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Abstract

Energy management strategies (EMSs) play a critical role in improving both the efficiency
and durability of fuel cell electric vehicles (FCEVs). To overcome the limited adaptability
and insufficient durability consideration of existing deep reinforcement learning-based
EMSs, this study develops a degradation-aware energy management strategy based on the
Soft Actor—Critic (SAC) algorithm. By leveraging SAC’s maximum-entropy framework, the
proposed method enhances exploration efficiency and avoids premature convergence to
operating patterns that are unfavorable to fuel cell durability. A reward function explicitly
penalizing hydrogen consumption, power fluctuation, and degradation-related operating
behaviors is designed, and the influences of reward weighting and key hyperparameters on
learning stability and performance are systematically analyzed. The proposed SAC-based
EMS is evaluated against Deep Q-Network (DQN) and Proximal Policy Optimization
(PPO) strategies under both training and unseen driving cycles. Simulation results demon-
strate that SAC achieves a superior and robust trade-off between hydrogen economy and
degradation mitigation, maintaining improved adaptability and durability under varying
operating conditions. These findings indicate that integrating degradation awareness with
entropy-regularized reinforcement learning provides an effective framework for practical
EMS design in FCEVs.

Keywords: fuel cell hybrid electric vehicle; fuel cell health; energy management; SAC
reinforcement learning

1. Introduction

With the intensifying global energy crisis and environmental challenges, issues such
as global warming, air pollution, and energy depletion have become increasingly severe,
compelling society to pursue sustainable and clean energy alternatives [1]. In this context,
Fuel Cell Electric Vehicles (FCEVs) have emerged as a promising pathway toward low-
carbon transportation due to their zero-emission characteristics, high energy conversion
efficiency, and renewable potential [2]. However, their practical implementation still
faces several engineering challenges, including the relatively slow dynamic response of
fuel cells [3], degradation under frequent load fluctuations, and limitations in on-board
hydrogen storage efficiency [4]. Consequently, integrating fuel cells with auxiliary energy
sources such as lithium-ion batteries or supercapacitors to form hybrid architectures has
become a mainstream strategy to enhance power performance and system reliability in
FCEVs [5].
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The architecture of FCEVs merely lays the foundation for addressing the aforemen-
tioned issues. The essential challenge lies in how to dynamically coordinate the power
distribution among multiple energy sources—meeting the vehicle’s power demands while
simultaneously optimizing hydrogen consumption and extending the lifespan of key com-
ponents. This has become a critical barrier to the large-scale commercialization of FCEVs [6].
To overcome this challenge, numerous institutions and research teams have conducted ex-
tensive studies on Energy Management Strategies (EMSs), which can be broadly classified
into three categories: rule-based, optimization-based, and learning-based approaches [7].

Conventional energy management strategies are generally classified into rule-based
and optimization-based methods [8]. Rule-based approaches, including fuzzy logic con-
trol [9] and deterministic logic schemes such as power-following strategies [10], rely on
predefined “if-then” rules derived from prior knowledge and engineering experience.
They provide strong real-time performance due to their simplicity but depend heavily
on expert-defined logic, leading to limited adaptability under complex driving condi-
tions and potential fuel cell load fluctuations that accelerate system degradation [11,12].
Optimization-based methods encompass global optimization techniques such as Dynamic
Programming (DP) [13] and Pontryagin’s Minimum Principle (PMP) [14], as well as instan-
taneous optimization strategies like EMCS [15] and Model Predictive Control (MPC) [16].
These methods formulate energy management as a constrained optimization problem
by constructing accurate system models and defining appropriate cost functions. While
global optimization can yield theoretically optimal solutions, its reliance on complete
prior driving-cycle information and high computational burden restricts its feasibility for
real-time application [17].

Reinforcement learning (RL) provides a model-free framework well suited to the com-
plex, nonlinear, uncertain, and multi-objective characteristics of fuel cell hybrid systems and
is commonly classified into value-based, policy-based, and actor—critic methods [18]. Value-
based approaches, such as Q-learning and Deep Q-Networks (DQN), effectively address
discrete decision-making and high-dimensional state spaces. Wang et al. [19] proposed an
improved DQN-based energy management strategy that incorporates a data-driven battery
lifetime map to characterize nonlinear aging and employs a parameterized DON to handle
hybrid discrete—continuous actions, achieving 99.5% of dynamic programming optimality
and reducing operating costs by 3.1% under unknown conditions, while Wang et al. [20]
further enhanced stability and convergence speed through a Dueling DQN architecture.
Policy-based methods, including Proximal Policy Optimization (PPO) [21], directly opti-
mize policy parameters using clipped surrogate objectives to improve training stability;
Li et al. [22] integrated PPO with dynamic programming prior knowledge and parallel
computation, resulting in improved convergence speed, hydrogen consumption, and fuel
cell degradation compared with DQN- and DDPG-based EMS, and Lv et al. [23] developed
an improved PPO-based hierarchical energy management strategy with adaptive driving
modes and offline-optimized battery SOC references, achieving a 3.11% improvement in
economic performance. Actor—critic methods combine value estimation and policy learning
to balance exploration and exploitation; Deep Deterministic Policy Gradient (DDPG) im-
proves stability in continuous control via target networks and delayed updates [24], while
Soft Actor—Critic (SAC) further enhances exploration efficiency through maximum entropy
learning [25]. Lu et al. [26] proposed an improved DDPG-based strategy incorporating
adaptive fuzzy filtering for frequency-decoupled power allocation and battery degradation
modeling, achieving a 2.02% increase in average fuel cell efficiency and a 14.4% reduction
in battery performance degradation compared with conventional DDPG.

