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Abstract: The service life and fuel consumption of fuel cell system (FCS) are the main factors limiting
the commercialization of fuel cell electric vehicles (FCEV). Effective energy management strategies
(EMS) can reduce fuel consumption during the cycle and prolong the service life of FCS. This paper
proposes an energy management strategy based on the deep reinforcement learning (DRL) algorithm,
deep Q-learning (DQL). Considering the unstable performance of conventional DQL during the
training process, a new algorithm called Double Deep Q Learning (DDQL) is introduced. The DDQL
uses a target evaluation network to evaluate output actions and a delayed update strategy to improve
the convergence and stability of DRL. This article trains the strategy using UDDS cycle, tests it using
combined cycles UDDS-WLTC-NEDC, and compares it with traditional ECM-based EMS. The results
demonstrate that under the combined cycle, the strategy effectively reduced FCS voltage degradation
by 50%, maintained fuel economy, and ensured consistency between the initial and final state of
charge (SOC) of LIB.

Keywords: FCEV; energy management system; deep reinforcement learning; degradation;
DDQL algorithm

1. Introduction

As the problem of global warming caused by increased carbon dioxide emissions
worsens, an increasing number of people are focusing on zero-emission new energy electric
vehicles [1]. However, the range limitation and long charging time seriously hinder the
commercialization process of electric vehicles [2]. The adoption and utilization of fuel cells
present a promising solution for addressing the endurance challenges in EV [3,4].

Fuel cells emerge as a compelling solution to the inherent limitations in electric vehicles,
notably their constrained driving range and protracted recharge durations [5]. Compared
with lithium-ion batteries, fuel cells exhibit several superior qualities: negligible emis-
sions, an extended driving range, high energy conversion efficiency, and rapid refueling
capabilities [6]. The emergence of fuel cell electric vehicles (FCEVs) significantly mitigates
the disadvantages of pure fuel cell vehicles, specifically their poor dynamic response and
inability to recover braking energy [7]. However, the longevity of the Fuel Cell System
(FCS) and hydrogen consumption continue to be major barriers to the widespread use of
fuel cell cars. As a result, effective energy management systems are critical for optimizing
energy distribution among various power sources.

Current energy management strategies for hybrid and electric vehicles are classi-
fied into three types: rule-based, optimization-based, and learning-based strategies [8].
Rule-based energy management strategies, which are often designed in accordance with
vehicular driving conditions and the design of the vehicle’s powertrain, are known for their
simplicity and practicality, and they typically impose a lower computational burden [9].
However, they are often inefficient and rely significantly on specialist knowledge. Their
adaptability to unexpected driving situations is restricted, preventing them from providing
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ideal control. Furthermore, rule-based techniques frequently display poor transferability
and scalability in a variety of environmental scenarios [10].

An increasing number of researchers are focused on optimization-based energy man-
agement solutions for hybrid and electric vehicles in order to achieve optimal control and
economic efficiency. These tactics are divided into two types: global optimization and
instantaneous optimization. Among the many global optimization techniques are Pontrya-
gin’s Minimum Principle, Dynamic Programming (DP) based on Bellman'’s theory, Genetic
Algorithms, and Particle Swarm Optimization. The DP algorithm is famous for its ability
to discover a globally optimal solution and is frequently used as a benchmark for EMS
optimization. The DP algorithm, on the other hand, requires prior knowledge of the driving
cycle, restricting its flexibility to unpredictable and complex driving conditions [11,12].
Furthermore, its high computing cost limits its use in real-time settings. Strategies such
as the Equivalent Consumption Minimization Strategy (ECMS) [13] and Model Predictive
Control (MPC) [14,15] have received a lot of interest for instantaneous EMS optimization.
ECMS essentially equals the energy consumption of the battery to hydrogen consump-
tion, with the goal of optimizing the energy distribution between the battery and the fuel
cell by modifying the equivalent factor. The analogous factor is frequently calculated
using specific driving scenarios that may not encompass all driving circumstances. Thus,
ECMS optimization uses local optima as a surrogate for global optima. This emphasis on
optimization-based solutions shows a substantial shift in research focused at improving
energy management efficiency and adaptability in advanced automotive systems.

