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An effective energy management strategy (EMS) is essential to optimize the energy efficiency of electric 
vehicles (EVs). With the advent of advanced machine learning techniques, the focus on developing 
sophisticated EMS for EVs is increasing. Here, we introduce LearningEMS: a unified framework and 
open-source benchmark designed to facilitate rapid development and assessment of EMS. LearningEMS 
is distinguished by its ability to support a variety of EV configurations, including hybrid EVs, fuel cell 
EVs, and plug-in EVs, offering a general platform for the development of EMS. The framework enables 
detailed comparisons of several EMS algorithms, encompassing imitation learning, deep reinforcement 
learning (RL), offline RL, model predictive control, and dynamic programming. We rigorously evaluated 
these algorithms across multiple perspectives: energy efficiency, consistency, adaptability, and practica-
bility. Furthermore, we discuss state, reward, and action settings for RL in EV energy management, intro-
duce a policy extraction and reconstruction method for learning-based EMS deployment, and conduct
hardware-in-the-loop experiments. In summary, we offer a unified and comprehensive framework that
comes with three distinct EV platforms, over 10 000 km of EMS policy data set, ten state-of-the-art algo-
rithms, and over 160 benchmark tasks, along with three learning libraries. Its flexible design allows easy
expansion for additional tasks and applications. The open-source algorithms, models, data sets, and
deployment processes foster additional research and innovation in EV and broader engineering domains.

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

The automotive industry has recently undergone a transforma-
tive shift fueled by the growing global emphasis on sustainability 
and environmental conservation. At the forefront of this revolution
is the advent of electric vehicles (EVs), representing a paradigm
shift away from the traditional internal combustion engine vehi-
cles (ICEVs) [1,2]. The EV landscape encompasses a diverse array 
of technologies, including battery EVs (BEVs), hybrid EVs (HEVs),
plug-in HEVs (PHEVs), and fuel cell EVs (FCEVs). This spectrum of
electric mobility solutions addresses concerns related to green-
house gas emissions, fossil fuel dependency, and the broader eco-
logical impact of transportation [3]. In particular, the widespread 
adoption of PHEVs has experienced a significant increase in recent 
years, fueled by their favorable fuel economy, superior perfor-
mance, and extended range [4]. The Build Your Dreams (BYD; 
China) electric vehicle manufacturer achieved sales of 3.02 million 
electric vehicles in the 2023, with PHEVs accounting for 47.9% of
the total sales.

Considering the integration of multiple power sources in HEVs, 
PHEVs, and FCEVs, the effective implementation of an energy 
management strategy (EMS) assumes paramount importance.
The purpose of an EMS is to judiciously allocate power among
the diverse energy systems integrated into these vehicles [5].
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Unlike traditional vehicle control problems that often have instan-
taneous solutions, the EMS for these advanced vehicles involves 
decision-making and control over the entire driving cycle horizon. 
This comprehensive approach requires the consideration of both 
short- and long-term energy availability. To tackle the intricate 
energy management challenge, various EMS approaches have been
proposed over the last decades. These solutions can be broadly cat-
egorized into three main groups: rule-based, optimal control, and
learning-based strategies. Rule-based strategies lack optimality
guarantees and require time-consuming design and calibration
practices [6]. Commonly used optimization-based methods include 
dynamic programming (DP), equivalent consumption minimiza-
tion strategy (ECMS), Pontryagin’s minimum principle (PMP), and
model predictive control (MPC) [7,8]. However, accurately fore-
casting future driving conditions poses a significant challenge. A 
more pressing concern is that optimization algorithms, which typi-
cally rely on iterative methods to identify the best solution, are not
ideally suited for real-time control in EVs.

Machine learning approaches have garnered attention as a 
potential solution to address these limitations [9]. Using the Web 
of Science academic database, we observed a noticeable upward 
trend in the number of articles related to machine learning and 
electric vehicle energy management over the past three years: 
293 in 2021, 460 in 2022, and 420 in 2023. This trend highlights 
the growing importance of learning-based EMS in recent years. 
Especially, learning-based EMS means that a software agent per-
forms a power split without using explicit rules or specific opti-
mization process and instead relying on inferences of machine
learning algorithms. A straightforward approach to implementing
a learning-based EMS involves using supervised learning with neu-
ral networks to approximate the optimal control strategies. For
example, Millo et al. [10] utilized extensive vehicle simulation 
data, informed by DP, to develop a deep neural network (DNN) 
agent for PHEV. This method, known as imitation learning, relies
on training data generated by expert policies or high-quality
labeled data derived from optimal EMS solutions like DP [11]. 
However, collecting high-quality energy management data in 
real-world scenarios is challenging, and imitation learning often
exhibits limited adaptability under unfamiliar conditions.

Reinforcement learning (RL) offers an intelligent and self-
learning approach for EMS. Unlike supervised learning, RL determi-
nes the optimal actions through trial and error [12]. In this 
approach, an agent interacts with the driving environment, making 
decisions based on the current state and receiving feedback.
Through iterative learning, the RL agent continuously refines the
EMS to maximize objectives [13]. Additionally, deep RL (DRL) is 
an improvement over traditional RL in that it effectively handles
high-dimensional and continuous control challenges through the
use of DNNs [14]. This advancement has generated significant 
interest in applying DRL to energy managemen t problems. Central
to DRL-based EMS is the Markov decision process (MDP) [15,16],  in  
which states, rewards, and actions are defined according to the 
environment model, optimization objectives, and control targets. 
Actions play a critical role in this framework, with different algo-
rithms being suited to different control challenges. The current
research on DRL-based EMS predominantly falls into three cate-
gories of algorithms: ① discrete control space: exemplified by
methods such as deep Q-networks (DQNs) [17,18] and double 
DQN (DDQN) [19]. For discrete action DRL algorithms, developing 
effective action discretization rules is essential [20]. ② Continuous 
control space: this category includes algorithms such as deep
deterministic policy gradient (DDPG) [21], Soft Actor–Cr itic (SAC)
[13,22], twin delayed DDPG (TD3) [23], and proximal policy opti-
mization (PPO) [24]. These algorithms are capable of directly out-
putting continuous actions, such as engine power and motor
torque. ③ Hybrid action space: for complex hybrid vehicles, which
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require control over both engine power and gear shifts, discrete
and continuous control variables can be combined [25,26]. 