Despite these advances, significant gaps remain in comparative analyses of RL-based
EMS. Few studies systematically compare RL algorithms across different architectures and
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investigate the impact of hyperparameters and reward weights on system performance.
Wang et al. [27] designed and compared four types of EMS while considering parameter
effects on optimization performance, but their work focused on gasoline-electric hybrid
systems. Xu et al. [28] designed and compared three types of RL-based EMS algorithms but
did not discuss the effects of algorithm parameters and reward functions on optimization
performance. Therefore, comprehensive research on the impacts of algorithm parameters,
reward design, and hyperparameter tuning is crucial. Such studies not only deepen our
understanding of RL’s potential in the EMS domain but also provide practical guidance for
optimizing reward shaping, algorithm selection, and parameter tuning. This work holds
both theoretical and practical significance, particularly in optimizing RL-based EMS under
complex real-world driving conditions. It will advance the efficiency, reliability, and service
life of fuel cell hybrid vehicles.

To address the aforementioned challenges, this study first establishes a dynamic sim-
ulation model of a fuel cell hybrid electric vehicle (FCHEV). Building on this model, a
degradation-aware energy management strategy based on the Soft Actor—Critic (SAC)
algorithm is developed. By exploiting SAC’s entropy-regularized learning mechanism, the
proposed strategy explicitly balances hydrogen economy, power smoothness, and fuel cell
degradation during long-term operation. The influences of key algorithmic hyperparame-
ters and reward-weight configurations on training stability and control performance are
systematically investigated. Furthermore, the proposed method is benchmarked against
power-following, DQN-based, and PPO-based strategies in terms of tuning complexity,
training efficiency, performance under training conditions, and generalization capability
under unseen driving cycles. Through these analyses, this work provides a comprehensive
assessment of the suitability of different reinforcement learning paradigms for energy
management in fuel cell hybrid vehicles. In summary, the main contributions of this work
are as follows:

1. A degradation-aware SAC-based energy management strategy is proposed, in which
fuel cell durability and hydrogen economy are jointly incorporated into the re-
ward function. Leveraging SAC’s maximum-entropy formulation, the strategy pro-
motes operation within high-efficiency regions while mitigating degradation-inducing
power fluctuations.

2. A systematic sensitivity analysis of SAC hyperparameters and reward design is
conducted, revealing their respective roles in convergence behavior, training stability,
and energy management performance. The results provide practical guidelines for
hyperparameter tuning and reward shaping in RL-based EMS design.

3. A comprehensive comparative evaluation of power-following and RL-based EMSs
(SAC, DQN, and PPO) is performed with respect to durability, economic performance,
adaptability to unseen driving cycles, tuning complexity, and training efficiency. The
comparative results clarify the strengths, limitations, and applicable scenarios of
different RL algorithm categories for fuel cell hybrid vehicle energy management.

The remainder of this paper is organized as follows: Section 2 presents the powertrain
architecture of the fuel cell hybrid vehicle and the modeling of its key components. Section 3
introduces the proposed SAC-based energy management strategy that considers fuel
cell degradation and investigates the effects of hyperparameters and reward function
weightings on convergence behavior and learning performance. Section 4 compares the
training outcomes and optimization performance of the three different algorithms. Finally,
Section 5 summarizes and discusses the entire study and presents concluding remarks.
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2. Vehicle Model and Architecture

Based on the electric—electric-hybrid powertrain architecture, a multi-energy system
model is established, consisting of a Fuel Cell (FC), a Lithium Battery (LB), a DC/DC
converter, and a traction load, as illustrated in Figure 1. In this configuration, the fuel cell is
connected to the DC bus via a unidirectional DC/DC converter, while the lithium battery is
directly coupled to the bus, jointly supplying the power demanded by the drive motor [29].
In the proposed system, the lithium battery is passively connected to the DC bus without
a bidirectional DC-DC converter and therefore is not actively controlled. Its charging
and discharging behavior is determined by the DC bus voltage, the battery open-circuit
voltage, and internal resistance, allowing it to act as a passive energy buffer for transient
power compensation. The DC bus voltage is regulated by the fuel cell DC-DC converter
operating in voltage control mode, while the lithium battery indirectly contributes to
voltage stabilization by smoothing power fluctuations. The modeling process primarily
involves the following key components:

) | - ; Final
@ 5 R .
: <emeeef NP & . Drivel
& DC/AC Electric

Converter Motor

Fuel Cell DC/DC
Converter

Mechanical power flow

LEL R L) Electrical power flow

Figure 1. Power System Architecture Diagram.