The optimization algorithms lack self-learning capabilities, which results in insuffi-
cient adaptability under a variety of environmental conditions. Learning-based Energy
Management Systems (EMS) have acquired extensive use in the optimization of hybrid
vehicle systems due to the rapid growth of artificial intelligence technologies. Zheng
proposed an energy management strategy combined with working conditions identifi-
cation [16]. Zhou et al. presented an adaptive energy management strategy, including
a driving pattern recognizer and a multi-mode model predictive controller. The result
showed that compared to a single-mode benchmark strategy, the proposed multi-mode
strategy could reduce at least 2.07% hydrogen consumption [17]. Reddy introduced an
intelligent PEMS employing reinforcement learning, facilitating real-time learning of op-
timal strategies through interaction with the onboard power system [18]. Sun and Fu
proposed an energy management strategy grounded in reinforcement learning, leveraging
ECMS for heightened computational efficiency, minimized fuel cell power fluctuations,
and optimized fuel economy in FCEVs [19]. Fu integrated the DRL and equivalent power
minimization strategy framework to optimize FC and BAT power allocation, ensuring FC’s
efficient operation and reducing hydrogen consumption [20]. Li introduced an energy
management strategy for hybrid battery systems, considering battery cell and heat cell
characteristics, with the aim of minimizing energy loss and enhancing the overall system’s
electrical and thermal safety levels [21].

Recently, numerous studies have investigated energy management strategies consid-
ering fuel cell performance degradation. Wang et al. quantified the degradation process
of fuel cells using a simple electrochemical model. The degradation process of fuel cells
was characterized by the decay of the electrochemical surface area under transient power
load, start-stop cycle, idle condition, high-power load, and other operating conditions.
A deterministic dynamic programming algorithm was employed to optimize the energy
management process and extend the service life of fuel cells [22]. Song proposed a power
adaptive adjustment strategy during the degradation process based on the fuel cell mod-
els established under different health states, aiming to achieve higher energy efficiency
throughout the entire lifespan of the fuel cell [23]. Sun et al. proposed an energy manage-
ment strategy based on game theory, quantifying the distinct preferences of each energy
source and utilizing the Nash equilibrium to reconcile the preferences among different
energy sources [24]. Zhang et al. employed a wavelet-based control strategy to optimize
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the efficiency and durability of fuel cells in real time [25]. The above methods all aim to
optimize lifespan degradation using traditional optimization or rule-based methods.

The present corpus of research focuses mostly on the fuel economy of FCEV and misses
the influence of fuel cell deterioration on power allocation. In addition, the application of
deep reinforcement learning in energy management strategies is relatively scarce.

To further explore the effectiveness of reinforcement learning in energy management
strategies, this research proposes a deep reinforcement learning (DRL)-based energy man-
agement technique that takes fuel cell longevity into account. The key contributions of this
study are as follows:

1.  The creation of a DRL-based energy management system is intended to optimize
hydrogen usage while maintaining battery SOC stability. It uses deep reinforcement
learning skills to adapt to changing driving situations and vehicle states.

2. Double Deep Q-learning (DDQL) implementation: DDQL is used to manage the
energy of fuel cell electric vehicles (FCEVs). This approach estimates Q-values using
two distinct neural networks, avoiding the overestimation problem associated with a
single network. This dual-network technique improves the learning process’s accuracy
and dependability.

3. Incorporation of FCS degradation into energy management: The incorporation of Fuel
Cell System (FCS) degradation factors into the energy management strategy is a novel
component of this study. The DDQL structure does this by establishing a balance
between fuel economy and FCS longevity.

4. Validation employing standard drive cycles: The performance of the proposed tech-
nique is further confirmed by employing several standard driving cycles. These
experiments indicate the strategy’s robustness in a variety of driving circumstances,
including those not seen during training.

Overall, this work proposes a comprehensive approach to energy management in
FCEVs, combining the most recent Al-driven approaches with actual vehicle dynamics
and fuel cell degradation issues. The findings indicate potential in terms of improving the
efficiency and durability of FCEVs.

The organizational structure of this article is as follows. The first chapter introduces
the research background and existing energy management strategies, highlighting their
limitations. The second section outlines the powertrain structure of the FCEV, FCS, and
LIB models, as well as the principle of FCS degradation. Subsequently, Section 3 delves
into optimization algorithms and presents an energy management strategy based on
deep reinforcement learning tailored to the objectives of this study. Section 4 provides
a comprehensive analysis of the training process and simulation results of the energy
management strategy, alongside a comparative analysis with benchmark algorithms for
verification, which is summarized in Section 5.