The field of RL remains highly active and has witnessed rapid 
developments over the past few years. New learning frameworks, 
such as transfer learning and offline RL, have emerged as part of
these advancements. Transfer learning in EMS uses knowledge
from pre-trained DRL models to rapidly adapt to novel driving con-
ditions or vehicle types, enhancing efficiency and performance
[27,28]. Offline RL involves training an agent using a fixed data 
set collected beforehand without engaging in interactions with
the environment during the training process [29]. This approach 
is particularly valuable when real-time interaction with the vehicle 
is not feasible or when safety concerns arise. In our previous study
[30], we demonstrated that offline RL can utilize historical data 
sets to optimize the suboptimal EMS while adhering to safety
constraints.

With various learning-based methods in hand, a researcher 
must determine which one is applicable to EMS. While the number
of publications has steadily increased over the last years [20,31], 
the domain of EMS confronts several pivotal challenges. ① The 
absence of a standard for unified vehicle models has led research-
ers to adopt disparate vehicle models. This disparity extends to 
subsystems such as batteries, engines, and fuel cells, in which 
modeling precision and optimization objectives diverge. ② The 
variety of metrics and the lack of standardization in the construc-
tion of the agent and environment for learning-based EMS can lead 
to potentially misleading results. Systematic evaluation and com-
parison are essential not only to understand the strengths of exist-
ing algorithms but also to identify their limitations and suggest 
future research directions. ③ Recent research in DRL-based EMS
often focuses on refining states, actions, and rewards within speci-
fic contexts, making it challenging to replicate these improved
methods. ④ Deploying a learning-based EMS from simulation
environments to real-world scenarios is a complex and systematic
engineering task, with few studies focusing on this deployment
process. To effectively address these challenges, a unified and open
platform for EMS must be established. Further, given the explo-
ration of diverse algorithms in EMS literature, establishing a com-
prehensive benchmark that incorporates a range of prominent EMS
is essential for a fair and unbiased assessment of their
performance.

Considering the widespread use of open source platforms such
as OpenAI Gym [32] in the field of artificial intelligence, as well as
tools such as CARLA (Spain) [33] and Autoware (Japan) [34] in 
autonomous driving, a comprehensive open source platform in 
the EV domain is lacking. Here, we present LearningEMS, which 
stands as a unified EMS framework by open-sourcing algorithms,
EV environments, data sets, algorithms, and deployment processes.
This holistic approach equips researchers with the tools essential
for exploring learning-based EMS for EVs. Fig. 1(a) shows the 
framework architecture that users can easily modify and redis-
tribute or integrate into their own applications. We have made 
available three EV simulation environments adhering to the 
OpenAI Gym standard that can be used to benchmark different 
learning-based algorithms. The environment offers high-precision 
models and supports substantial customizability, allowing users 
to create new environments and add modules to existing environ-
ments. Subsequently, a benchmark for learning-based EMS is 
established, encompassing popular DRL algorithms, as well as
recent approaches in imitation learning and offline RL. This facili-
tates a detailed analysis of energy efficiency, consistency, and
adaptability of learning-based EMS. Furthermore, we evaluate
and explore the impact of various configuration settings (state,
action, and reward function) on performance and characteristics.
We also present a policy extraction and reconstruction method
tailored for EMS deployment, leading to the deployment of a
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Fig. 1. The learning-based EMS framework and system design of LearningEMS. (a) It consists of three layers: the EV environment layer, the learning-based algorithm layer, 
and the application layer. D3QN: dueling DDQN; CQL: conservative Q-learning; BCQ: batch-constrained Q-Learning; SB3: Stable-Baselines3; RLlib: RL library. (b) Training 
pipeline of LearningEMS: First, choose an EV environment, users can create new environments or add modules to existing ones. Then, choose an algorithm and dataset.
Finally, start training. After training the policy in simulation, it can be directly deployed into the controller, enabling hardware-in-the-loop (HIL) or vehicle-in-the-loop (VIL)
experiments.
parameterized EMS onto a real controller. Notably, by leveraging 
LearningEMS, we have been able to streamline the process of
defining new environments and training policies, enabling rapid
and flexible development as illustrated in Fig. 1(b). We encourage 
researchers to extend the open-source LearningEMS library to
advance EMS methods and innovations rapidly.

2. Vehicle models

We aim to establish a comprehensive and unified EV simulation 
environment, incorporating the fundamental components of EVs, 
including vehicle dynamics, engine model, battery model, electric 
motor (EM) model, and fuel cell system. These components, 
structured as modular entities, have been integrated into the 
LearningEMS environment, aligning with the OpenAI Gym 
standard and providing extensive customization capabilities. Users
have the flexibility to create new EV environments and enhance
existing ones, enabling the modeling of various vehicle types,
including HEVs, PHEVs, and FCEVs. Furthermore, the environment
facilitates the customization of powertrain configurations,
encompassing parallel, series, power-split, and multi-mode
configurations.

In this section, we introduce three different EVs: a power-split 
HEV, a FCEV, and a plug-in series hybrid electric tracked vehicle 
(SHTV). These models provide comprehensive coverage for passen-
ger, commercial, and specialty vehicles. The powertrains of the
three EVs are listed in Fig. 2, and the main parameters of the EVs
are listed in Table 1. The power-split HEV [35] belongs to the sec-
ond generation of the Toyota Prius hybrid system. As shown in
Fig. 2(a), the core power-split component is a planetary gear, which 
is used to realize power coupling among the engine, motor, and 
generator. In addition, the HEVs are equipped with a small capacity
lithium battery used to drive the traction motor and generator. The
FCEV is a fuel cell hybrid electric logistics light truck. Fig. 2(b) is a 
simplified schematic diagram of a FCEV, where a fuel cell stack
serves as the primary power source to meet the energy require-
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ments of the vehicle. Specifically, it powers the traction motor,
which functions as an EM. The SHTV [17,36] is independently dri-
ven by dual motors, and its powertrain configuration is shown in
Fig. 2(c). In this structure, the power sources are composed of 
the engine-generator set and battery pack, where the engine works 
as a generator to power the EM or to recharge the battery. Note
that the SHTV is only used under special conditions. It exhibits sig-
nificantly different attributes, that is, a large battery pack and
stronger lateral force.