2.1. Vehicle Dynamics Model

In the vehicle dynamics model, all power sources are integrated and transformed
into the vehicle’s motion. As shown in Equation (1), the required driving force Freq of
the vehicle is provided by the electric motor, while the corresponding resistive forces
include the acceleration resistance F,, rolling resistance F,, road gradient resistance F;, and
aerodynamic drag Fy. The total driving resistance Fy represents the combined effect of
rolling resistance F, and aerodynamic drag F, [30]. The relationship can be expressed

as follows:

Preq = U'Freq

Freq :Fa+Fr+Fi+Fw

F,=m-a

F = umgcos 6

F, =mgsin 6 1)
2

Fw = chdm

Ff - Fu+Fr

Ff = A+ Bu+ Co?

where p denotes the rolling resistance coefficient, v represents the vehicle speed, A is
the frontal area of the vehicle, C; is the aerodynamic drag coefficient, § denotes the road
gradient, and g is the gravitational acceleration, taken as 9.8 m/s?.

The actual motor power, rotational speed, torque, and the resulting electrical power
can be expressed as follows:

T
Ty = - 2
" e 2)
Ny = Nyl (3)
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p, = 9550T @
NmMm
where T, denotes the motor torque, and Ty, represents the wheel torque. #, and ny
indicate the rotational speeds of the motor and the wheels, respectively. iy, is the main
transmission ratio, 77, represents the transmission efficiency, and #,; denotes the motor
efficiency. The vehicle parameters and motor efficiency map are presented in Table 1 and
Figure 2, respectively.

Table 1. Vehicle parameters.

System Item Value & Unit
Vehicle mass 1, 2334 kg
Drag coefficient A A¢ 1039 N
Drag coefficient B Cy 2.1515 Nh/km
. . 2 2
Vehicle Prag Coeff1c1'ent C p ‘ 0.0234 Nh“/km
Main transmission ratio iy 12.29
Transmission efficiency #; 0.92
Tire rolling radius r¢ 342 mm
Shaft moment of inertia J; 2.5 kgm?
1 Battery capacity Q, 50 Ah
Lithium battery Operating voltage U, 390V
Maximum power Py 200 kW
Motor Maximum speed wyax 16,000 rpm
Maximum torque Tjax 311 Nm

Efficiency(%)

— _w 96.60
90.36
84.12
77.88
71.64
65.40
59.16
52.92
46.68
40.44
34.20

—

(0/g)Rouaronyal

Figure 2. Motor efficiency map.

2.2. Fuel Cell System Model

A fuel cell stack consists of multiple single cells, whose output characteristics are
described by an electrochemical polarization model. The output voltage Uy, of each cell is
determined by the Nernst potential together with the activation, ohmic, and concentration
overpotentials [31].

Ufc = Enernst - Vact - Vohm - Vconc (5)

where Ej¢rnst denotes the reversible potential, whereas Vier, Vi, and Viope represent the
activation, ohmic, and concentration losses, respectively.

AG AS(T—T,s) RT(InPy, +0.5P,
Enernst = ﬁ - °F ref + ( ;F 2) (6)
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where AG is the Gibbs free energy, F is the Faraday constant, AS is the entropy change in the
system, T is the system temperature, T}, is the reference temperature, R is the universal gas
constant, Py, is the partial pressure of hydrogen, and Py, is the partial pressure of oxygen.

Vact = 61+ &T +¢3TInCo, + Galn Iyt )

where &1, ¢, ¢3, and G4 are coefficients affected by the system temperature and pressure,
Co, is the molar concentration of oxygen, and I is the fuel cell current.

Vonm = IstRint = Ist(Rpr + Re) (8)

where Rj; is the equivalent internal resistance, Ry is the equivalent membrane resistance
associated with proton conduction, and R¢ is the equivalent contact resistance associated
with electron conduction.

Veone = —Bln (1 _J ) )

]max

The dynamic response behavior of the fuel cell is approximated by a first-order inertial
element, wherein the output power (Py) conforms to the following relationship:

APre +P; =P (10)
dt fc — Yfeemd

where T denotes the time constant, taken as 2 s, and Py g represents the commanded
power, which is constrained within the maximum and minimum operating limits of the
fuel cell.

From the perspective of overall vehicle economy, it is also essential to account for the
fuel cell efficiency and hydrogen consumption. The hydrogen consumption rate can be
expressed as follows:

__ Pr

My, = ——2— 11
Hy 17 LHVz, (11)

where Py denotes the fuel cell power, 775, represents the fuel cell operating efficiency,
and LHVY, refers to the lower heating value of hydrogen, which is taken as 120 MJ /kg.
Accordingly, the fuel cell efficiency can be expressed as follows:

Pyc

— (12)
mg, - LI‘IVH2

Mfe =

The specific relationships among fuel cell power, hydrogen consumption rate, and
operating efficiency are illustrated in Figure 3.
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Figure 3. Fuel cell efficiency and hydrogen consumption rate.
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2.3. Fuel Cell Degradation Model

During the operation of a fuel cell, four primary operating conditions contribute
to voltage degradation and consequently affect its lifespan: low-power operation, high-
power operation, load fluctuation, and start-stop cycling [32]. Low-power operation may
lead to increased cathode potential and local fuel starvation, accelerating carbon support
corrosion and catalyst degradation. High-power operation results in high current density
and elevated temperature, which intensify membrane dehydration, catalyst sintering, and
electrochemical aging. Load fluctuations induce frequent transient changes in voltage and
current, causing repeated mechanical and chemical stresses on the membrane—electrode
assembly, thereby accelerating material fatigue. In addition, start-stop cycling leads to
large potential excursions and reactant redistribution, which promote carbon corrosion and
irreversible performance loss. Therefore, these operating conditions are widely recognized
as the dominant contributors to fuel cell lifespan degradation and are incorporated into
the degradation model in this study. In this study, the fuel cell is assumed to remain
continuously active; thus, the impact of start-stop conditions on degradation is neglected.
Accordingly, the empirical expression for the instantaneous degradation rate (D) of the fuel
cell is given as follows [33]:

D = kity + katy + k3APj (13)

where ky, k2, and k3 represent the instantaneous degradation rates for the fuel cell under
low-power, high-power, and load-varying conditions, respectively. t; and ¢, denote the
total operating time under low-power and high-power conditions, respectively, and APy,
denotes the total power change throughout the operating process. The values of these
parameters are given in Table 2 [34].