2. The Powertrain of the FCEV Model

In order to study energy management strategy, the model of FCEV powertrain based
on actual vehicles is proposed. Figure 1 shows the topological structure of FCEV. The main
parameters of FCEV are presented in Table 1. The powertrain primarily consists of fuel
cells and LIB, with FCS predominantly supplying power during driving and LIB serving
as auxiliary power sources. The FCS supplies power through a unidirectional DC/DC
converter and manages the state of charge (SOC) of the LIB. A bidirectional DC/DC
converter is utilized to capture braking energy and supply power for vehicle operation.
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Figure 1. The structural schematic diagram of the FCEV.

Table 1. The parameters of the studied FCEV.

Component Parameters Value
FCEV Mass 1070 kg
Wheel rolling radius 0.466 m
Coefficient of rolling resistance 0.00863
Air drag coefficient 0.335
Equivalent windward area 2.06 m?
FCS Rated power 50 kW
Lithium-ion Battery Capacity 20.6 Ah
DC/DC Fixed efficiency 0.98
DC/AC Fixed efficiency 0.95

2.1. System Configure

The vehicle model is employed to calculate the power required by the powertrain
during vehicle operation [21]. The required power Py, is a function of the vehicle speed
v, given by the following equation:

du

1 2
T +§'CDApU +mgfcosa) - (1)

Poheel = <mg sina + om
where m is the mass of vehicle, g is the gravity acceleration, Cp is the coefficient of air
resistance, p is the density of the air, and f is the rolling resistance of the vehicle. The total
power balance equation is given by:

P wheel
Preg =

7C) AcTmotar Tvams = Preipc/pe + Pylipey ac )

where 17pc/pc the efficiency of the DC/DC converter in the formula. The efficiency of the
DC/AC converter is represented by #1pc,4c, the efficiency of the motor is represented by
#motor, and the efficiency of the transmission system is represented by #rans. Py, denotes
the net output power of the fuel cell system, and P, denotes the output power of the
lithium battery.

2.2. Fuel Cell System

As the main power source of the FCEV, PEMFCS generates electrical energy through
the reaction of hydrogen and oxygen, as is shown in Figure 2. During vehicle operation,
the EMS controls the output of the FCS and keep it operating properly. This study uses a
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PEMFCS with a rated power of 50 kW. The output voltage model of PEMFCS is based on a
semi-empirical equation, suggested by Mann et al. [26]. The output voltage of a single cell
can be calculated by the following equation:

V = Enernst — Vact — Vohm — Veon (3)

AS RT, 1
Enernst = Eo — ﬁ(Tst - TO) + zgt (ln PHz,un + 2 In POZ,cu> 4)
Vet =81+ 8T+ ETInl+ & TIn(Co,) %)

4
Co, = 0.197 - Py, ¢4 - exp (3?) 6)
Vohmic = iR; (7)
Veon = —BlIn (1 — .’) ®)
Uim

where E is the standard state reference potential; and T is the standard state temperature,
298.15 K; The entropy change is denoted by AS. R denotes the gas constant. Faraday’s
constant is F. Ts; denotes the stack temperature; ¢1, ¢, ¢3, and {4 are semi-empirical
constants. The stack current is denoted by I. Cp, represents the oxygen concentration on
the surface of cathode catalyst. R; denotes internal resistance. Hydrogen consumption mp,
is related to the net fuel cell output power P, which can be shown as follows:

Tlstl
my, =

2 f MH2 (9)

where ng; represents the numbers of cells; F is the constant of Faraday; and I represents
the stack current. Therefore, the efficiency of fuel cell stacks is as follows:

N5t VI—Payy (10)
Nfe = nitchHsz

{ Pe = nt VI — Puyx

where Vi represents the cell voltage, and P,y represents the accessories consumption
power, such as air compressor, hydrogen circulation pump and cooling water pump, etc.
LHVyy; represents the low calorific value of hydrogen, and the relationship between total
power of FCS and the efficiency is depicted in Figure 3.
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Figure 2. The mechanism of the fuel cell.
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Figure 3. The relationship between total power of FCS and the efficiency.

The degradation of a fuel cell is mostly caused by changes in external working cir-
cumstances, which cause extreme swings in response conditions such as the temperature,
humidity, and pressure inside the stack. A fast load change, high power load, and other
working conditions are the most influential working conditions. As a result, the fuel cell
degradation rate model is used in this work to assess the energy management strategy’s
life extension efficacy [27].

Apgr = kp(kit1 + kata + kst3) (11)

where A¢gy, represents the aging rate after cyclic working conditions, and k;, represents the
correction coefficient, which is used to measure the difference between the experimental
situation and the simulation situation. #1, t;, and t3 indicate the idle time of fuel cell, big
load change duration, and large load duration, respectively; while ky, k, and k3 represent
the degradation coefficients corresponding to the three categories. The parameters of
PEMFC are shown in the Table 2.