2.1. Power request model

In the power request model, the longitudinal dynamics of the 
vehicle are represented by the longitudinal force (Fr), which pri-
marily comprises four components: the rolling resistance Ff, aero-
dynamic drag Fw, gradient resistance Fi, and inertial force Fa.

Fr Ff Fw F i Fa 

Ff G f 
Fw 

1 
2q Af C D v2

F i G i

Fa m acc

1

where is the gravity force of the vehicle, is the rolling resistanc e
coefficient, is the air density, is the frontal area, is the coef-
ficient of air resistance, is the longitudinal velocity without 
respect to wind speed, is the road slope (road slope is not consid-
ered in this paper) is the vehicle mass, and is the accelerat ion.

The power request of wheeled vehicles is calculated by the 
production of longitudinal resistance and the longitudina l
velocity

Preq Fr v Mr x 
v v1 v2 
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Fig. 2. Powertrain architecture. (a) The power-split hybrid electric vehicle. CAN: controller area network; ECU: electronic control unit; BMS: battery management system. 
(b) Fuel cell hybrid electric truck. DC: direct current; UDC: unidirectional DC/DC converter; BDC: bidirectional DC/DC converter. (c) SHTV. ISG: integrated starter generator.
where is the center velocity of gravity of the tracked vehicle is 
the moment of the turning resistance is the angular speed and 

are the velocity of two tracks, and is the vehicle tread. The 
moment of turning resistance is calculated as follows:

v , Mr 

, x ,v1 

v2 B 
Mr 
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Table 1 
Main parameters of EVs.

Components Parameters HEV SHTV FCEV 

Vehicle Curb weight (kg) 1449 6200 4500 
Air resistance coefficient 0.26 0.40 0.45 
Frontal area (m2) 2.23 4.30 6.10 
Drive wheel radius (m) 0.287 0.211 0.391 
Ground contact length (m) N/A 2.48 N/A 
Vehicle tread (m) N/A 1.95 N/A 

Traction motor Maximum power (kW) 50 110 120 
Maximum torque (N∙m) 400 800 360 

Generator Maximum power (kW) 37.8 130.0 N/A 
Maximum torque (N∙m) 75 870 N/A 
Maximum power (kW) 56 150 100 

Engine/fuel cell Maximum torque (N∙m) 120 720 N/A 
Cell number N/A N/A 360 

Battery Capacity (kW∙h) 1.54 60 30 
Voltage (V) 237 540 628 

Transmission Final drive ratio 3.930 6.745 N/A 
Characteristic parameter 2.6 N/A N/A 

N/A: not available.
where and are the empirical-based lateral resistance 
coefficient and its maximum value, respectively, is the length of 
the track on ground, and is the turning radius.

2.2. Engine and EM model

Internal combustion engine (ICE) supplies the main power to 
the HEV and PHEV. The engine model is established to calculate
fuel consumption which is determined by quasi-static non-
linear maps. The engine fuel rate is determined by the engine
torque and speed 

mfuel f xeng Teng 

v fuel 
T 
0 mfuel dt

4

where is the time horizon of specific driving cycle. T is the 
total length of the trip. f( ) is the function representing the fuel con-
sumption as a function of engine torque and engine speed. The EM 
is the electrical power supplier of EVs. The motor can operate in the
drive mode or regeneration mode for EMS. The motor efficiency can
be modeled as a function of the instantaneous EM torque and 
angular speed Subsequently, the power of the EM (PEM ) can
be written as follows:

gEM f EM TEM xEM 

PEM TEM x EM ga0EM
5

where equals 1 when the EM works as a generator, and it equals 
−1 when the EM works as an EM. Here, is the motor efficiency 
and fEM( ) is the efficiency mapping function.

2.3. Engine and electric EM

The battery pack is modeled using an equivalent circuit model
in Eq. (6). 

Pbat t Voc t I  t  R0 I2 t 

I  t  Voc t V2 
oc t 4 R 0 Pbat t
2R0

SOC t
Q0

t

0
I t dt

Q

6

where SOC is the state of charge is the open-circuit voltage
is the current at time is the internal resistance, is the out-
put power in the charge-discharge cycles, is the initial battery 
capacity, and is the nominal battery capacity.

Rs Rs max 

L 
Ra 

v fuel , 
mfuel 

Teng xeng . 

t 0 T 
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xEM. 

a0 

gEM 
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t R0 Pbat 

Q0 

Q 
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Battery aging models can be used to reflect degradation charac-
teristics. While different complexities of aging models can affect 
the energy management strategies, this study primarily uses a sim-
plified battery aging model. Additionally, our open-source code
includes more complex aging models, such as the energy-
throughput-based model from our previous research [22,23]. The 
degradation rate of battery operation is affected by the 
charge/discharge rate (C-rate). The relationship between the bat-
tery life correction factor and C-rate can be fitted from experiment
data:

cbat l1 Crate 
2 l2 C rate l3 7

where are the curve-fitting coefficients, and Crate is 
the C-rate. Lithium-ion batteries can operate for about 5000 full
cycles in a lifetime. The battery degradation cost can be cal-
culated as follows:

Cbat degr pbat 

t 

0 
c 1 
bat Pbatdisdt 8

where is the battery price per kW∙h that is 1500 kW∙h is 
the battery discharge power.