Table 2. Fuel cell degradation values.

Operating Conditions Item Value Unit
High power ky 1.26 x 1073 %h
Low power kp 1.47 x 1073 %h

Load varying ks 5.39 x 107° %kWh

It should be noted that the degradation model adopted in this study is an empirical,
system-level formulation intended for comparative evaluation of energy management
strategies rather than precise lifetime prediction. Micro-scale mechanisms such as liquid
water accumulation in the gas diffusion layer (GDL), which can restrict reactant transport
under low-power operation and accelerate catalyst degradation, are not explicitly modeled,
although recent studies have demonstrated that such effects can be quantified using lattice
Boltzmann methods in gradient-porosity GDLs [35]. In addition, the model parameters
are not calibrated using dynamic aging bench tests, nor are temperature—current density
coupling effects explicitly considered, even though elevated temperatures are known to
exacerbate membrane electrode degradation. Advanced online health state estimation
and degradation diagnostics under dynamic loads, as well as temperature-aging coupling
models reported in recent literature, provide valuable theoretical and methodological
references for improving degradation modeling fidelity [36]. Integrating these mechanisms
with degradation-aware reinforcement learning-based energy management remains an
important direction for future work.
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2.4. Lithium Battery Model

The lithium battery pack, serving as the secondary power source in the hybrid electric
vehicle, is primarily used to supply peak power and store excess energy. A Rint equivalent
resistance model [37] is employed to model the lithium battery pack:

Pyt = Vocl — Ryt I?
I — VOC_ V Vé(]:{_4Rb”thar (14)

S0C = SOCy — L

where V¢ is the open-circuit voltage, I is the output current, Ry,; is the internal resistance,
and SOC is the initial state-of-charge. The characteristics of an individual cell within
the lithium battery pack are described in Figure 4. The total number of cells in the entire
lithium battery pack is 122.

-3
3.0 210 3.5
—— Uocv ]

28 = =Rdis | /]34

260 33
g
g 24f) 32 ~
g e
%22 315
E I\ 8
20 I \ 3.0
= 1.81 R 2.9

1.6 ST T TS o

1.4 2.7

0 20 40 60 80 100

SOC(%)
Figure 4. Characteristics of the individual cell.

2.5. Model Simulation and Verification

The aforementioned model was implemented and simulated in MATLAB/Simulink
2023a with a simulation step size of 0.1 s. All module data were derived from real vehicle
testing. To validate the rationality and accuracy of the model, a comparison between the
simulation results and experimental data is presented in Figure 5. From left to right: vehicle
speed, fuel cell system power, and hydrogen consumption.

100 (@Actual and simulated vehicle speed 200 (b)Actual and simulated fuel cell system power (¢)Actual and simulated hydrogen consumption

1000 | — test
- - -sim

o
=]
i
2
3

800

=Y
=

600

Speed(km/h)
P
S

400 -

Hydrogen consumption(g)

[
S

200

MA ﬂ'\ 50

. L h L L = L L L L L 0 L L L L L
0 300 600 900 1200 1500 1800 0 300 600 900 1200 1500 1800 0 300 600 900 1200 1500 1800
Time(s) Time(s) Time(s)

=)

Figure 5. Simulation results and experimental data.

As can be observed from the figures, the simulation curves are closely aligned with
the experimental data from the real vehicle. The Root Mean Square Error (RMSE) between
the simulated and experimental values is less than 3% of the RMSE of the corresponding
experimental data, which validates the model’s rationality and demonstrates its close
approximation to real-world conditions.
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3. Degradation-Aware SAC for Energy Management
3.1. SAC Algorithm Framework

SAC (Soft Actor-Critic) is an off-policy deep reinforcement learning method. It is built
upon the Actor-Critic framework, where the Actor network outputs a stochastic policy to
enhance exploration. Distinguished from the original Actor-Critic architecture, the SAC
agent aims to maximize the expected cumulative reward while also maximizing the entropy
of the policy. The state-action value function is governed by the soft Bellman equation:

Q(St-i-l/at-‘rl) ‘| (15)

= E
Q(st,at) = 1t + YEs, 10,14 [—leog(ﬂ(ﬂﬂst))

where s, a;, and r; denote the state, action, and reward at time step ¢, respectively; s;41
and a;,1 represent the state and action after state transition; v is the discount factor; E
denotes the mathematical expectation; and « is the temperature parameter that regulates
the relative importance of the entropy term compared to the reward, which is automatically
adjusted by the neural network.