Table 2. The parameters of the studied FCS.

Parameters Value Parameters Value

Ey 1229V ky 1.47

é1 —0.995 k1 0.00126 (%/h)
& 2.1228 x 1073 ko 0.0000593 (%/h)
é3 2.1264 x 107> ks 0.00147 (%/h)
i —1.1337 x 104 LHVy 242 kJ/mol

B 0.497

2.3. Li-Ion Battery

This article establishes a one-dimensional numerical model of LIB using the Rint
model. Figure 4 illustrates the equivalent circuit diagram of the model.
The voltage loop equation of the power battery is depicted in the following equation.

Py = Ul
{ U, = E — I,R, (12)
_ \/ﬁ
B VE 4R, 13)

2R,

In the formula, Py, Uy, I, E, and Ry, represent output power, output voltage, LIB current,
open-circuit voltage, and internal resistance, respectively. According to the relationship
between the ohmic charge-discharge resistance and open-circuit voltage of the power
battery under different SOC values, the relationship between the characteristics of the
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power battery pack and the state of charge (SOC) was calculated under different SOC values.
The internal resistance during charging and discharging is shown in the following equation.

S RdiSZUhETl Pb S 0
Rine = {Rchgwhen P, >0 (14
Among these variables, Ry;s and Ry, denote discharge resistance and charging resis-
tance, respectively. Figure 5 illustrates the correlation between state of charge and each
open-circuit voltage. The data were sourced from experimental tests conducted by the
National Renewable Energy Laboratory (NREL) [28].

Terminals
: R=AV/I :
.| =f(SOC,T,charge/discharge) @
e : External
: <> : Load
: Voc = f(SOC,T) - v Pl
: )
: BatteryModel

Figure 4. The diagram of a lithium-ion battery [28].
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Figure 5. The relationship between the open-circuit voltage and SOC.

The state of charge (SOC) of LIB is a crucial control parameter in energy management
strategies. In this study, the SOC was computed by the ampere-hour integration method.

b fot I(t)dt
Qv
where SOC(t) represents the current SOC value of the lithium battery, and SOC repre-

sents the initial SOC value of the lithium battery, 77, represents battery efficiency, and Q
represents the rated capacity of a lithium battery.

SOC(t) = SOCy — (15)
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3. Design of DDQL-Based EMS Considered the Performance Degradation of FCS

The Double DQL algorithm is applied to the FCEV energy management strategy. In
this section, the fundamental concepts of reinforcement learning and the proposed Double
DQL energy management strategy are introduced.

3.1. The Algorithm of DQL

The Deep Q-learning (DQL) algorithm is a breakthrough in the field of reinforce-
ment learning (RL) that combines Q-learning, a traditional RL algorithm, with deep
neural networks. This approach allows the handling of high-dimensional state spaces,
which is a significant challenge for classical RL methods. Here is an overview of DQL’s
fundamental principles.

According to the current state s of the environment, an agent executes action 4 accord-
ing to a policy defined for the environment. Simultaneously, the agent receives a reward R
for the action and transitions to a new state s’ within the environment. Using this feedback,
the agent updates its policy, aiming to find the policy 7 that maximizes the action-value
function. Thus, the action-value function, also referred to as the Q-function, represents the
expected discounted sum of rewards.

Q"(s,a) = Y_{7'R(st,at)|so = s,a0 = a} (16)
=0

where R is the single-step reward, and 7 in the range of [0, 1], representing the discount
factor to future reward values. The Q function represents the cumulative value of the
long-term expected reward and is utilized to evaluate the benefits of taking action a under
the state s. The optimal Q function Q* can be defined as:

Q*(s,a) = max,Q"(s,a) (17)
And thus, the strategy can choose action a by:

a = argmaxQ*(s,a) (18)
acA

And then the action value can be renewed to:
Qrv1(st,ar) = Qe(st,a) + & | Reyq + ’Ylgleaz(Qt—f—l(st—&-l/at—i-l) — Qt(st, ar) (19)

The experience pool is established to store the data required by the neural network.
In this study, the form of experience pool in this research is quadruplet (s, 4, , s’), which
comprises the current state s, the agent’s action 4, the immediate reward r after executing
the action, and the state at the next moment s’. To mitigate correlations in the data derived
from the driving cycle, the experience replay method is employed to smooth over changes
in the data distribution and reduce training difficulty.