2.4. Engine and EM model

The efficiency of the fuel cell system under different power con-
ditions can be obtained from experimental data. Thus, the mass
flow rate of the hydrogen consumption can be calculated 
as follows:

mH2 

Pfcs 

gfcs  LHV H2

9

where is the fuel cell system efficiency, is the fuel cell sys-
tem output power, and is the hydrogen low calorific value. 
The fuel cell hydrogen cost can be calculated as follows:

Cfcs H2 pH2 

t 

0 
m H2dt 10

where is the hydrogen price per kilogram (60 RMB kg−1).
The fuel cell degrades rapidly under four typical conditions 

including load changing, start/stop, low power, and high power
condition [37]. In this study, the fuel cell system is set to continue 
operating until the vehicle power system is shut down. Thus, the
start/stop condition is not considered in the EMS design. The fuel
cell voltage degradation rate can be calculated as follows:

cfcs jlow T low jhigh Thigh jcha DPfcs 11

cbat 

l1 l2 and l3

Cbat degr 

pbat . Pbatdis 

(mH2 ) 

gfcs  Pfcs  

LHVH2 

pH2 

cfcs 
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where is the degradation rate under low power condition
is the low power condition duration, is the degradation rate 
under high power condition is the high power conditio n dura-
tion is the degradation rate under load changing condition, and

is the fuel cell power slope.
The fuel cell is considered to reach the end of its life when

of the voltage at rated power is lost. The fuel cell operation degra-
dation cost (Cfcs,degr) can be calculated as follows:

Cfcs  degr kfcs  cfcs  Pfcs  rate 
pfcs  

V fcs end 1000
12

where is the fuel cell life correction factor, is fuel cell 
voltage drop at the end-of-life, is the rated power of the fuel
cell, and is the fuel cell price per kilowatt (4000 RMB∙ kW−1).

3. Benchmark EMS methods

In this section, we provide a brief introduction to the algorithms 
implemented in our benchmark and categorize them as follows: 
① optimizati on control, ② DRL, ③ imitation learning, and
④ offline RL. The key attributes of these algorithms are presented
in Table 2. DP uses the ground truth of the future driving cycle and 
serves as the global optimal EMS. MPC predicts the future 10 s 
driving cycle and employs an optimization algorithm such as DP 
to optimize the energy consumption. DNN learns the optimal 
action from DP. Deep Q-learning (DQL), deep double Q-learning
(D3QL), DDPG, TD3, and SAC are all off-policy DRL algorithms,
differing mainly in their action implementations. For on-policy
DRL, the PPO is considered. Additionally, the offline RL algorithm,
conservative Q-learning (CQL), is also selected as a baseline for
our study.

3.1. Energy management objective

In this study, energy management of electric vehicles is mod-
eled as a long-term sequential decision process objective to mini-
mize the total energy consumption while maintaining battery
SOC within reasonable limits. The optimization objective can be
formulated (JEMS) as follows:

JEMS min 
T 

t 0 
cost t af s SOC t 13

where is the energy consumption including fuel consump-
tion, electricit y consumption, and hydrogen consumption,

is the SOC maintaining function, and is the trade-off 
between energy consumptio n and SOC maintaining.

3.2. Optimization control methods

In optimization control methods, the EMS of the EV is framed as
a nonlinearly constrained optimization formulation minimizing

jlow , T low 

jhigh 

, Thigh 

, jcha 

DPfcs 

10% 

kfcs V fcs end 

Pfcs rate 

pfcs 

cost t 

a f s SOC t
Table 2 
Benchmark energy management methods.

Algorithm Method Future information Action format 

DP Optimization U Discrete 
MPC Optimization U Discrete 
DNN Imitation learning X Continuous 
DQN Off policy DRL X Discrete 
D3QN Off policy DRL X Discrete 
DDPG Off policy DRL X Continuous 
TD3 Off policy DRL X Continuous 
SAC Off policy DRL X Continuous 
PPO On policy RL X Continuous 
CQL Offline DRL X Continuous 

D3QN: dueling DDQN; U: requires predicted information; X: no need for predicted
driving condition.
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the objective function given in Eq. (13). The output of the control 
methods during optimization should be constrained to ensure
allowable operations of key components.

DP seeks the shortest path backward in time. That is, it obtains 
the minimum cost function of every grid at every stage backward 
in time. It utilizes future driving cycles, which are not available 
in practice. In this study, DP acts as the global optimum and pro-
vides upper limits. The global optimization algorithm requires 
future informat ion as input. Although we cannot obtain the true
future, we can predict it. MPC utilizes prediction algorithms to
forecast the future driving cycle and minimizes a series of cost
functions over the prediction horizon. With the appropriate predic-
tion method, the MPC-based strategy can achieve performance
similar to DP under specific working conditions.
agent
time p

respe
relate

an
tively
eratio
v t acct SOCt Pfcs .

and a
case o
For th
speed
speed

3.3. Formulating energy management problem as MDP

RL is the closest machine learning paradigms to human learn-
ing. For RL-based EMS, the energy management problem is formu-
lated as a MDP, which is a framework for learning the optimal EMS
policy from interaction to minimize the total energy consumption,
as shown in Fig. 3(a). An MDP consists of:

(1) A set of states: State is used to describe the condition of the 
s at a specific time-step in the environment. A typical state at
oint for the HEV is defined as where 
and are the speed, acceleration, and battery SOC, 

ctively. For the SHTV, the state is defined as the variables
d to SHTV itself, The variables 
d are vehicle yaw rate and lateral acceleration, respec-
. For the FCEV, the state space includes vehicle speed, accel-
n, fuel cell power and battery SOC sFCEV 

t

(2) A set of action The action represents the control variable 
llocates power to the energy sources of the vehicle. In the 
f HEV, we consider the engine’s output power as the action. 
e SHTV, the actions are chosen as the engine torque and
because power is allocated through the torque and rational
of its energy converters. In the context of the FCEV. The
space (a) can be described as follows:action 

a DPfcs  Pt 
fcs Pt 1 

fcs DP fcs 10 kW 10 kW 14

S 

t sHEV v t acct SOC t .
v t acct , SOCt 

sSHTV v t acct wt wat SOCt .
wt wat 

Pfcs, 

A: 
associ
The re
sump
Becau
expec
SOC.