7t(a¢|s¢) is the policy to be learned, and the optimal policy is expressed as:

= argmaxnz E(s,,ap)prlre — alog(7t(at|st))] (16)
t

Neural networks are employed to approximate the Q-function, and the policy can be
modeled as a Gaussian distribution, whereby its mean and covariance are output by neural
networks. Consequently, during the backpropagation process, both the actor and critic can
be optimized via stochastic gradient descent. The parameters ¢ of the Q-function can be
trained by minimizing the soft Bellman residual:

n Q’(St+1/7'f(5t+1)) 2 17)
r
Ly —alog(m(apiq1s¢41))

where M represents the experience replay buffer, and (s, a, ¢, 5¢41) denotes a mini batch

1
]Q(G) = E(StrﬂtrrhSH»l)ME [Q(St/ at) -

randomly sampled from it. A target critic network Q' is utilized to accelerate and stabilize
the training process, whose parameters 6’ are updated via a soft update mechanism:

0« (1-1)¢ +780 (18)

where 7’ is the step size factor that governs the magnitude of the update. The policy
network parameters are updated by minimizing the following objective:

o]

The temperature parameter « is automatically adjusted, with its gradient calculated to
minimize the following objective:

(@) = B, [—o«logm(adso - aH} 0)

where H is the target entropy, typically set to the negative of the action dimension. The
parameters of & are updated accordingly during the training process. The specific structure
of the SAC algorithm is shown in Figure 6.
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Actor network Q
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Target Critic
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Figure 6. SAC structure.

3.2. Design Based on SAC Reinforcement Learning
3.2.1. State Space

The subject of this study is a fuel cell hybrid electric vehicle, which utilizes two power
sources: a fuel cell and a lithium battery. The state space of the overall operating environ-
ment is defined as follows:

S ={SOC,V, Pger }

where SOC denotes the lithium battery state of charge, V represents the vehicle speed, and
Py, indicates the total power demand of the vehicle.

3.2.2. Action Space

The action space in this study is defined as the power output of the fuel cell, while the
lithium battery passively balances the total vehicle power demand:

Ppatt = Pem — Pfc (21)

where Py, and Py represent the power output of the lithium battery and the fuel cell, re-
spectively. The fuel cell power output is designated as the action space for the reinforcement

learning agent:
A= Py

where Py.€[0, 40] kW. However, since the DQN reinforcement learning algorithm only supports
discrete action spaces, the action space for DQN is defined as Pre = {0, 1,2,3,---, 40} kW.

3.2.3. Reward Function

The reward function primarily considers the fuel cell’s power consumption, fuel
consumption, and the power change rate leading to lifetime degradation. The specific
reward function R is defined as follows:

R = —[witgs, + B [SOC(E) = SOCyef |-Pat, + 7+ |Ppe(t +1) = Pre(t) | (22)

where 1y, is the instantaneous hydrogen consumption rate of the fuel cell, SOC,,f is
the initial SOC value set to 0.6, and Py, represents the hydrogen consumption per unit
SOC change. The weighting coefficient « = 1 for the first term serves to determine the
order of magnitude of the entire function, facilitating the narrowing of the value ranges
for the subsequent weighting coefficients. The weighting coefficient f = 0.049 for the
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second term functions to stabilize the lithium battery SOC and prevent rapid degradation.
The weighting coefficient v = 0.1 for the third term aims to balance the overall power
fluctuations, enabling the vehicle’s power sources to output power as smoothly as possible.

The weights in the reward function are selected based on a trial-and-error tuning process,
with the objective of ensuring that each reward term has a comparable numerical magnitude
during training. This prevents any single term from dominating the learning process and
improves training stability and convergence behavior. Limited variations around the selected
values were tested, and no significant performance degradation was observed.

3.2.4. Training Settings

The SAC reinforcement learning algorithm involves a relatively large number of
adjustable parameters, many of which have minimal impact on the learning process and
final outcomes. This paper selects the key parameters listed in the table below for design
and subsequently analyzes the influence of their numerical variations on the reinforcement
learning process and results. Since the SAC algorithm utilizes both actor and critic networks,
the terms “number of neurons” and “learning rate” refer to the values for these two
networks, respectively, as specified in Table 3.

Table 3. SAC Hyperparameters.

Item Value
Number of neurons (Actor /Critic) 256/352
Learning rate (Actor/Critic) 1x107°/5 x 107°
Target entropy -2
Smoothing factor 1x1073
Experience replay buffer size 1 x 106
Minimum batch size 64
Discount factor 0.99

It should be noted that the model employs a feedforward neural network with dual in-
puts, namely state and action. The actor network consists of a shared trunk and two output
heads. The trunk contains five fully connected layers with a total of 192 neurons, while the
output heads include three fully connected layers comprising 32 neurons. Therefore, the
entire actor network contains eleven fully connected layers with a total of 256 neurons. The
critic network is composed of two inputs and a shared trunk. Each input branch contains
128 neurons, and the trunk comprises five fully connected layers with a total of 96 neurons.
Consequently, the critic network includes five fully connected layers with an overall total
of 352 neurons.

The study adopts the CLTC-P cycle for training and the WLTC cycle for testing to
evaluate the agent’s transferability and robustness. Both are representative new-energy-
vehicle driving cycles that cover urban, suburban, highway, and low-speed conditions and
share similar overall profiles, each lasting 1800 s. CLTC-P reflects more idealized laboratory
conditions, whereas WLTC is more indicative of real-world driving. This pairing allows the
agent to learn from controlled data while being validated under more realistic operating
conditions. The corresponding velocity and power demand profiles are shown in Figure 7.