3.2. The Energy Management Strategy Design of Double-DQL

The Double Deep Q-learning (Double DQL) algorithm is an improvement to the
original Deep Q-learning (DQL) technique that addresses the issue of overestimation in
the Q-learning algorithm. The action network and target network can be decoupling by
the Double Deep Q-learning network. The action network is used for selecting actions
and the target network is used for evaluating the value of the current state. The actor
network updates the weights value at each step, while the target value updates the weight
on every T step. When updating the target value, the action corresponding to the maximum
action value function from the action network is chosen, and then it is used as the action
indicator of the target network to determine the action value function of the target network.
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The weight parameters of target network are overwritten by the actor network. And the
network parameters are updated by the loss function as follows:

L(0¢) = E[ (v — Qlssas0/)’]

where y; presents the optimization target.

Yt = Rey1 +7Q <St+1,argmaXQ(5t+1,ﬂ; Gt)}et/)
a

The exact procedures of DDQL algorithm in this paper are shown in Algorithm 1.
And the process of the energy management strategy based on DDQL algorithm is pre-
sented in Figure 6. The whole simulation progress, including energy-consumption system
modeling, vehicle dynamic modelling, and reinforcement agent modelling, is realized in
MATLAB 2023.

Algorithm 1: Double Deep Q-learning.

Parameters: A,
Initialize replay memory D with capacity N.
Initialize action-value evaluating function Q with random weights 0.
Initialize target action-value function Q" with weights 0~ =0-.
for episode = 1:max(episode) do
for t = I:max(during time) do
With probability ¢ select a random action a;
otherwise, select a; = argmaxQ(s¢, a;67)
a

Execute action a with environment and observe reward R; and next state s;,1.
Store transition (s¢, 4, Ry, s¢11) in D.
Sample random minibatch of transitions D = Y1 ; (s¢, a¢, Ry, $441) from D.
Fort=1,ndo

R; if episode ends at step t 41

Set: yr = Rip1+70Q (stﬂ,argmaxQ(stH,a; 90;6/) otherwise
a

Perform gradient descent step on [(yt — Q(st,at;6; ))2] update the selection network.

Every T step reset 0~ =6, update target network
end for
end for

I_ T T T T T -
Reward
» ! Weight
Policy Updating
\
Action | ‘
Action value sglection network Q |
| (s,1,a,8)
20  =The velocity of WWUSUB
@ Exper{ment
| £ (5,128 Popl
2
810 (51,88
K
> | | sample random |
v  and retrain
. . . Li
0 500 1000 1500
Time(s) ‘ )
‘ Enviroment b /
\
_I Weight /]
_— ‘ Updating
Action value selection network Q” _I

Figure 6. Energy management strategy framework based on the DDQL algorithm.
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The state space [Vpg, Vace, SOC] of reinforcement learning primarily encompasses
four variables: the state of charge of LIB, the current vehicle speed, the current acceleration,
and the current output power of FCS.

The control variable utilized in this study is the output power of FCS [Pr], ranging
from a maximum output power of 50 kW to a minimum output power of 0 kW.

The design of the reward function directly impacts the convergence of the reinforce-
ment learning process. Consequently, this study meticulously examines the reward function.
The objective of this study is to minimize hydrogen consumption and prolong the lifespan
of fuel cells while ensuring the consistency of the initial and final state of charge (SOC)
of LIB. Hence, a reward function is devised based on these three factors. The formulated
reward function is as follows:

dFuel
R — {,x d”t‘e + B(SOCye — SOC) + A¢deg} (20)

where R is the immediate reward for taking action a in state s to state s’s Fuel represents
hydrogen consumption; and ¢, represents the rate of the fuel cell degradation.

4. Result and Discussion
4.1. Training Setting

The Urban Dynamometer Driving Schedule (UDDS), New European Driving Cycle
(NEDC), and World Light-duty Vehicle Test Procedure (WLTP) were used to train and test
the DDQL-agent, as shown in Figure 7. The detailed cycle information of speed profile is
listed in Table 3. The DDQL-based agent was trained with the speed profile of the UDDS
dataset. To validate the performance of the suggested strategy in different cycles, three
datasets of speed profiles were combined into a testing cycle (UDDS-WLTP-NEDC) as
shown in Figure 7b. Table 4 lists detailed training parameter settings for the DDQL-agent.
And the training process of DDQL-agent was executed on the computer with an NVIDIA
GeForce RTX 2070 SUPER.