(3) A reward function The reward function is 
ated with entering state from state using action 
ward of the HEV is defined as the sum cost of the fuel con-
tion while maintaining charge-sustaining constraints. 
se the battery capacity of the HEV is relatively small, we
t the SOC to remain in a range and maintain the battery
Reward can be defined as the instantaneo us feedback
in Eq. (15): 

rHEV v fuel x1 SOCref SOC t 2 15

where is the fuel consumption and is a positive weight 
coefficient (presumed as 300 in this manuscript). is the 
desired reference SOC. The reward of SHTV (rSHTV) is defined as 
the sum cost of the fuel and electricity consumption while satisfy-
ing the power demand requirement as follows:

rSHTV v fuel Pricefuel Qb DSOC Priceelectric x2 SOC ref SOC t 2

16

where is the fuel price, which is RMB∙L−1 , and
is the electric price, which is 0.97 RMB∙(kW∙h)−1 . Qb is the battery
capacity (Ah). is the weight coefficient of the comprehensive 
cost and battery SOC. For the FCEV, the fuel cell hydrogen cost
and operation degradation cost are minimized, and the battery

R: R  st 1 st at

st 1 st at . 

(r) 
(rHEV)

v fuel x1 

SOCref 

Pricefuel 6 5 Priceelectric 

x2 
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Fig. 3. Overall schematic of learning-based EMS. (a) The structure of the DRL energy management framework. h is the neural network parameter, and h− is the updated neural 
network parameter. (b) Imitation learning for EMS. pDP is the expert policy generated by DP algorithm, pDNN is the policy learned by the DNN, and pb is the behavioral policy
from offline data. (c) Offline RL for EMS.
distrib
state

SOC should be maintained. Thus, the reward function ( rFCEV) is writ-
ten as follows:

rFCEV Cfcs  H2 Cfcs  degr x3 SOC ref SOC t 2 17

where is the weight coefficient.
After executing a power allocation with observation the RL 

agent receives feedback at each time step t regarding the perfor-
mance of its action. Using this feedback, it iteratively updates its
action policy to reach an optimum control policy that maximizes 
the expected cumulative reward

Rt 

T 1 

i 0 

c irt i 18

with the discount parameter that reflects the importance of future 
rewards. i denotes the time step of a driving condition.

(4) A transition probability function this assigns a probability 
ution that represents the probability of entering a state from
using action 

3.4. Formulating energy management problem as MDP

3.4.1. Discrete action space
DQN [18]: The DQN algorithm represents the first successful 

integration of the classical Q-learning framework with DNNs. 
According to the original paper, two tricks are essential for the 
algorithm to achieve human-level performance. First, DQN uses a
DNN called the target network to represent the action value func-
tion, the target network can be learned by updating the parameters
to minimize the error in the Bellman equation. By approximating

x3 

st , at 

rt 
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the Q-function at iteration we can compute 
the target values and update for the 
network using the following loss unction: 

L h DQN 1 
n 

n 

i 1 

Y Q h s a hi
2 19

where and are the state and action at the next time-step ,
respectively, n N+. is Q-function with parameters
stands for maximum. Another trick is to use the experience replay
mechanism. At each time-step the agent’s experiences

are stored in the replay memory. The experience replay mech-
anism aims to obtain uncorrelated data samples, thereb y reducing
the error of gradient estimation for the stochastic optimization
problem.

Dueling DDQN (D3QN) [19]: The D3QN algorithm is an 
advanced version of the DDQN algorithm [38]. DDQN can be 
regarded as an improved DQN that tends to overestimate the 
action values. In DDQN, two networks can be parameterized by
two sets of weights and The first network is known as the 
online network, which is used to choose the action from the max-
imum Q-value. In addition, the target network is used to estimate
the Q-value that remains the same as the DQN. The target function
in DDQN is given as follows:

YDDQN r cQ  s  argmaxa Q  s  a hi hi 20

D3QN seamlessly integrates the benefits of both the dueling 
architecture and the double Q-learning approach. By adopting 
the dueling architecture, it can separately model state values
and action advantages, thereby providing a more effective

i, Q  si ai h Q si ai

h Y r cmaxa Q  s a hi ,
L h DQN f

s a 
h. Q h maxa 

t, st at rt ,
st 1 

h h . 
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representation of the value function. The incorporation of double 
Q-learning enhances the accuracy of Q-value estimation and allevi-
ates any concerns regarding overestimation. Note that in both DQN 
and D3QN, the most representative DRL algorithms, the state space 
is continuous but the action space is discrete. In EMS, the control
variables are typically continuous. Discretizing these variables
can introduce errors, leading to performance degradation due to
the loss of precision.
3.4.2. Continuous action space
DDPG [21]: The DDPG algorithm is proposed to overcome the 

challenges presented by continuous action spaces in RL. The DDPG 
algorithm uses two neural networks: one for learning the Q-
function (the critic network) and the other for learning the policy 
(the actor network). For the actor part, it learns a deterministic tar-
get policy by mapping states to a specific action. The critic part is
used to estimate the Q-value of a state-action pair. Here denotes 
the weights of the actor network, and the weights of the critic 
network. The critic is updated by minimizing the loss function as
follows:

L h DDPG 1 
n 

n 

i 1 

Y DDPG Q s a hQ
2

21

where The actor is updated by max-

imizing the expected return using a sampled policy gradient:

hl J
hl 

E hlQ  s  l s hl hl 

E l s Q  s  l s hQ hll s hl 22

where is the gradient denotes the expectation, and is 
the action taken by the actor for state s.

TD3 [39]: The TD3 algorithm is an advanced algorithm built on 
the foundation of the DDPG. It was specifically designed to address 
the limitations associated with approximation errors in DDPG with 
the aim to enhance the overall stability and performance of the 
algorithm. TD3 includes the techniques of continuous double Q-
learning, policy gradient, and actor-critic architecture. The differ-
ence in structure between DDPG and TD3 is that TD3 has two critic
networks that contain two online networks and two target
networks

SAC [40]: The SAC algorithm is a state-of-the-art approach in RL, 
which was designed for effectively handling complex, high-
dimensional environments. Distinguished by its incorporation of 
entropy regularization, SAC optimizes a stochastic policy such that 
it balances exploration and exploitation. This is achieved by max-
imizing not only the expected return but also the entropy of the
policy, leading to more robust and efficient learning. Compared
with conventional DRL, SAC has an entropy term besides the
reward. Thus, the policy aims to maximize the discounted entropy
terms while maximizing the expected sum of rewards.

