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Abstract 

An energy management strategy (EMS) has an essential role in ameliorating 
the efficiency and lifetime of the powertrain components in a hybrid fuel cell 
vehicle (HFCV). The EMS of intelligent HFCVs is equipped with advanced 
data-driven techniques to efficiently distribute the power flow among the 
power sources, which have heterogeneous energetic characteristics. 
Decentralized EMSs provide higher modularity (plug and play) and reliability 
compared to the centralized data-driven strategies. Modularity is the 
specification that promotes the discovery of new components in a powertrain 
system without the need for reconfiguration.  Hence, this paper puts forward a 
decentralized reinforcement learning (Dec-RL) framework for designing an 
EMS in a heavy-duty HFCV. The studied powertrain is composed of two 
parallel fuel cell systems (FCSs) and a battery pack. The contribution of the 
suggested multi-agent approach lies in the development of a fully 
decentralized learning strategy composed of several connected local modules. 
The performance of the proposed approach is investigated through several 
simulations and experimental tests. The results indicate the advantage of the 
established Dec-RL control scheme in convergence speed and optimization 
criteria. 

Introduction 

Heavy-duty hybrid fuel cell vehicles (HFCVs) are recognized 
as promising candidates to alleviate concerns regarding the 
growing greenhouse gas emissions [1-3]. Proton exchange 
membrane fuel cell (PEMFC) has a good reputation as the 
most appropriate option for this application due to its power 
density, low-temperature operation range,  low noise, and 
high-efficiency performance [4]. Since the heavy-duty HFCVs 
need a high-power level, their powertrain systems are usually 
composed of a multi-stack fuel cell system (MFCS), as shown 
in Figure 1. In [5], a detailed survey of the MFCSs with 
different fluidic and power conditioning architectures is 
provided. In the heavy-duty HFCVs, the energy management 
strategy (EMS) unit is a crucial control part to reduce the total 
end-user costs and meet the powertrain components' 
requirements [2]. Several studies have been done in the 
literature on designing the EMSs for the HFCVs with an 
MFCS structure [6-13]. 

Figure 1.  Heavy-duty HFCV with an MFCS and a battery pack. 

However, one missing point in the previous EMSs is that they 
did not consider the time-varying characteristics of the 
powertrain components and operation in various driving 
profiles, leading to inaccurate optimal solutions for the 
developed EMSs. For instance, the maximal power of an FCS 
decreases by 10% during the lifetime, and this value is not 
reached with the same current at the beginning and the end of 
life [14]. To tackle this challenge, the model-free type of 
reinforcement learning (RL) algorithm [15] as a powerful 
data-driven approach has recently attracted much attention in 
different real-world applications, such as diesel engines [16] 
and electric vehicles. RL-based approaches are starting to 
show some accomplishments in real-world applications. At the 
same time, these approaches are faced with a set of challenges 
[17]. Among these challenges, operation safety is an important 
one which has been the focus of several research works. Some 
of the proposed approaches in this regard are coach-actor-
double critic [18], learning-based model predictive control 
[19], robust model predictive control [20], parallel constrained 
policy optimization [21], shielding [22, 23], Lyapunov-based 
[24]. In [25], the RL-based EMSs of hybrid electric vehicles 
(HEVs) and plug-in hybrid electric vehicles (PHEVs) are 
reviewed, and various potential DRL-based solutions are 
presented. An RL-based EMS is designed to split the 
requested power between a battery pack and an engine-
generator set in [26] with the aim of minimizing the fuel 
consumption over different driving profiles. Moreover, a 
transition probability matrix is introduced to learn a specific 
driving schedule. A fuzzy encoding and nearest neighbour 
methods are suggested in [27] to achieve a predictive RL-
based EMS for an HEV. In order to learn the transition 
probabilities and statistical information, a finite-state Markov 
chain is utilized. In [28], a Kullback–Leibler (KL) divergence 
rate is proposed to decide when the transition probability 
matrix adaptation is vital in the real-time application. An 
investigation between one-step (Q-learning) and multi-step 
(Dyna and Dyna-H) algorithms is conducted in [29]. In [30], a 
fast Q-learning is proposed to achieve an online updating EMS 
and speed up the control policy's convergence rate. 
Furthermore, cloud-based computation is employed to address 
the computation burden [31]. This paper studies a model-free 
predictive EMS for a connected electrified off-highway 
vehicle. Several multi-step RL-based EMS is proposed to 
enable the all-life-long online optimization. In [32], a model-
free supervisory EMS via a double Q-learning approach is 
developed for the HEVs with the charge-sustaining scenarios. 
An ensemble RL algorithm based on   Q-learning method is 
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proposed to form a centralized multi-agent system with 
different state combinations [33]. An analysis is presented in  
[34] regarding the adaptability interpretation with different 
real-world driving conditions, such as driving cycle, load, road 
grade, and traffic. In [35], a DRL-based EMS is proposed to 
learn from the environment and make an appropriate decision 
without any prediction. An actor-critic RL by a deep 
deterministic policy gradient (DDPG) method is offered in 
[36] to incorporate the traffic information and passengers' 
number into the EMS design. A double deep Q-learning 
algorithm is proposed in [37] to improve the convergence rate 
and optimization performance. The suggested approach 
prevents the training process from falling into the over-
optimistic estimate of policy value. To address the training 
time concern of the DRL algorithm, a bi-level adaptive EMS 
is constructed by integrating a transfer learning (TL) method 
[38]. Even though many advanced EMSs have been developed 
in the literature, few studies have considered the constrained 
setting for the training safety issue. To ensure safety, an 
coach-actor-double critic approach is introduced in [18]. In 
this work, when the actor's output exceeds the feasible 
solutions, the coach will be in charge of the EMS. A 
knowledge transfer among four types of HEVs is studied in 
[39], and the convergence efficiency has been improved. In 
[40], a rule-based controller is combined with a DRL 
algorithm to eliminate irrational torque allocation. 
Furthermore, a hybrid experience replay method is utilized to 
address the disturbance sensitivity. In [41], the power 
distribution history data is considered as an expert driver 
knowledge to guide a DRL algorithm to design a human-like 
EMS. 
For the first time in the HFCV applications, to achieve an 
adaptive optimal EMS, a radial-basis neural network using the 
RL framework is introduced by Lin et al. [42]. The proposed 
EMS did not need any prior knowledge of future driving 
cycles. In another study, Hsu et al. [43] established an RL 
EMS for an FCS/Battery hybrid electric vehicle. Yuan et al. 
[44] proposed a hierarchical RL control strategy with real-time 
capability. Reddy et al. [45] suggested an RL EMS that can 
autonomously learn the optimal policy using a powertrain 
system. To minimize the final cost of a plug-in HFCV, Lin et 
al. [46] put forward an online recursive RL approach. Sun et 
al. [47] developed a hierarchical multi-objective RL strategy 
by merging transition probability matrix into equivalent 
consumption minimization (ECMS). The majority of the 
learning approaches are founded on centralized EMSs (Cen-
EMS). Due to their inherent concentrated characteristic, these 
control strategies are vulnerable to electrical fault or 
malfunction of the power sources, especially for the high-
power heavy-duty HFCVs with coupled MFCSs. 
Additionally, these Cen-EMSs may lose their operational 
performance in case of adding or removing one FCS. In 
intelligent EMSs, large volumes of data collected from 
intelligent FC modules can be used as preliminary information 
for the EMSs. Additionally, efficient utilization of massive 
information gained from vehicle-to-vehicle (V2V) and 
vehicle-to-everything (V2X) is a promising approach for 