30
LY UDDS Cycle

20

Velocity (m/s)
= b

n

0 200 400 600 800 1000 1200 1400

140
120 ] UDDS WTLP NEDC

100 Combined Cycle

80
60
40

Velocity (km/h)

20

0 500 1000 1500 2000 2500 3000 3500 4000 4500
Time (s)

Figure 7. Speed curve of (a) UDDS cycle; (b) combined cycle.
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Table 3. The detailed cycle information of three different cycles.
Cycle Speed Max (km/h) Average Speed (km/h) During Time (s)
UDDS 91.25 315 1370
WLTP 131.3 46.5 1800
NEDC 120 24.71 1180

Table 4. The parameter settings of DDQL.

Parameters Value Parameters Value
Learning rate 0.001 Sample batches size 64
Layers of neural network 3 « 44
Discount factor 0.99 B 2000
Experience pool capacity 10,000 A 5000

4.2. Training Performance Comparison

Figure 8 presents the evolution of cumulative rewards during the training iterations
based on two strategies, DQL- and DDQL-based strategies, under the UDDS cycle. Every
item in the reward function was multiplied by a negative value, so the cumulative reward
was negative value. It indicates the smaller the cumulative reward, the farther away it is
from the target value. The closer the cumulative reward is to 0, the closer the training result
is to the target.

0E+00 i
-1E+04 |-
©T-2E+04 |- /
S
g'3E+04 1 0.0E+00
()]
x-4E+04 DDOL
-5E+04 |- DQL
_6E+04 B -4.0E+03 4(']0 5(1]0

-7E+04 | | | Episode |
0 100 200 00 400 500

DDQL
2.0E+03 | DQL

Reward

_ 3
Episode

Figure 8. The reward comparison of both strategies.

In the initial stage of training, the exploration rate was set to 1, enabling the agent to
explore various unknown states with a wide range of actions. Consequently, the cumulative
reward remained low and exhibited significant fluctuations. However, after approximately
200 episodes, the reward increased with the exploration rate decline to 0.134 as the number
of training sessions increased. Consequently, the agent’s training stabilized, leading to a
propensity to choose actions associated with smaller penalties.

By around 420 episodes of training, the exploration rate approached 0.01, and both
strategies converged to a stable state, characterized by a noticeable enhancement in cumu-
lative rewards compared to their initial performance. Notably, compared to the DQL-agent,
the DDQL-agent could achieve convergence faster and obtained higher cumulative re-
wards. This superiority can be attributed to DDQL'’s utilization of two networks, effectively
avoiding action overestimation and ensuring more stable cumulative rewards during
training. These findings underscore the superior outcomes achieved by the proposed
DDQL methodology.
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4.3. Optimality of DDQL-Based EMS
4.3.1. Power Distribution

Figure 9 depicts the power distribution of ECM-based EMS under the UDDS cy-
cle. Figure 9a shows the power distribution performance of the ECM-based EMS. From
150 to 300 s, the power demand of vehicle exhibited sharp fluctuations, with fuel cell peak
output power exceeding 30 kW and significant power fluctuations between adjacent mo-
ments. In order to maintain consistency between the initial and final SOC states of LIB, fuel
cells underwent drastic changes in demand power throughout the entire cycle.

S0 a LIB Output of ECM based EMS
40 - FCS Output of ECM based EMS
30 | Preq Output of ECM based EMS
S 20t
X
T 10r-
2 o
-10
_20 i 1 1 1 1 1 1
0 200 400 600 800 1000 1200
Time(s)
50 - b LIB Output of DDQL based EMS
40 + FCS Output of DDQL based EMS
30 b Pbus Output of DDQL based EMS
S 20+
=
s 10+
2 0
a
-10 +
220
1 1 1 1 1 1
0 200 400 600 800 1000 1200
Time(s)

Figure 9. The power distribution of two strategies: (a) ECM-EMS, (b) DDQL-EMS.

On the contrary, the FCS power of DDQL-based EMS was maintained within 10 kW
throughout the entire cycle, as shown in Figure 9b. Especially in the frequent variable load
range from 150 to 300 s, FCS maintained high-efficiency output power around 20 kW, and
the peak power was supplemented by LIB.

