule-based Strategy
EMS Energy Management Strategy

FC Fuel Cell

FCHEV  Fuel Cell Hybrid Electric Vehicle
FL Fuzzy Logic Strategy

MPC Model Predictive Control

NEDC  New European Driving Cycle

PEMFC  Proton Exchange Membrane Fuel Cell
PI Proportional-Integral (Controller)
PMP Pontryagin Minimum Principle

SOC State of Charge

UDDS  Urban Dynamometer Driving Schedule
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