improving EMSs performance. However, the training 
procedure of the data-driven EMSs with these massive 
volumes of information may lead to significant computational 
complexity and even yield diverging optimization results. On 
top of that, the FC modules' aggregated data at the central 
control unit may be easily exposed to potential cyberattacks. 
As a result, there is a need to advance these Cen-EMSs in 
durability, modularity (plug and play), and computational 
complexity. One promising solution is to develop a modular 
FCS with a decentralized EMS (Dec-EMS) configuration [48]. 
As shown in (Figure 2 (b)), compared to the Cen-EMS (Figure 
2 (a)) with a central control unit, the Dec-EMS consists of 
several connected control modules that simultaneously solve 
the EMS optimization problem. 

 
Figure 2. The powertrain EMS architectures: a) the centralized controller 
unit (Cen-EMS), b) the fully decentralized controller (Dec-EMS). 

 
The multi-agent RL approaches have several advantages over 
the single-agent RL methods [49-51]. First and foremost, a 
fast learning performance can be achieved in the multi-agent 
RL configuration thanks to the parallel computation. In this 
way, the agents exploit the power allocation objective in a 
decentralized form. The multi-agent RL algorithms with 
similar tasks can reach superior performance and learn faster 
utilizing the experience-sharing concept. Since information 
analysis is conducted locally, the amount of exchanged data is 
also limited. This feature reduces the need for an expensive 
network and decreases issues like synchronization and delay. 
Moreover, when one agent stops the regular operation due to 
electrical malfunction or cyberattacks, the rest can compensate 
for the absence of the failed agent. In this regard, the multi-
agent RL approaches are inherently robust. This configuration 
also offers easy insertion of new agents, leading to a high 
degree of scalability and flexibility. This plug-and-play 
characteristic allows manufacturers to embed a reconfigurable 
controller, which reduces the final cost of installing new 
powertrain components. 
In this study, decentralized reinforcement learning (Dec-RL) 
is proposed to tackle the EMS optimization problem of an 
HFCV with an MFCS configuration. In contrast to the 
centralized RL (Cen-RL), where the collected data by all of 
the power components are analyzed at a single control unit, 
the decentralized data-driven framework consists of several 
multi-agent units that solve the EMS optimization problem 
through cooperation. 
To the best of the authors' knowledge, this paper is the first 
attempt to put forward a Dec-RL framework for the EMS 
optimization problem of a heavy-duty HFCV powered by 
multi-FC modules as the primary sources and a battery pack as 
the secondary one. 
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The remainder of this paper is organized in the following way. 
In section II, the powertrain components and modeling are 
presented in detail. A general overview of the RL framework 
is carried out in Section III. Section IV presents the 
mathematical formulation of the proposed Dec-RL EMS. In 
section V, the simulation results' analyses are illustrated to 
investigate the performance of the proposed strategy. Section 
VI provides the implementation results. Lastly, Section VII 
summarizes the significant findings. 
 
Powertrain components and modeling 
 
General powertrain structure 
 
To analyze the performance of the suggested Dec-RL EMS, a 
modular test bench based on a heavy-duty HFCV [52, 53] is 
established, as shown in Figure 3 and Figure 4. This small-
scale test bench consists of two FC modules, a battery pack, a 
programmable electronic load, and multi-range programmable 
DC power supplies for simulating the load profiles. Each FC 
module's key component is a 500-W open-cathode PEMFC 
(Horizon, model: H-500), a smoothing inductor, and an 
adjustable unidirectional boost DC-DC converter (Zahn 
ElectronicsTM, model: DC5036-SU). Six series 12-V 18-Ah 
battery packs supply the voltage of the DC bus. Each FC 
module has its autonomous Dec-EMS inside of a National 
Instrument CompactRIO (NI 9022). CompactRIO is a control 
unit for industrial applications with the capability to run under 
harsh and noisy conditions. It is composed of an FPGA, a real-
time controller, reconfigurable I/O, and an Ethernet chassis. 
FPGA is utilized for measuring the data and to execute highly 
efficient data processing. The real-time controller contains 
a microprocessor unit for implementing the control strategies. 
During the deployment process, the LabVIEW software 
program has been compiled for the real-time controller and 
FPGA. The optimal reference of each FC module is calculated 
at every control instant with an interval of 10 Hz.  

 
Figure 3. The test-bench configuration involving two FC modules and one 
battery unit. 

 

 
Figure 4. The developed small-scale modular FCS test bench. 

The power equilibrium of the FC modules and the battery unit 
is formulated in (1). 

∑ 𝑃𝑃𝑚𝑚𝑀𝑀
𝑚𝑚=1 [𝑘𝑘]𝐷𝐷𝑚𝑚[𝑘𝑘] + 𝑃𝑃𝐵𝐵[𝑘𝑘] = 𝑃𝑃𝐿𝐿[𝑘𝑘], (1) 

where 𝑃𝑃m,𝑚𝑚 ∈ 𝑀𝑀,𝑀𝑀 = {1,2} denotes the generated power by 
each of the 500-W FCSs, 𝐷𝐷m is the control signal of the boost 
converters, 𝑃𝑃𝐵𝐵 is the power provided by the battery unit, 𝑃𝑃𝐿𝐿  is 
the requested power from the propulsion system, and 𝑘𝑘 stands 
for each simulation moment. 
 