J p 
T 1 

t 0 
E st at qp r st at a p st 23

where, is expected value over state-action pairs, sampled 
according to the policy distribution denotes the trade-off coef-
ficient that controls the switches betwee n the expected reward and
entropy term, while is the temperature parameter. The 
entropy of policy at state is computed from its distribu-
tion as follows.
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SAC concurrently learns three functions including the soft value
function soft Q-function and policy function

The parameters of these networks are and The soft 
value function is trained to minimize the squared residual
error as follows:

JV w Est D 
1 
2 

Vw st E Q h st at logp/ at st
2 25

where is the distribution of states. The loss function for the 
soft Q-function is given as follows:

JQ h E st at D 
1 
2 

Q h st at Q st at
2

26

where is the average of the 
network weights. The policy is optimize d by minimizing the
expected Kullback–Leibler (KL) divergence : 

Jp / Est D DKL p/ st 
exp Qh st

Zh st
27

where 
PPO [41]: The primary objective of policy gradients is to itera-

tively approach the optimal policy that yields the highest return. 
Unlike off-policy algorithms, in on-policy algorithms, all policy 
updates are based on data collected from the trajectory distribu-
tion induced by the current policy of the agent. These algorithms 
lack a memory storing past experiences and only process each data 
point once. Consequently, consistently enhancing the policy using 
the available data becomes essential without suffering from per-
formance degradation. PPO introduces the concept that the agent
performs not just one gradient update per data sample, but multi-
ple epochs of minibatch gradient updates. Moreover, PPO incorpo-
rates a clipping objective in the policy update to prevent the
updated policy from excessively deviating from the prior one. For
training stability, the divergence between the old and updated
policies in the main objective is limited by clipping the prob-
ability ratio

policy) at the interval where is the hyperparameter 
defining the clipping range. Under the actor-critic framework, the
loss function comprises three parts: the clipped surrogate objective

a value function error term and an entropy bonus, where 
the entropy bonus is used to ensure sufficient exploration. Com-
bining these terms, the following objective function is maximized
per iteration:

LCLIP h Et min rt h At clip rt h 1 1 At 

LCLIP VF S 
t h Et L

CLIP 
t h c1L

VF
t h c2S ph st
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where and are coefficien ts, denotes an entropy bonus, and
denotes a squared-error loss is the empirical expectation over 

a batch of sampled data points, and is the estimated advantage 
function at timestep t.

3.5. Imitation learning

Imitation learning assumes that the data are generated by an 
expert or near-expert policy. Its goal is to mimic the behavior of 
the expert as closely as possible. Imitation learning methods often
employ supervised learning techniques, such as behavioral cloning,
to directly map states to actions [42]. Imitation learning can 
achieve good performance when the data are high-quality and 
cover most of the relevant situations, but it can suffer from
compounding errors and distributional shift when the data are
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p/ at s t . w h, /. 

(JV w )

D (JQ h )

Q  st at r  st at cEst 1 p V
w
st 1 w

(DKL)

Zh is normalization term

LCLIP 

rt h
ph at st 
phold 

at st
(rt h is probability ratio phold is the old

1 1 ,

LCLIP , LVF , 

c1 c2 S 
LVF 
t . Et 

At 



Y. Wang, H. He, Y. Wu et al. Engineering 54 (2025) 370–387
noisy or incomplete. This can be accomplished through supervised 
learning techniques, which is the most common form of machine 
learning. In virtual or real-world problems, supervised training is 
conducted using ground truth data provided by an instructor or 
teacher who shows the machine learning system what to do. Build-
ing upon this foundation, the agent leverages DNNs to analyze
input data and acquire the ability to generate a sequence of out-
puts that gradually converge toward the intended target or men-
tioned label. In EMS, global-optimization approaches such as DP
act as the instructor, which is used to generate the optimal energy
management trajectories. In Fig. 3(b), the overarching framework 
of imitation learning for EMS is illustrated. The learning objective 
of imitation learning is to mimic the behavior of DP. The learning
objective can be formulated as follows:

min 
h 

T 

t 0 
error pDP t ph st 29

where is the optimal action at time point produced by the 
DP algorithm, and denotes some state factors such as accelera-
tion, speed, battery SOC, trip length, and trip duration.

t pDP t 
st 
Table 3 
Hyperparameter configurations of different algorithms.

Hyperparameter DRL Offline RL DNN 

Batch size 128 128 256 
Discounted factor 0.99 0.99 — 
Learning rate of actor 0.0001 0.0003 0.001 
Learning rate of critic 0.001 0.003 — 
Hidden dimension of actor 256/128 128 128 
Hidden dimension of critic 256/128 128 — 
Optimizer Adam Adam Adam 
3.6. Offline RL algorithm

Offline RL is an innovative subset of RL methods rooted in data-
driven approaches. It maximizes the utility of expert insights and
pre-existing data sets to refine policy training. Fig. 3(c) illustrates 
the overarching framework of offline RL for EMS. In offline RL, we 
have an available data set collected under a starting behavioral
policy The key concept is to utilize this established data set to
create an improved decision policy , without interacting with 
the environment. Offline RL extends beyond basic imitation learn-
ing, with the aim to extract and leverage the strengths of the initial 
behavioral policy. It stands as a valuable approach, especially in
fields where obtaining fresh data via online interactions is unfeasi-
ble or risky. Under offline RL settings, given a static data set of tran-

sitions where indexes a transition in the 
data set, the actions come from the behavior policy
the states come from a distribution induced by the behavior policy

the next state is determined by the transition dynamics
and the reward is a function of state and action

In offline RL, the objective remains the same as in 
the online case: to find a policy that maximizes the expected 
return. However, it is important to realize that evaluating this
objective using any trajectory distribution is challenging.
This limitation arises from the potential for policy to encounter 
states not covered in our static data set due to the distributional
shifts [43]. 