Based on the power distribution described above, the output efficiency of the FCS at
each moment can be determined, as illustrated in Figure 10a. The efficiency of ECM-based
EMS exhibited sharp fluctuation with a mean efficiency 58.59%. This occurred because
it consistently fluctuated with the overall demand, prolonging the operating duration of
FCS under condition of high power and low efficiency. On the contrary, the proposed
strategy ensured that the FCS operated consistently within a high-efficiency range with
mean efficiency 62.51%. Although the overall operating duration of FCS increased, the
working time at the high-efficiency point also increased. This resulted in a 4% increase
in the FCS output efficiency and a decrease in fuel consumption after completing the
cycle, ultimately leading to a reduction in overall hydrogen consumption, as shown in
Figure 10b,c.
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Figure 10. (a) the efficiency of two strategies in UDDS (b) the efficiency distribution of two strategies,
(c) the power distribution of two strategies.

4.3.2. Fuel Economy

The amount of hydrogen consumed at each second can be calculated by power, as
depicted in Figure 11. From 0 to 300 s, there was an increase in power demand, leading to
an increase in the output of the FCS by ECM, consequently escalating the rate of hydrogen
consumption. Simultaneously, the DDQL-based EMS was adjusted to slightly enhance the
output of FCS, while the remainder was supplemented by LIB. This approach minimized
the operating duration at high-power and low-efficiency points, enhanced overall efficiency,
and diminished hydrogen consumption over the entire cycle.

0.08
0.07 - DDQL
0.06 - ECM
0.05 -
0.04 -
0.03 -
0.02 -
0.01 -

000 1 1 1 1 1 1
0 200 400 600 800 1000 1200

Time(s)

H, consumption

Figure 11. The H, consumption of FCS.

The results indicate that under UDDS operating conditions, the ECM-based EMS con-
sumed 466.7 g/100 km of hydrogen, whereas the DDQL-based EMS consumed 449.1 g/100 km
of hydrogen. Therefore, compare to ECM-based EMS, the proposed DDQL-based EMS has
better fuel economy.

4.3.3. SOC Consistency

Figure 12 depicts the SOC trajectory of the ECM- and DDQL-based EMSs. It clearly
shows that the SOC curve changed within the operational interval (0.4-0.9). The DDQL-
based EMS maintained fluctuations between 0.58 and 0.6, while the ECM-based EMS
maintained the SOC range within 0.6-0.62. The main reason is that ECM-based EMS
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primarily consumed the output power of the fuel cell, and LIB primarily served as a
supplement, resulting in smaller decrease in the SOC, and the SOC in the final state was at
0.602, while the DDQL-based EMS’s final state SOC remained at 0.605.

0.62
DDQL
0.61 |- ECM
o
% 0.60
0.59 |
058 1 1 1 1 1 1
0 200 400 600 800 1000 1200 1400

Time(s)

Figure 12. The SOC trajectory of both strategies.

This result indicates that both strategies can maintain the SOC stability. Also, the
fluctuation range of DDQL-based EMS was wider than ECM-based EMS. This was mainly
due to the fact that ECM-based EMS increased the output power of FCS to adapt to frequent
changes in demand power and peak output, while LIB had fewer outputs and smoother
output fluctuations. Especially in the 200 to 600 s, the fluctuation of DDQL-based EMS was
larger than ECM-based EMS.

Therefore, compare to the ECM-based EMS, the proposed DDQL-based EMS can
maintain the SOC consistency by allocating the power distribution properly.

4.3.4. FCS Degradation

In the above subsection, the effectiveness of the proposed strategy in achieving better
fuel economy is demonstrated. However, the durability of the FCS has not been verified.
Therefore, in the following section, this paper analyzes the proposed strategy from the
perspective of fuel cell durability and adds the FCS performance decay rate as an indicator.
The reward function of DDQL-based EMS is calculated.

Figure 13 illustrates the trajectories of FCS performance degradation for the two
strategies under the UDDS cycle. The ECM-based EMS was attenuated by 0.00036 pnV,
while DDQL-base EMS was attenuated by 0.0003872 uV. This is primarily attributed to
the continuous adjustment of FCS under the UDDS cycle. The output power fluctuated to
meet the required power as the working conditions changed, resulting in an elevation of
the FCS operating point under variable load conditions, thereby exacerbating the impact
of variable load conditions on the performance degradation of the FCS. Furthermore, the
energy management strategy based on DDQL also reduced the operating points at high
power and low power, mitigating the impact of these operating conditions on fuel cell
performance, as shown in Figure 14.
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Figure 13. Comparison FCS degradation for different strategies.



Energies 2024, 17, 1586

15 of 19

~ 0.0005

%_ DDQL

~ 0.0004 ECM

E

< 0.0003 |-

s

E-DO.OOOZ -

=

8 0.0001 100

X

= 0.0000 ! ! .

change low high

Power Changed(kW)

Figure 14. The degradation distribution of two strategies.