FCS modeling and constraints 
 
In this work, each of the 500-W FCSs, 𝐹𝐹𝐹𝐹𝑚𝑚,  is modeled as a 
voltage source where their polarization curves and hydrogen 
mass flows versus requested currents are described by 
experimentally validated quasi-static curves, as shown in 
Figure 5. The technical data of the utilized FCSs are reported 
in Table 1. 

 
Figure 5. The characteristic curves of the two real FCS modules: (a) 
polarization curves, (b) power curves, and (c) hydrogen curves. 
 

Table 1. Technical specification of the open-cathode PEMFC stacks (H-
500). 
 

PEMFC Stack Information 
Number of cells= 24 Hydrogen pressure= 0.45-0.55bar 
Rated power= 500W External temperature= 5-30°C 

Rated performance= 14.4V @35A Max stack temperature= 65°C 
Output voltage range= 12V-24V Humidification= Self-humidified 

Reactants= Hydrogen and Air Cooling= Air (cooling fan) 
Flow rate at max output= 6.5L/min Efficiency of stack= 40% @ 14.4V 
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Equation (2) enforces power and slew rate limits. 

where 𝑃𝑃𝑚𝑚,𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑃𝑃𝑚𝑚,𝑚𝑚𝑚𝑚𝑚𝑚 are the minimum and maximum 
values for 𝑃𝑃𝑚𝑚, 𝑅𝑅𝑑𝑑,𝑚𝑚 and 𝑅𝑅𝑢𝑢,𝑚𝑚 are boundaries of the slew rate, 
and 𝛥𝛥𝛥𝛥 indicates the time step. As explained in [54], for rising, 
a dynamic limitation of 10% of the maximum power per 
second, and for falling, 30% of the maximum power per 
second have been considered for the PEMFC stack operation. 
These constraints prevent the FCS from sudden changes, 
which can result in degradation.   
 
Battery modeling and constraints 
 
The first-order RC model of the battery pack is formulated by 

𝐼𝐼𝐵𝐵[𝑘𝑘] =
𝑉𝑉0[𝑘𝑘] − 𝑅𝑅𝑠𝑠𝐼𝐼𝐵𝐵[𝑘𝑘] − 𝑉𝑉𝐵𝐵[𝑘𝑘]

𝑅𝑅𝑐𝑐
+ 

(3) 

 𝐹𝐹𝑐𝑐
𝑑𝑑
𝑑𝑑𝑑𝑑

(𝑉𝑉0[𝑘𝑘] − 𝑅𝑅𝑠𝑠𝐼𝐼𝐵𝐵[𝑘𝑘] − 𝑉𝑉𝐵𝐵[𝑘𝑘]),  

where 𝐼𝐼𝐵𝐵 is the battery pack current, 𝑉𝑉0 is the open-circuit 
voltage, 𝑅𝑅𝑠𝑠 is the series ohmic resistance, 𝑉𝑉𝐵𝐵 is the output 
terminal voltage, 𝑅𝑅𝑐𝑐 denotes the polarization resistance, and 
𝐹𝐹𝑐𝑐 is the polarization capacitor. Equation (4) imposes power 
and slew rate limits. 

𝑃𝑃𝐵𝐵,𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝐵𝐵[𝑘𝑘] ≤ 𝑃𝑃𝐵𝐵,𝑚𝑚𝑚𝑚𝑚𝑚, (4.a) 
𝑅𝑅𝑑𝑑,𝐵𝐵𝛥𝛥𝛥𝛥 ≤ 𝑃𝑃𝐵𝐵[𝑘𝑘] − 𝑃𝑃𝐵𝐵[𝑘𝑘 − 1] ≤ 𝑅𝑅𝑢𝑢,𝐵𝐵𝛥𝛥𝛥𝛥, (4.b) 

where 𝑃𝑃𝐵𝐵,𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑃𝑃𝐵𝐵,𝑚𝑚𝑚𝑚𝑚𝑚  are the minimum and maximum 
limits of 𝑃𝑃𝐵𝐵 , respectively, and 𝑅𝑅𝑑𝑑,𝐵𝐵 and 𝑅𝑅𝑢𝑢,𝐵𝐵 are the slew rate 
boundaries of 𝑃𝑃𝐵𝐵. Equation (5) presents the state of charge 
(𝑆𝑆𝑆𝑆𝐹𝐹) calculation formula along with the constraints on the 
battery SOC level. 

𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘 + 1] = 𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘] − 𝑃𝑃𝐵𝐵[𝑘𝑘]∆𝑑𝑑
𝑄𝑄𝐵𝐵𝑉𝑉𝐵𝐵[𝑘𝑘]3600

, (5.a) 

𝑆𝑆𝑆𝑆𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘] ≤ 𝑆𝑆𝑆𝑆𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚 , (5.b) 

𝑆𝑆𝑆𝑆𝐹𝐹[0] = 𝑆𝑆𝑆𝑆𝐹𝐹0, (5.c) 
where 𝑆𝑆𝑆𝑆𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑆𝑆𝑆𝑆𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚  denote the minimum and 
maximum limits of 𝑆𝑆𝑆𝑆𝐹𝐹, respectively, 𝑆𝑆𝑆𝑆𝐹𝐹0 is the initial SoC 
level, and 𝑄𝑄𝐵𝐵 represents the battery capacity. The battery 
lifetime is affected by the depth of discharge (DOD) and is 
defined as an initial capacity drop (reaching 80% of the initial 
capacity). The state of health (𝑆𝑆𝑆𝑆𝑆𝑆) is calculated by 

𝑆𝑆𝑆𝑆𝑆𝑆[𝑘𝑘 + 1] = 𝑆𝑆𝑆𝑆𝑆𝑆[𝑘𝑘] − |𝑃𝑃𝐵𝐵[𝑘𝑘]|∆𝑑𝑑
2𝑚𝑚𝐵𝐵𝑄𝑄𝐵𝐵𝑉𝑉𝐵𝐵[𝑘𝑘]3600

, (6.a) 

𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑆𝑆𝑆𝑆𝑆𝑆[𝑘𝑘], (6.b) 
𝑆𝑆𝑆𝑆𝑆𝑆[0] = 𝑆𝑆𝑆𝑆𝑆𝑆0, (6.c) 

where 𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑆𝑆𝑆𝑆𝑆𝑆0 indicate the minimum and initial 
𝑆𝑆𝑆𝑆𝑆𝑆, respectively, and 𝑛𝑛𝐵𝐵 is the total number of cycles during 
the whole lifetime of the battery pack. The obtained 
parameters of the battery pack have been obtained from 
experimental tests and reported in Table 2. 
 