3.3. Hyperparameter Design and Discussion

It should be noted that the results presented in this study are obtained from simulations
using a single converged SAC policy under fixed system parameters and predefined driving
cycles. Once the training converges, the learned policy is deterministic, and repeated
simulations under identical conditions yield consistent performance outcomes.
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3.3.1. Number of Neurons

As shown in Figure 8, the results indicate that network size does not fundamentally
alter the learning dynamics of the SAC-based EMS, as all neuron configurations converge
in a similar manner. However, the final performance exhibits a non-monotonic relationship
with network complexity, reflecting a mismatch between representational capacity and task
dimensionality. For this low-dimensional fuel cell energy management problem, a compact
network is already sufficient to approximate the control policy. Introducing moderate
additional complexity increases redundancy and raises the risk of convergence to suboptimal
local minima. In contrast, a significantly larger network provides enhanced representational
flexibility, which facilitates more effective exploration and improves the ability to escape
local optima, leading to superior post-convergence performance. This finding suggests that
network architecture should be selected based on task complexity rather than assuming that
incremental increases in size will yield consistent performance gains.

400 e
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S
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Figure 8. Effect of the number of neurons on the average reward.

3.3.2. Learning Rate

As shown in Figure 9, the learning rate significantly influences both convergence
speed and asymptotic performance, reflecting the trade-off between exploration stability
and optimization precision. Higher learning rates accelerate early policy improvement
but increase the likelihood of premature convergence to suboptimal solutions, whereas
excessively small learning rates slow down training while enabling more refined policy
updates. The observed superior steady-state performance at the lowest learning rate
suggests that finer gradient steps are beneficial for this control task, which features a
relatively smooth and low-dimensional optimization landscape. These results indicate that
aggressive learning-rate settings may sacrifice long-term optimality for faster convergence,
and that learning rates below the 1 x 1075-1 x 10~° range are more suitable for balancing
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stability and performance in degradation-aware fuel cell energy management. Nonetheless,
identifying the globally optimal value requires more systematic hyperparameter search
beyond single-factor analysis.
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Figure 9. Effect of Learning Rate on Average Reward.

3.3.3. Target Entropy

As shown in Figure 10, the impact of target entropy on training largely aligns with
theoretical expectations, with the exception of the case where target entropy is 0. In this
scenario, a target entropy of 0 results in excessive exploration, which hinders convergence.
For target entropy values of —1, —2, and —3, all configurations successfully converge, but
the extreme values of entropy—both the lowest and the highest—result in suboptimal
performance compared to the intermediate value. The decline in performance at lower
entropy is attributed to insufficient exploration, which leads to convergence at local op-
tima. Conversely, the reduction in reward at higher entropy indicates either incomplete
exploration or convergence to a suboptimal solution.

—400

—800

Average reward

—1200

~1600 : : :
0 50 100 150 200

Number of episode

Figure 10. Effect of Target Entropy on Average Reward.

3.3.4. Reward Function Weights

To investigate the impact of each weight in the reward function on the learning
outcomes, this study compares the learning processes and optimized performance of
agents trained with weights halved and doubled from their initial settings against those
trained with the original values. Figure 11 illustrates the influence of different weight
configurations on the learning process, while Tables 4 and 5 present the driving range and
fuel cell degradation rate under each weight setting (here and hereafter, the driving range
refers to the distance achievable by consuming 4.2 kg of hydrogen).
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Figure 11. Average reward under different weight configurations.

Table 4. Driving range under different weight configurations (km).

Weight Item Weight Value/2  Benchmark Weight Value = Weight Value x 2

o 556.94 559.81 557.78
B 559.15 559.81 559.46
0% 556.77 559.81 555.84

Table 5. Degradation rate under different weight configurations (x 10~4%).

Weight Item Weight Value/2  Benchmark Weight Value = Weight Value x 2

w 5.08 5.04 5.01
B 5.00 5.04 5.21
¥ 5.06 5.04 497

Figure 11 highlights the effect of modifying the first weight term on the average reward
function. Although changes in weight do not alter the overall convergence trend, reducing
the weight leads to a decrease in the absolute value of the reward function, while increasing
it results in an elevation of the absolute value. This pattern aligns with the distribution
observed in the curves. Since the influence of other weight terms on the reward function
follows a similar trend, results for the first weight term are presented here as representative.

Tables 4 and 5 reveal that variations in the reward-function weights have a limited
impact on the driving range, with fluctuations typically confined to a 34 km range. The
maximum driving range is consistently achieved under the baseline weighting. In contrast,
the degradation rate exhibits greater sensitivity to changes in weight. Specifically, increasing
the weights for the hydrogen consumption and power fluctuation terms results in reduced
degradation, as these adjustments promote more efficient and stable fuel cell operation.
On the other hand, increasing the weight for SOC deviation leads to higher degradation,
as it forces the fuel cell to more closely track the load in order to maintain SOC, which
accelerates aging.

3.4. Chapter Summary

As shown in Table 6, the number of neurons influences only the convergence level,
exhibiting a general trend in which smaller networks achieve higher convergence values.
The learning rate affects both convergence speed and final performance: higher values
accelerate convergence and yield higher convergence levels, whereas lower values lead
to slower and more gradually declining convergence behavior. For target entropy, lower
values reduce the convergence level due to limited exploration, while excessively high
values degrade convergence speed, stability, and final performance.
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Table 6. Impact of parameters on convergence performance.