CQL: Kumar et al. [44] proposed CQL, which aims to address 
these limitations by learning a conservative Q-function such that 
the expected value of the policy under this Q-function lower-
bounds is its true value. The core idea of CQL is to introduce a reg-
ularization term to the Bellman error objective, which encourages 
Q-values to remain stable within a certain radius. CQL introduces a 
component that maximizes the entropy within the Bellman error 
objective. This leads to higher entropy values around Q-values 
close to the current state and action. This, in turn, encourages a
more balanced distribution of Q-values across the entire state-
action space, preventing overly confident estimates. In addition
to the Bellman error, CQL ensures stability through the minimiza-
tion of a regularization term. This term is characterized by the KL
divergence between Q-values and the maximized entropy term.
By minimizing this term, CQL ensures that the learned Q-values
do not deviate beyond a predetermined radius, thereby establish-
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ing a lower bound on the actual Q-function. The general form of 
the loss function in the CQL algorithm is as follows:

min 
Q 

max
l 

a Es a l a s Q  s  a E
s a pb a s 

Q  s  a 

1
2
Es a s Q s a Bpk Q k s a

2
l 30

where is a policy that visits the unseen actions in data set
is an estimate of the behavior policy is the empirical Bellman

operator, is the resulting Q-function, and is the regulariz a-
tion term for the policy

4. Benchmark test results

This section first presents details regarding the experimental 
setting. Subsequently, several evaluation metrics are defined. 
Finally, the performances of different algorithms are compared
with each other in terms of energy performance, performance con-
sistency and adaptability, and energy efficiency analysis.

4.1. Experimental setting

In this benchmark study, the simulated environment closely 
resembles an OpenAI Gym-like environment and shares functional 
structure. For each EV environment, two versions of the environ-
ment are provided, differing only in the action space: one featuring 
a discrete action space and the other with a continuous action
space. Furthermore, tuned hyperparameters play an important role
in eliciting the best results from all algorithms. To achieve fair
comparisons, we used the same hyperparameters of algorithms
for each environment, as detailed in Table 3. Importantly, the 
hyperparameters for all DRL algorithms are consistent, and they
are openly accessible in the LearningEMS library.

Our code follows stringent standardization practices, facilitat-
ing enhanced readability and simplified hyperparameter tuning 
processes. To train and validate the learning-based EMS, we lever-
aged an extensive range of driving conditions, encompassing only 
standard driving cycles but also locally derived conditions based 
on real vehicle operational data. The data set comprises accumu-
lated operational data spanning more than 10 000 km, capturing
various driving scenarios such as urban, suburban, and highway
environments. Notably, a subset of these conditions was selectively
employed to validate the final algorithm. The driving cycles and
parameters for validation are listed in Table 4, with D denoting dis-
tance, the average speed, the maximum speed, and
the maximum acceleration. For the HEV, validation encompasses 
standard driving cycles NEDC and WLTC, along with the inclusion
of the Guiyang city driving cycle (GCDC) [35] derived from real 
EVs. The FCEV validation data set includes standard driving cycles 
WTVC, CHTC, and FTP75. In the case of SHTV, the validation is exe-
cuted using locally derived scenarios designated as driving cycle 1
(DC-1) and driving cycle 2 (DC-2). The driving data for SHTV
encompasses not only speed and acceleration but also yaw rate

l pb 

pb Bpk,

Qk l
l a s .
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Table 4 
Parameters of driving cycles.

Driving cycle D (km) T (s)

NEDC 11.00 1180 9.5 33.3 1.0 
WLTC 23.25 1800 12.9 36.5 1.7 
GCDC 10.80 1230 8.7 21.0 2.1 
DC-1 14.00 1531 9.1 15.8 2.1 
DC-2 16.00 1721 9.3 15.8 0.8 
WTVC 23.27 1800 11.4 24.4 1.0 
CHTC 15.88 1653 9.6 27.0 1.3 
FTP75 17.77 1854 9.6 25.4 1.5 

average speed of driving cycles; NEDC: new European driving cycle; WLTC: worldwide harmonized light vehicles test cycle; WTVC: world transient vehicle cycle;
CHTC: China heavy-duty commercial vehicle test cycle; FTP75: Federal test procedure.

vmean m s 1 vmax m s 1 amax m s 1

vmean: 
and lateral acceleration, reflecting the unique characteristics of
tracked vehicles.

4.2. Evaluation metrics

To evaluate the performances of these algorithms in energy 
management tasks, several evaluation metrics were particularly 
defined: 

(1) Energy efficiency performance: The overall fuel and electric-
ity consumption of EVs was calculated in a specific driving cycle. 
For comparison purposes, the energy consumption of DP served 
as the global optimum. The energy efficiency performance of each 
algorithm was assessed by comparing its total cost with that of the
DP, providing a direct metric to evaluate the performance of the
EMS methods.

(2) Performance consistency: To evaluate the consistency of the
EMS algorithms to different conditions, consistency was intro-
duced as follows:
lu

k N
i k f eco i N

r 1
N

k N
i k f eco i lu

2
31

where represents the energy economy, is the convergence 
step, N is the number of consecutive time steps, i represents each
individual time step in the range from to and and rep-
resent the mean and standard deviation of the energy economy, 
respectively. 

(3) Performance adaptability: This refers to the ability of 
learning-based EMS to adapt and perform effectively in novel, 
unseen conditions, a critical aspect that is often overlooked in 
existing studies. In this context, algorithm adaptability is achieved 
through the implementation of two distinct training methodolo-
gies: single-condition training (SCT) and multi-condition training
(MCT). SCT is performed and tested under the same specific driving
cycles. However, MCT involves training an EMS strategy in a
diverse set of driving cycles and testing its performance under pre-
viously unseen conditions.