Boost converter modeling and characteristics 
 
The two converters are modeled as follows: 

𝐿𝐿𝑚𝑚
𝑑𝑑
𝑑𝑑𝛥𝛥
𝐼𝐼𝑚𝑚[𝑘𝑘] = 𝑉𝑉𝑚𝑚[𝑘𝑘] − 𝑉𝑉ℎ,𝑚𝑚[𝑘𝑘] − 𝑟𝑟𝑚𝑚𝐼𝐼𝑚𝑚[𝑘𝑘], 

 

�
𝑉𝑉ℎ,𝑚𝑚[𝑘𝑘] = 𝑚𝑚ℎ,𝑚𝑚𝑉𝑉𝐵𝐵[𝑘𝑘]

𝐼𝐼ℎ,𝑚𝑚[𝑘𝑘] = 𝑚𝑚ℎ,𝑚𝑚𝐼𝐼𝑚𝑚[𝑘𝑘]𝜂𝜂ℎ,𝑚𝑚
𝑧𝑧  z= � 1, if 𝑃𝑃𝑚𝑚 > 0

−1, if 𝑃𝑃𝑚𝑚 < 0 
(7) 

where 𝐼𝐼𝑚𝑚 and 𝑉𝑉𝑚𝑚 are the current and voltage of 𝐹𝐹𝐹𝐹𝑚𝑚, 
respectively, 𝐿𝐿𝑚𝑚 presents the smoothing inductor inductance, 
𝑟𝑟𝑚𝑚 is the smoothing inductor resistance, 𝜂𝜂ℎ,𝑚𝑚 is the average 
efficiency, and 𝑚𝑚ℎ,𝑚𝑚 is the modulation ratio of the converters. 
The estimated parameters of the boost converters are 
presented in Table 2. 
 
Table 2. The approximated battery and converter parameters. 
𝑉𝑉0 = 12.21 𝑉𝑉 𝑄𝑄𝐵𝐵 = 18.2𝐴𝐴ℎ 𝐿𝐿𝑚𝑚 = 1.1 mH 𝑟𝑟𝑚𝑚 = 23.9 mΩ 
𝑅𝑅𝑠𝑠 = 0.0141Ω 𝑅𝑅𝑐𝑐 = 0.0177Ω  𝜂𝜂ℎ,𝑚𝑚 = 96.21%  

 
General description of the reinforcement learning 
structure in power allocation strategy application 
 
A Markov decision process (MDP) is defined as a tuple (𝒮𝒮, 𝒜𝒜, 
P, R, T), where 𝒮𝒮 and 𝒜𝒜 denote the set of states 𝑠𝑠 ∈ 𝒮𝒮 (the 
requested power, SOC) and the control actions 𝑎𝑎 ∈ 𝒜𝒜 (the FC 
modules' output power), respectively. 𝑃𝑃(𝑠𝑠𝑑𝑑+1| 𝑠𝑠𝑑𝑑 , 𝑎𝑎𝑑𝑑):𝒮𝒮 ×
𝒜𝒜 → 𝑃𝑃(𝑠𝑠) is the probability of transitioning into 𝑠𝑠𝑑𝑑+1 ∈ 𝒮𝒮 at 
time 𝛥𝛥 + 1 when an agent (the EMS control unit) takes an 
action 𝑎𝑎𝑑𝑑 ∈ 𝒜𝒜,  in the state 𝑠𝑠𝑑𝑑 ∈ 𝒮𝒮 at time 𝛥𝛥. 
𝑅𝑅𝑑𝑑(𝑠𝑠𝑑𝑑 , 𝑎𝑎𝑑𝑑 , 𝑠𝑠𝑑𝑑+1):𝒮𝒮 × 𝒜𝒜 × 𝒮𝒮 → ℝ is the reward value obtained 
when an action 𝑎𝑎𝑑𝑑 ∈ 𝒜𝒜 is taken. T presents a finite time 
horizon that the MDP is solved to seek a control policy 𝜋𝜋𝜃𝜃 ∈
Π. The control policy relies on the value of 𝑄𝑄(𝑠𝑠𝑑𝑑 , 𝑎𝑎𝑑𝑑) and 
defines an action 𝑎𝑎 ∈ 𝒜𝒜 that must be taken in each state 𝑠𝑠𝑑𝑑 ∈
𝒮𝒮 for maximizing the discounted cumulative rewards 
𝐸𝐸[∑ 𝛾𝛾𝑚𝑚𝑑𝑑

𝑚𝑚=0 𝑅𝑅𝑑𝑑+1+𝑚𝑚|𝑠𝑠 = 𝑠𝑠𝑑𝑑 , 𝑎𝑎 = 𝑎𝑎𝑑𝑑], where 𝛾𝛾 ∈ [0,1] is a 
discounting factor. The primary purpose of the Q-learning 
algorithm is to determine the optimal control strategy 𝜋𝜋𝜃𝜃∗ =
𝑎𝑎𝑟𝑟𝑎𝑎𝑚𝑚𝑎𝑎𝑎𝑎 𝑄𝑄(𝑠𝑠𝑑𝑑 , 𝑎𝑎𝑑𝑑) that maximizes the Q-value. 
 
The mathematical formulation of the proposed 
decentralized reinforcement learning EMS framework 
 
In this section, the process of developing the Cen-EMS and 
the Dec-EMS approaches for the MFCV EMS optimization 
problem is developed. The central concept of a multi-agent RL 
framework for the EMS optimization problem of a heavy-duty 
MFCV is shown in Figure 6. Generally, in the multi-agent RL 
approach, several agents communicate with the environment 
to determine how to develop the control policies and take 
optimal actions in the presence of unwanted disturbance. The 
environment is formed from the powertrain components, 
driving profile, satellites, global position system (GPS), 
V2V&V2X, and traffic information.  