Number of Neurons Learning Rate Target Entropy
Low Mid High Low Mid High Low Mid High

Convergence Speed Mid Mid Mid Slow Mid Fast Mid Mid Slow
Convergence Stability High High High Low High High High High Low
Convergence Position High Mid Low Low Mid High Mid High Low

Item

Table 7 indicates that, for driving range, all three reward-weight coefficients achieve
their best performance at intermediate values, with both higher and lower settings lead-
ing to reduced range. For degradation rate, the first coefficient (hydrogen consumption
penalty) and the third coefficient (power fluctuation penalty) exhibit an inverse relationship
with degradation, whereas the second coefficient (SOC deviation penalty) shows a direct
proportional relationship.

Table 7. Impact of reward function weights on durability economics.

o
Item i i
Low Mid High Low Mid High Low Mid High
Driving range Low High Mid Low High Mid Mid High Low
Degradation High Mid Low Low Mid High High Mid Low

4. Results and Discussion
4.1. Training Performance Comparison

As shown in Figure 12 and Table 8, all three algorithms exhibit similar learning trends,
with rewards initially fluctuating at low values before stabilizing. Although each algorithm
ultimately converges, SAC achieves the most stable post-convergence behavior, followed by
PPO, while DQN shows larger fluctuations. In terms of convergence speed, PPO converges
the fastest, DQN reaches stability more slowly, and SAC converges the slowest due to its
dual-network architecture and required warm-up phase. These structural differences also
produce notable disparities in training efficiency: DQN’s value-based updates suffer from
low data utilization, PPO’s on-policy updates enable efficient and lightweight computation,
and SAC’s hybrid actor—critic formulation balances exploration and value estimation but
incurs higher computational overhead and increased parameter-tuning complexity.
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Figure 12. Average reward.
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Table 8. Training Data.

Number of

Algorithm  Convergence Episodes = Training Time (s) Core Parameters

DON 33 8983 7
PPO 18 426 9
SAC 121 11937 11

4.2. Optimization Performance Comparison

As a baseline for comparison, a rule-based power-following energy management
strategy is adopted. In this strategy, the fuel cell output power primarily follows the
instantaneous power demand of the vehicle, while the battery compensates for the power
difference to maintain system balance. The control logic does not involve optimization
objectives related to efficiency or degradation mitigation and relies on predefined rules
only. Under the same driving cycle and initial conditions, this baseline strategy is used
to evaluate the reference degradation behavior of the fuel cell system, providing a fair
benchmark for assessing the effectiveness of the proposed energy management strategy.

As shown in Figures 13 and 14 and summarized in Table 9, the SAC-based strategy
exhibits distinct power allocation patterns compared to DQN, PPO, and power-following
strategies. Specifically, SAC allocates a larger proportion of operating points to the medium-
to-high efficiency range of the fuel cell, directly enhancing hydrogen utilization efficiency.
In contrast, the power trajectories generated by DQN and PPO strategies are smoother with
longer steady-state operation times, indicating more conservative power tracking behav-
ior. Quantitative analysis reveals that during the CLTC cycle, the SAC strategy reduces
hydrogen consumption by 11.15 g/100 km and 5.54 g/100 km compared to DQN and
PPO, respectively. Furthermore, all three reinforcement learning-based strategies achieve
significantly lower hydrogen consumption per 100 km than the power-following strategy.

74 T T T T T
72'—DQN’
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Q66 .
g64 "
60 oA ‘ ‘
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Figure 13. SOC under different algorithms in CLTC conditions.

Table 9. CLTC control results.

Algorithm Hydrogen Degradation Comparison with SAC
Consumption (g)/100 km Rate (x10~4%)/100 km (Degradation Rate)
Power-following 917.13 9.01 42.84%
DQON 759.33 19.70 73.86%
PPO 753.72 13.68 62.35%
SAC 748.18 5.15 -
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Figure 14. CLTC power distribution.

Despite introducing more frequent load changes, the SAC strategy did not induce
acceleration degradation. Conversely, it achieved degradation rates reduced by 73.86% and
62.35% compared to DQN and PPO, respectively, and by 42.84% compared to the power-
following strategy. This indicates that degradation depends not only on load smoothness
but is significantly influenced by the fuel cell’s operating efficiency zone. By prioritizing op-
eration in high-efficiency zones, the SAC-based strategy effectively suppresses degradation
mechanisms under enhanced power dynamics, demonstrating its exceptional capability in
balancing efficiency and durability.

Compared with DON and PPO, SAC maintains a higher policy entropy during train-
ing due to its maximum-entropy objective, enabling more efficient exploration of the state—
action space. This enhanced exploration helps the agent avoid premature convergence to
degradation-intensive control patterns, such as frequent load fluctuations or prolonged low-
efficiency operation. As training proceeds, the adaptive entropy mechanism gradually reduces
stochasticity, allowing the policy to converge to a stable power allocation strategy. This bal-
anced exploration—exploitation process explains why SAC achieves superior degradation
suppression while maintaining stable convergence, whereas DQN and PPO tend to converge
faster but are more prone to locally optimal solutions with weaker durability awareness.