4.4. The Feasibility of Both Strategies in Different Environments

To further investigate the performance of DDQL-based EMS in terms of fuel economy
and battery charge sustainability, this paper compares the performance of ECM-based EMS
and DDQL-based EMS under the combined cycle, as shown in Figure 7b. The initial SOC
value was set to 0.6.

Figures 15-19 depict each indicator of the EMS. The results indicate that under the
combined cycle, the DDQL-based EMS optimally allocated the output power of FCS within
the high-efficiency range. It employed LIB as auxiliary energy to diminish the operational
duration of FCS at low-efficient operating points during frequent load variations. By
mitigating the frequent load fluctuations of fuel cells, as illustrated in Figure 19, the adverse
impact of various operating points on the voltage degradation of the FCS was minimized,
thus prolonging its service life, as shown in Figure 18.
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Figure 15. The power allocation of both strategies in the combined cycle: (a) ECM-based EMS
(b) DDQL-based EMS.
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< 0.003

3

[ ECM

o

= 0002 - bogL

ie]

©

S

i

g o001 |

[%2]

@)

LL

0.000 1 1 1 1 1 1 1 1

0 500 1000 1500 2000 2500 3000 3500 4000

Time(s)

Figure 18. The FCS degradation trajectory of both strategies in the combined cycle.
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Figure 19. The FCS degradation distribution under the different operation conditions.

Figure 16 illustrates the hydrogen consumption throughout the entire cycle under the
combined cycle. In comparison to the ECM-based EMS, the DDQL-based EMS exhibited a
slight increase in hydrogen consumption. This is primarily attributed to the fact that during
3200-3800 s, the FCS power output from the ECM-based EMS was zero, with the main
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output sourced from LIB. The energy consumed by LIB was derived from the recovered
braking energy between 2800 and 3200 s, leading to a marginally lower overall hydrogen
consumption compared to DDQL-based EMS.

Meanwhile, although the output of LIB under the DDQL-based EMS fluctuated greatly
during operation, their SOC was still in the high-efficiency and safe range of 0.4-0.8, and
the final state SOC was 0.594, which could be well maintained around 0.6. The ECM-based
EMS yielded a final SOC of 0.624, as shown in Figure 17. This is primarily attributed to
the fluctuation of FCS output in response to the load variation throughout the entire cycle,
while the consumption of LIB remained minimal. Consequently, there was a significant
increase in SOC due to the greater energy recovery toward the end of the NEDC cycle.
Compared with the initial state of 0.6, the energy management strategy based on DDQL
can better maintain the consistency of SOC initial and final states.

Table 5 compares the DDQL-based EMS to ECM-based EMS in terms of hydrogen
consumption, SOC consistency, and FCS degradation under various driving cycle.

Table 5. Comparison of hydrogen consumption and life degradation.

DDQL ECM
Cycle H; Consumption soc FCS Degradation H,; Consumption soc FCS Degradation
g/100 km uv g/100 km uv
UDDS 449.1 0.605 0.00036 466.7 0.602 0.0003872
Combined 6273 ¢g 0.594 0.001031 555.5 0.624 0.002339

5. Conclusions

This paper presents a reinforcement learning-based energy management strategy
considering fuel cell voltage degradation. The primary aim of this strategy is to reduce
fuel cell voltage performance degradation, prolonging the service life of fuel cells, while
ensuring the safe and stable operation of lithium batteries and maintaining consistency
between their initial and final states. With these objectives in mind, a framework for energy
strategy management based on deep reinforcement learning was devised according to the
FCEV model, and the strategy was optimized using the DDQL algorithm. The DDQL-based
EMS was trained under UDDS and tested under combined UDDS-WLTC-NEDC operating
conditions. To validate the effectiveness of the proposed strategy, ECM-based EMS was
used as a benchmark for comparison. The results indicate that under training conditions,
the DDQL-based strategy can reduce fuel consumption while effectively maintaining
the consistency of SOC between initial and final states, thereby extending the service
life of fuel cells. Under verification conditions, the DDQL-based energy management
strategy effectively preserved the consistency of SOC between initial and final states and
reduced voltage degradation by 50% through a slight increase in fuel consumption, thereby
increasing the service cycle.

In practical applications, both state variables and control variables are continuous
signals. While DDQL-based EMS can handle the dimensional signals, it is challenging to
output the continuous signals. Therefore, exploring intelligent RL agent capable of output
continuous actions is necessary for the future research.
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