𝑃𝑃𝑚𝑚,𝑚𝑚𝑚𝑚𝑚𝑚≤𝑃𝑃𝑚𝑚[k]≤𝑃𝑃𝑚𝑚,𝑚𝑚𝑚𝑚𝑚𝑚, (2.a) 
𝑅𝑅𝑑𝑑,𝑚𝑚𝛥𝛥𝛥𝛥 ≤ 𝑃𝑃𝑚𝑚[𝑘𝑘]-𝑃𝑃𝑚𝑚[𝑘𝑘 − 1]≤𝑅𝑅𝑢𝑢,𝑚𝑚𝛥𝛥𝛥𝛥, (2.b) 



 5 

 
Figure 6. The general decentralized multi-agent reinforcement learning.  

 
The proposed multi-agent EMS is composed of a set of FC 
modules and a battery pack. Each FC module agent aims to 
decrease the total cost while taking into account the 
powertrain operation characteristics. Q-learning [55] is 
nominated for each FC module agent's learning process, and 
all FC modules are considered to run their Q learning 
algorithms synchronously. The corresponding RL agents 
optimally allocate the FC modules' output powers in a discrete 
action space in the following manner. Firstly, each control unit 
uploads the optimal action to the powertrain system and 
receives a reward value. Secondly, each FC module EMS 
updates its local control policy through the received reward 
value. A sufficient number of the training process is iteratively 
executed until all FC modules' control policies converge. After 
completing the learning process, each local EMS has its fine-
tuned local control policy, which is more general to new 
unobserved states. In the following subsections, the 
mathematical equations related to the Cen-RL and the Dec-RL 
approaches are thoroughly presented.  
 
The centralized reinforcement learning approach 
 
The mathematical formulation of the centralized EMS is 
formulated as follows. 
1) State-space: The state space of the Dec-RL agent for the FC 
modules is determined by 

𝒮𝒮𝐹𝐹𝐹𝐹 = {𝑃𝑃𝐿𝐿[𝑘𝑘], 𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘]} (8) 
where 𝑘𝑘 represents the planning time of the two FC modules 
and the battery pack, 𝑃𝑃𝐿𝐿[𝑘𝑘] denotes the 𝑃𝑃𝐿𝐿  value at time 𝑘𝑘, 
𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘] is the SOC of the battery pack at time 𝑘𝑘, which is 
calculated using equation (5.a) depending on the generated 
powers of the FC modules at time 𝑘𝑘 (𝑃𝑃𝑚𝑚[𝑘𝑘]) and 𝑃𝑃𝐿𝐿[𝑘𝑘]. 
2) Action space: The optimal output power (action) for each 
FC module impacts on the powertrain (environment), 
including the current state, 𝒮𝒮𝐹𝐹𝐹𝐹  as presented in (8). The action 
space of the FC modules is demonstrated below. 

𝒜𝒜𝐹𝐹𝐹𝐹 = {𝑃𝑃𝑚𝑚[𝑘𝑘])} (9) 
where 𝑃𝑃𝑚𝑚[𝑘𝑘] denotes the generated powers of the FC modules 
at time 𝑘𝑘. 𝑃𝑃𝑚𝑚[𝑘𝑘] must take into account (2.a) and (2.b). 
3) Reward function: The multi-objective reward function is 
developed as the sum of the negative hydrogen and 
degradation expenses associated with the FC modules and the 

battery unit and their operating characteristics. The reward 
function for the FC modules' agent, ℛ𝑇𝑇[𝑘𝑘], is defined as 
ℛ𝑇𝑇[𝑘𝑘] = −1 × (∑ 𝑆𝑆𝐻𝐻,𝑚𝑚[𝑘𝑘] + 𝑆𝑆𝑑𝑑,𝑚𝑚[𝑘𝑘] + 𝑆𝑆𝐵𝐵[𝑘𝑘]𝑚𝑚 +

𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹), 
(10.a) 

The hydrogen cost of each FC module, 𝑆𝑆𝐻𝐻,𝑚𝑚, is computed by 
𝑆𝑆𝐻𝐻,𝑚𝑚[𝑘𝑘] = ℎ𝑚𝑚[𝑘𝑘]𝐹𝐹𝐻𝐻2∆𝛥𝛥, (10.b) 

where ℎ𝑚𝑚 is the hydrogen consumption, 𝐹𝐹𝐻𝐻2 is the hydrogen 
price, and 𝛥𝛥𝛥𝛥 indicates the time step. Each FC module 
degradation cost, S𝑑𝑑,𝑚𝑚, is calculated by 

S𝑑𝑑,𝑚𝑚[𝑘𝑘] = 𝑆𝑆𝑑𝑑,𝑚𝑚
𝑙𝑙 [𝑘𝑘] + 𝑆𝑆𝑑𝑑,𝑚𝑚

ℎ [𝑘𝑘], (10.c) 
where 𝑆𝑆𝑑𝑑,𝑚𝑚

𝑙𝑙 and 𝑆𝑆𝑑𝑑,𝑚𝑚
ℎ are the related expenses to low-power and 

high-power operation, respectively. 𝑆𝑆𝑑𝑑,𝑚𝑚
ℎ  is calculated by 

𝑆𝑆𝑑𝑑,𝑚𝑚
𝑙𝑙 [𝑘𝑘] = 𝑚𝑚𝑚𝑚𝜀𝜀𝑙𝑙𝐹𝐹𝐹𝐹𝐹𝐹,𝑚𝑚∆𝑑𝑑𝜇𝜇𝑙𝑙,𝑚𝑚

3600 𝑉𝑉𝑛𝑛,𝑚𝑚
, (10.d) 

𝑆𝑆𝑑𝑑,𝑚𝑚
ℎ [𝑘𝑘] = 𝑚𝑚𝑚𝑚𝜀𝜀ℎ𝐹𝐹𝐹𝐹𝐹𝐹,𝑚𝑚∆𝑑𝑑𝜇𝜇ℎ,𝑚𝑚

3600 𝑉𝑉𝑛𝑛,𝑚𝑚
, (10.e) 

where 𝜀𝜀𝑙𝑙  and 𝜀𝜀ℎ  are the low-power and high-power cell 
degradation rates, respectively. The values of these variables 
are given in Table 3, which are adopted from [56, 57].  
 
Table 3. Cell degradation rate. 