4.3. Transferability and Robustness Performance

The agent trained on the CLTC cycle was evaluated on the unseen WLTC cycle with
an initial SOC of 0.6 to assess generalization capability. As shown in Figures 15 and 16 and
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summarized in Table 10, all three reinforcement learning-based strategies exhibit power

allocation patterns broadly consistent with those observed during training, indicating stable

policy execution under distribution shift. In particular, the SAC-based strategy continues to

allocate a higher proportion of operating points within the fuel cell’s high-efficiency region,

whereas DQN and PPO maintain smoother power trajectories that reflect conservative

load-following behavior.
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Figure 15. SOC under different algorithms in WLTC conditions.
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Figure 16. WLTC power distribution.
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Table 10. WLTC control results.
Aleorithm Hydrogen Degradation Comparison with SAC
& Consumption (g)/100 km Rate (x1074%)/100 km (Degradation Rate)
Power-following 1105.05 8.06 59.43%
DON 940.26 17.17 80.96%
PPO 918.26 10.13 67.72%
SAC 911.87 3.27 -

From a performance perspective, SAC preserves its advantage in both economy and
durability under the unseen WLTC cycle, achieving reductions in hydrogen consumption
of 28.39 g, 6.39 g and 193.18 g per 100 km and degradation reductions of 80.96%, 67.72% and
59.43% relative to DQN, PPO and Power-following, respectively. These results suggest that
the degradation-aware reward formulation enables SAC to generalize efficiency-oriented
control principles beyond the training cycle. However, the similarity between power dis-
tribution patterns in the training and testing cycles also indicates that the learned policy
largely reproduces previously acquired behaviors, which may constrain its adaptability to
cycle-specific dynamics. This observation highlights a trade-off between policy stability
and adaptive responsiveness, suggesting that broader training scenarios or online adap-
tation mechanisms may be required to further enhance robustness under more diverse
driving conditions.

5. Conclusions and Discussion
5.1. Conclusions

This study proposes a degradation-aware reinforcement learning-based energy man-
agement strategy for fuel cell hybrid electric vehicles using a Soft Actor—Critic (SAC)
framework. By explicitly incorporating hydrogen consumption, SOC regulation, and
power fluctuation into the reward function, the proposed method systematically balances
economy and durability at the supervisory control level.

Through comprehensive hyperparameter and reward-weight sensitivity analyses, it is
shown that SAC performance is primarily governed by network capacity, learning rate, and
target entropy, which strongly influence convergence stability and exploration behavior,
whereas other parameters exhibit secondary effects. The results further indicate that
appropriate degradation-related reward shaping can effectively guide long-term durability
without significantly compromising driving range, providing practical insights for DRL-
based EMS design.

Comparative evaluations with DQN and PPO demonstrate that, although PPO con-
verges more rapidly and DQN requires fewer tuning parameters, SAC consistently achieves
superior trade-offs between hydrogen economy and fuel cell durability under both trained
and untrained driving cycles. This advantage is attributed to SAC’s entropy-regularized
policy, which enables more comprehensive exploration and improved operation within
high-efficiency regions of the fuel cell system. The maintained performance under unseen
conditions further suggests enhanced robustness and transferability of the learned policy.

Opverall, this work highlights the importance of integrating degradation awareness and
systematic hyperparameter analysis into reinforcement learning-based energy management
strategies. The findings provide methodological guidance for the development of durable
and adaptive EMS for fuel cell vehicles and lay the foundation for future extensions toward
broader operating scenarios, online adaptation, and experimental validation.
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5.2. Discussion
5.2.1. Practical Implications and Applicability

The proposed SAC-based energy management strategy is implemented at the supervi-
sory control level and relies only on measurable system variables commonly available in
fuel cell hybrid electric vehicles, which facilitates its practical application without additional
hardware requirements. The trained agent learns a continuous control policy through inter-
action with diverse operating conditions during training, enabling adaptive responses to
varying load demands. Although the agent is trained under specific scenarios, the learned
policy exhibits a certain degree of generalization within the same system configuration, and
its adaptability to broader operating conditions can be further enhanced through retraining
or online fine-tuning, which will be investigated in future work.

5.2.2. Limitations and Future Work

This study investigates a degradation-aware reinforcement learning-based energy
management strategy mainly through system-level simulations, and several limitations
should be acknowledged. First, the degradation model is empirical and adopts constant co-
efficients without calibration from dynamic aging bench tests, and temperature-, humidity-,
and water-management-related effects—such as temperature-accelerated membrane degra-
dation and liquid water-induced reactant transport limitations in the gas diffusion layer
under low-load operation—are not explicitly modeled, which constrains the accuracy of
absolute lifetime prediction. Second, although temperature-dependent efficiency character-
istics are considered, the synergistic optimization between thermal management, efficiency,
and durability is not explicitly addressed in the EMS design. Third, the reward function
weights are empirically selected without a formal multi-objective optimization framework
or systematic sensitivity analysis, and the SAC state space does not include historical load
or temperature-related states that may affect fatigue-driven degradation. Finally, generaliza-
tion performance is evaluated only under an untrained driving cycle without covering stan-
dardized or extreme operating conditions such as cold starts or steep gradients. Therefore,
the reported results should be interpreted as comparative system-level insights, motivating
future work on experimental validation, enhanced multi-physics degradation modeling,
thermal-durability co-optimization, and more comprehensive generalization assessment.
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