Variable Symbol Value Unit 
Low-power 𝜀𝜀𝑙𝑙 8.662 𝜇𝜇𝑉𝑉 ℎ⁄  
High-power 𝜀𝜀ℎ 10  𝜇𝜇𝑉𝑉 ℎ⁄  

 
where 𝑛𝑛𝑚𝑚 represents the number of cells in each 𝐹𝐹𝐹𝐹𝑚𝑚, 𝑉𝑉𝑚𝑚,𝑚𝑚 is 
10 % of the nominal 𝐹𝐹𝐹𝐹𝑚𝑚voltage drop, and 𝐹𝐹𝐹𝐹𝐹𝐹𝑚𝑚  is FCS cost. 
𝜇𝜇𝑙𝑙,𝑚𝑚 and 𝜇𝜇ℎ,𝑚𝑚 are equal to 

𝜇𝜇𝑙𝑙,𝑚𝑚 = �1, if 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚,𝑚𝑚 ≤ 𝑃𝑃𝑚𝑚[k] ≤ 0.2 × 𝑃𝑃𝑚𝑚𝑆𝑆𝑚𝑚,𝑚𝑚
0,                       otherwise.                 , (11.a) 

𝜇𝜇ℎ,𝑚𝑚 = �1, if 0.8 × 𝑃𝑃𝑚𝑚𝑆𝑆𝑚𝑚,𝑚𝑚 ≤ 𝑃𝑃𝑚𝑚[𝑘𝑘] ≤ 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚,𝑚𝑚
0,                          otherwise.                , (11.b) 

where 𝑃𝑃𝑛𝑛𝑆𝑆𝑚𝑚,𝑚𝑚 is the output power recommended by the FCS 
manufacturing company for nominal use of FCS [57]. The 
battery degradation cost, 𝑆𝑆𝐵𝐵, is determined by 

𝑆𝑆𝐵𝐵[𝑘𝑘] = 𝐹𝐹𝐵𝐵(𝑆𝑆𝑆𝑆𝑆𝑆𝐵𝐵[𝑘𝑘] − 𝑆𝑆𝑆𝑆𝑆𝑆𝐵𝐵[0]), (11.c) 
where 𝐹𝐹𝐵𝐵 is the battery price. The punishment term, 𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹 , is 
used to  measure the SoC level variation, which is defined by 

𝑠𝑠𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘]=𝛽𝛽(𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘] − 𝑆𝑆𝑆𝑆𝐹𝐹0)2, (11.d) 
where 𝑆𝑆𝑆𝑆𝐹𝐹0 is the initial SoC, and 𝛽𝛽 is a significant positive 
coefficient. Table 4 demonstrates the reference price of 
hydrogen, battery, and the FCS. 
 
Table 4. The reference price of hydrogen, battery, and FCS. 

Cost Symbol Value Unit 
Hydrogen 𝐹𝐹𝐻𝐻2 3.9254 [58] $/Kg 

FCS 𝐹𝐹𝐹𝐹𝐹𝐹𝑚𝑚 35 [59] $/kW 
Battery unit 𝐹𝐹𝐵𝐵 189 [60] $/kWh 

 
The main structure with the components of the developed 
Cen-RL EMS is presented in Figure7. 
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Figure 7. The Cen-RL algorithm configuration. 

 
The decentralized reinforcement learning approach 
 
The mathematical formulation of the decentralized learning-
based algorithm is presented below. 
1) State-space: The state space of the Dec-RL agents for the 
FC modules is determined by 

𝒮𝒮𝐹𝐹𝐹𝐹𝑚𝑚 = {𝑃𝑃𝐿𝐿[𝑘𝑘], 𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘]}. (12) 
2) Action space: The action space of the FC modules is 
demonstrated below. 

𝒜𝒜𝐹𝐹𝐹𝐹
𝑚𝑚 = {𝑃𝑃𝑚𝑚[𝑘𝑘])} (13) 

3) Reward function: The reward function for the FC modules' 
agents, ℛ𝑇𝑇

𝑚𝑚, is formulated as 
ℛ𝑇𝑇
𝑚𝑚 = −1 × (𝑆𝑆𝐻𝐻,𝑚𝑚[𝑘𝑘] + 𝑆𝑆𝑑𝑑,𝑚𝑚[𝑘𝑘] + 𝑆𝑆𝐵𝐵[𝑘𝑘] + 𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹), (14.a) 

The hydrogen cost of each FC module, 𝑆𝑆𝐻𝐻,𝑚𝑚, is computed by 
𝑆𝑆𝐻𝐻,𝑚𝑚[𝑘𝑘] = ℎ𝑚𝑚[𝑘𝑘]𝐹𝐹𝐻𝐻2∆𝛥𝛥. (14.b) 

Each FC module degradation cost, S𝑑𝑑,𝑚𝑚, is calculated by 
S𝑑𝑑,𝑚𝑚[𝑘𝑘] = 𝑆𝑆𝑑𝑑,𝑚𝑚

𝑙𝑙 [𝑘𝑘] + 𝑆𝑆𝑑𝑑,𝑚𝑚
ℎ [𝑘𝑘], (14.c) 

where 𝑆𝑆𝑑𝑑,𝑚𝑚
𝑙𝑙 and 𝑆𝑆𝑑𝑑,𝑚𝑚

ℎ are expenses of low-power, high-power, 
respectively. The battery degradation cost, 𝑆𝑆𝐵𝐵, is determined 
by  

𝑆𝑆𝐵𝐵[𝑘𝑘] = 𝐹𝐹𝐵𝐵(𝑆𝑆𝑆𝑆𝑆𝑆𝐵𝐵[𝑘𝑘] − 𝑆𝑆𝑆𝑆𝑆𝑆𝐵𝐵[0]). (15.a) 
𝑠𝑠𝑆𝑆𝑆𝑆𝐹𝐹  is a punishment item to measure the SoC level variation, 
which is defined by 

𝑠𝑠𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘]=𝛽𝛽(𝑆𝑆𝑆𝑆𝐹𝐹[𝑘𝑘] − 𝑆𝑆𝑆𝑆𝐹𝐹0)2. (15.b) 
The decentralized structure of the Cen-RL EMS and the 
pseudo-code are presented in Figure 8 and Algortim.1. 

 
Figure 8. The configuration of the Dec-RL EMS involving N-connected agents.  
 

Algorithm.1: Dec-RL process for the power allocation strategy 
problem. 

1. Initialize each fuel cell module's constraints, the battery, output 
power, and operation characteristics. 
2. Initialize the local 𝑄𝑄𝑚𝑚 matrix, iteration number, learning parameters, 
the state, and action lists of each agent 
%%Seeking an optimal power allocation policy for each FC modules' 
agent 
 3.For local learning episode = 1, Maximum value do 
 4. For the selected load profile time step=1, Maximum value do 
 5. Select an action 𝑎𝑎𝑑𝑑 ∈ 𝒜𝒜 with 𝑃𝑃(𝑠𝑠𝑑𝑑+1| 𝑠𝑠𝑑𝑑, 𝑎𝑎𝑑𝑑) for each state 𝑠𝑠𝑑𝑑 ∈ 𝒮𝒮   
(ε-greedy policy) and observe 𝑅𝑅𝑑𝑑(𝑠𝑠𝑑𝑑,𝑎𝑎𝑑𝑑 , 𝑠𝑠𝑑𝑑+1) 
 6. update 𝑄𝑄𝑚𝑚(𝑠𝑠𝑑𝑑, 𝑎𝑎𝑑𝑑) by   
       𝑄𝑄𝑚𝑚(s, a)=𝑄𝑄𝑚𝑚(s, a) + α(𝑟𝑟𝑚𝑚 + γmaxa′ϵ A𝑄𝑄𝑚𝑚(ś, á) − 𝑄𝑄𝑚𝑚(s, a)) 
 7. end 
 8. end 

 
Simulation results analysis and discussion  
 
In this section, the performance of the proposed Dec-RL EMS 
scheme is investigated. Firstly, the suggested multi-agent 
method is compared with the Cen-RL and dynamic 
programming (DP). Secondly, the learning-based strategies 
are improved from a single-step optimization algorithm to a 
multi-step moving horizon one. The computational complexity 
is thoroughly influenced by the PC hardware (Processor unit= 
Core i5, 2.30 GHz, RAM= 4.00 GB). During the evaluation 
phase, the Q matrix is initialized with zero values (cold-start). 
In the learning-based optimization approaches, the learning 
rate (𝛼𝛼), the random action exploration rate (𝜀𝜀), and discount 
factor (𝛾𝛾), are 0.3, 0.999, and 0.1, respectively. The learning 
parameters are customized according to the primary learning 
sequences based on the system specifications [61, 62]. In this 
regard, several values are tried, and the ones with the best 
performance are selected. For instance, using a large value for 
the learning rate (α) would result in a lot of oscillations and 
local optima while a small learning rate could lead to a 
learning process. Similar to the learning rate, the discount 
factor (γ) can be adjusted based on initial learning results. The 
discretization values of the state space and the control actions 
are listed in Table 5. 
 
Table 5. The state-space variables and the action space variables 
discretization. 

Variable Lower band Upper band Discretization 
𝑃𝑃𝐿𝐿 Minimum value Maximum value 15 
𝑆𝑆𝑆𝑆𝐹𝐹 0.6 0.8 20 
𝑃𝑃1 0.125×Maximum power Maximum power 10 
𝑃𝑃2 0.125×Maximum power Maximum power 10 

 
To evaluate the designed EMS performance, a real driving 
profile [52] from a heavy-duty HFCV is used throughout the 
training procedure, as demonstrated in Figure 9. Since the 
maximum power of the driving profile is higher than the 
limitations of the modular small-scale test bench, the driving 
profile has been scaled down. 
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Figure 9. The real driving profile characteristics: (a) power, (b) velocity, 
(c) acceleration, (d) power distribution, (e) velocity distribution, and (f) 
acceleration distribution. 

 
General performance investigation 
 
The optimized output power trajectories and the SoC 
evaluation obtained by the Cen-RL and the Dec-RL EMSs 
after 2000 times iteration are shown in Figure.10 and Figure 
11. As it can be seen, the operating points of the FC modules 
under the Cen-RL and Dec-RL EMSs are primarily located in 
the high efficiency and low hydrogen-consumption areas. The 
SoC trajectories of the battery unit under Cen-RL and Dec-RL 
EMSs fluctuate between 69% and 71%, and both SOC 
oscillations are almost similar. 

 
Figure 10. Optimal EMSs results based on Cen-RL (Pload: the requested 
power, FCs: the power provided by the FC modules (FC1, FC2), Battery: 
the battery power): (a) the power profiles, (b) the power profiles of the FC 
modules, and (c) the SoC level trajectory. 

 
Figure 11. Optimal EMSs results based on Dec-RL (Pload: the requested 
power, FCs: the power provided by the FC modules (FC1, FC2), Battery: 
the battery power): (a) the power profiles, (b) the power profiles of the FC 
modules, and (c) the SoC level trajectory. 

 
A comparison between the FC modules' power profiles in the 
time domain and power distribution under Cen-RL and Dec-
RL approaches is shown in Figure 12 and Figure 13. It can be 
viewed that the FC modules collaborate at the efficient regions 
to meet the load power profile and reduce the total reward 
functions. Nevertheless, because of the FC modules' slow 
response characteristics, the battery unit supplies the peaks 
and fast dynamic powers. In case of gradual ageing 
phenomena or employing two FCSs with different degradation 
levels, it is crucial to update the hydrogen consumption, 
polarization curves, and degradation levels. One of the 
promising methodologies to adapt to these changes is to 
integrate the proposed framework with an online identification 
method to capture the actual fuel cell characteristics [63]. 
From the viewpoint of a PAS, different FC characteristics 
means different feasible search space for the optimization 
problem (e.g. 𝑃𝑃𝐹𝐹𝐹𝐹 ,𝑀𝑀𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝐹𝐹𝐹𝐹 ≤ 𝑃𝑃𝐹𝐹𝐹𝐹 ,𝑀𝑀𝑚𝑚𝑚𝑚). Therefore, the 
extracted power from each FC by the PAS is different since 
the feasible search space of each FC is different.       
 

 
Figure 12. The optimized power profile and the power distribution of the 
FC modules utilizing Cen-RL (a) the power profile of the 𝐹𝐹𝐹𝐹1, (b) the 
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distribution of the 𝐹𝐹𝐹𝐹1, (c) the power profile of the 𝐹𝐹𝐹𝐹2, and (d) the 
distribution of the 𝐹𝐹𝐹𝐹2. 

 

 
Figure 13. The optimized power profile and the power distribution of the 
FC modules employing Dec-RL (a) the power profile of the 𝐹𝐹𝐹𝐹1, (b) the 
distribution of the 𝐹𝐹𝐹𝐹1, (c) the power profile of the 𝐹𝐹𝐹𝐹2, and (d) the 
distribution of the 𝐹𝐹𝐹𝐹2. 

A comparison between the learning curves of the Cen-RL and 
Dec-RL total rewards is presented in Figure 14. For both RL-
based approaches, the training processes are repeated ten 
times. It should be mentioned that the training curves increase 
and converge as the optimal control policies for the FC 
modules and the battery unit learn from the reward functions. 
783 learning iterations are required for Cen-RL to reach the 
optimal policy, while Dec-RL only needs 622 learning 
iterations, a 20.35% iterations reduction. It can be inferred that 
the Dec-RL EMS accelerates the learning process of the 
optimal policy as a consequence of the reduction of the Q 
matrix and the cooperation of the FC modules and the battery 
pack. 

 
Figure 14. The evolution of the total rewards reached during the learning 
step of the Cen-RL and Dec-RL approaches. 

 
The final price (after SOC correction) and the computational 
time are listed in Table 6. For the DP approach, the 
computation time is the total required time of performing the 
optimization for the entire driving cycle. Concerning the RL-
based strategy, the computation time refers to the required 
time of the training process. The proposed learning-based 
approaches have shown a very close total cost to the DP 
algorithm. The total costs based on Cen-RL and Dec-RL are 

$0.051and $0.0471(FC1 + FC2), respectively, which is 13.33% 
and 4.44% higher than DP ($0.045). In terms of computational 
time complexity, the proposed Dec-RL method has been much 
faster than others because of the decentralized structure. The 
computational burden has been reduced by 66.66% and 
92.61% concerning Cen-RL and DP, respectively. 
 

Table 6. The comparison analysis of the developed algorithms. 
 DP Cen-RL Dec-RL 

FC1 + FC2 FC1 + FC2 FC1 FC2 

Computational time (s) 205 45.460 15.1542 15.286 

Number of iteration - 783 621 621 

Total cost ($) 0.045 0.051 0.0235 0.0236 
 
Analysis of moving finite learning ahead horizon 
 
This subsection scrutinizes how multi-step ahead RL-based 
optimization influences the optimal cost and the convergence 
speed of the Cen-RL and Decen-RL algorithms. Since velocity 
prediction is not in the scope of this study, the velocity profile 
is supposed to be precisely known. The Cen-RL and Decen-
RL EMSs with two steps to 26 steps are compared in terms of 
the convergence speed and the total reward. The associated 
results with the centralized and decentralized algorithms are 
demonstrated in Figure 15 and Figure 16. 

 
Figure 15. The convergence speeds and the total negative rewards comparison 
of the Cen-RL trajectories with different multi-step prediction values. 

 

 
Figure 16. The convergence speeds and the total negative rewards comparison 
of the Dec-RL trajectories with different multi-step prediction values. 
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It becomes apparent that convergence speed increases, and the 
total final cost reduce with adding moving finite learning 
ahead horizons into both learning-based methods. It can be 
concluded that it is vital to include a moving multi-step 
prediction for the real-time perspective. The optimal power 
trajectories with 26 steps ahead prediction are illustrated for 
the Cen-RL and Dec-RL EMSs in Figure 17 and Figure 18. As 
it can be seen, in both Cen-RL and Dec-RL with the moving 
horizon methods, the final SoC values converge exactly to 0.7, 
while in the previous section results, the data-driven methods 
could not finish in the same SoC values.   

 
Figure 17. Optimal EMSs results based on Cen-RL with 26 steps (Pload: 
the requested power, FCs: the power provided by the FC modules (FC1, 
FC2), Battery: the battery power): (a) the power profiles, (b) the power 
profiles of the FC modules, and (c) the SoC level trajectory. 

 

 
Figure 18. Optimal EMSs results based on Dec-RL with 26 steps (Pload: 
the requested power, FCs: the power provided by the FC modules (FC1, 
FC2), Battery: the battery power): (a) the power profiles, (b) the power 
profiles of the FC modules, and (c) the SoC level trajectory. 

 
Experimental validation in the developed small-scaled test 
bench  
 
In real-time applications, the computation time achievability 
of the decentralized data-driven approach is pivotal. The 
proposed Dec-RL EMS is implemented on the small-scale test 

bench to evaluate the previous simulation outcomes. The 
power profiles and SOC trajectories are illustrated in Figure 
19. The FC modules operate in high efficiency and low-
degradation zones. The total cost of Dec-RL ($0.049) is 
10.90% lower than that of the Cen-RL algorithm ($0.055). 
The computational complexity of Dec-RL is about 49.78% 
lower than Cen-RL. The Dec-RL shifts the computational 
burden to the local controller units. In this way, a multi-agent 
platform with low-cost and limited computational capability 
units is sufficient. Furthermore, the multi-agent system leads 
to a reduced final cost. It can be inferred that in comparison to 
the centralized-based RL EMS, the suggested decentralized 
scheme is more cost-saving while having the ability to be 
implemented in real-time. Generally, the degradation terms 
have to be determined employing several long-duration ageing 
experimental tests. In this work, since the only usage of the 
degradation terms is to test the proposed PAS under 
performance attenuation conditions, both degradation rates are 
adopted from previously published papers.  

 
Figure 19. The implementation outcomes of the EMS based on Dec-RL : 
(a) the output power trajectories, (b) the FC modules profiles, and (c) the 
SoC changes. 

 
Conclusions 
 
A proof-of-concept study is performed to address the power 
allocation challenge of a heavy-duty HFCV in a decentralized 
fashion in this paper. Simulation and experimental results 
indicate that the suggested strategy with Dec-RL EMS can 
successfully allocate the FC modules' optimal powers and 
battery pack in the MFCV with different FCS modules 
parameters and operation preferences. Besides, the suggested 
data-driven approach is proved to outperform the Cen-RL 
algorithm in terms of convergence speed. The experiment 
results of the small-scale test bench substantiate that the 
decentralized EMS is implementable in real-time. The 
suggested decentralized RL method will be advanced through 
the deep learning method in our future work. 
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