4.3. Performance and consistency by comparative evaluation

In this section, a SCT approach was employed. Each algorithm 
undergoes separate training for each validation scenario, enabling
a comprehensive evaluation of both energy efficiency performance
and algorithmic consistency. Fig. 4(a) illustrates the results of all 
algorithms under different conditions and EV environments,
whereas more detailed results can be found in Tables S1–S3 in 
Appendix A. DNN and MPC exhibit optimal performance, with con-
tinuous action space DRL algorithms PPO, CQL, TD3, DDPG, and SAC 
closely following in terms of energy consumption. However, PPO
exhibits poor robustness. DQN and DDQN with discrete action
space demonstrate comparatively lower energy efficiency. A
detailed analysis of each EMS method is given below:

f eco k 

lu k k N, r 
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DNN: In our experiments, the DNN is trained with label data 
from the global optimization algorithm, with the aim of approxi-
mating the strategy of DP. DNN achieves outstanding results on
all three EV environments, with DP performances of 96.7%, 98.1%,
and 95.1% (Figs. 4(b)–(d)). Notably, it secures the highest rank in 
the HEV and FCEV environments. This indicates that the DNN, uti-
lizing the same data set, effectively replicates the strategy of DP. 
However, notably, due to the SCT, the DNN model displays indica-
tions of overfitting, denoted as overfitting DNN (O-DNN). Further
validation is required to verify the performance under new
conditions.

MPC: MPC is a common and effective EMS method. Under 
experimental settings, we assume that the MPC algorithm exhibits 
perfect predictive accuracy, foreseeing the future driving condi-
tions with 100% precision for the upcoming 10 s. This variant of
the MPC is labeled perfect MPC (P-MPC). Thus, it can achieve the
best energy economy for SHTV models, with comprehensive per-
formance reaching 95.7% of DP (Fig. 4(d)). It also secured the sec-
ond rank for HEV with a performance level of 95.2% compared to
DP (Fig. 4(b)). The accurate prediction contributes to the robust-
ness of MPC because it has demonstrated excellent performance 
across various conditions and vehicles. However, accurately pre-
dicting future driving conditions is a significant challenge for 
MPC in EV energy management problems. In the real world,
achieving 100% accurate predictions is unrealistic, potentially pos-
ing performance risks during vehicle traveling. Moreover, the MPC
algorithm lacks generalization, necessitating real-time recalcula-
tions when faced with new conditions.

PPO: The on-policy PPO algorithm exhibits significant variations 
in terms of performance across different EV environments. Accord-
ing to Fig. 4(a), the performance of PPO significantly varies across 
different driving cycles: NEDC, WLTC, and GCDC, achieving 81.6%, 
75.5%, and 95.8% of the DP, respectively. Despite being evaluated 
under the same HEV environment, the results exhibited consider-
able variation, showing subpar performance in the initial two con-
ditions and noteworthy improvement in the final one. Surprisingly, 
PPO performed exceptionally well in the FCEV environments, 
securing an impressive second place, with an energy efficiency of 
97.5%. The PPO algorithm exhibits poor consistency that can be
attributed to several factors. First, the convergence and sample effi-
ciency of PPO are typically influenced by hyperparameter tuning
and learning rate settings. Furthermore, PPO is an on-policy algo-
rithm, meaning that it exclusively uses data generated by the cur-
rent policy for training. If the current policy is not sufficiently
robust, it may get stuck in local optimal across different environ-
ments, resulting in performance disparities.

DDPG, TD3, and SAC: We analyzed DDPG, TD3, and SAC together 
because they share several common characteristics. These 
common characteristics reflect their shared foundations in
actor-critic architecture, off-policy learning, and suitability for
continuous action spaces. As shown in Fig. 4(a), these three 
algorithms produce comparable results; however, SAC has a slight
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Fig. 4. Performance of different EMS algorithms. (a) Result of energy efficiency, where the matrix number represents the rate of the cost value of different algorithms relative 
to the DP under the same condition. (b) Comprehensive performance of different algorithms for HEV; the error bar refers to the standard deviation. (c) Comprehensive
performance of different algorithms for FCEV. (d) Comprehensive performance of different algorithms for SHTV. (e) Comprehensive performance between SCT and MCT.
(f) Metrics for improvement and deterioration in results. The red bars represent the instances where MCT outperformed SCT, whereas the blue bars indicate the opposite.
advantage. This can be attributed to the fact that SAC is a relatively 
newer algorithm with certain enhancements compared to DDPG 
and TD3. Indeed, the variations in hyperparameters can also 
influence the performance of algorithms. Compared to the PPO 
algorithms, the performances of DDPG, TD3, and SAC are more
robust, indicating that off-policy algorithms designed for
continuous action spaces are better suited for EMS problems. Note
that these observations underscore the suitability of off-policy
algorithms for EMS tasks and the importance of careful hyperpa-
rameter tuning to optimize algorithm performance.
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DQL and DDQL: When comparing the results shown in Fig. 4(a), 
the performance of DQN and D3QN is significantly poorer under 
the three EV environments. Especially for FCEV and SHTV, where
their results are only 89.0% and 89.0%, 81.6% and 84.0% of the DP
in Figs. 4(c) and (d), making them the worst performing among 
all algorithms. The observed variations in the results can be 
ascribed to the discretization of the action space. For example,
the SHTV has two continuous actions, and after discretization,
possible control modes exist. To mitigate the high dimensionality 
of the action space, our experiments simplified this using 20

2n 
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control modes. This coarse-grained control granularity had an 
adverse impact on the final results. In summary, the discretization 
of action spaces has a significant impact on the final EMS results,
especially for vehicles with complex control variables.

CQL: In contrast DNN learning from an optimal EMS strategy, 
CQL employs a unique approach. It learns not from the optimal 
EMS strategy directly but rather from the data generated during
training of the SAC algorithm. This distinctive learning mechanism
leads to CQL exhibiting performance levels similar to SAC, with val-
ues of 93.3%, 95.2%, and 91.3% (Figs. 4(b)–(d)). Through extensive 
learning, CQL eventually converges to a robust EMS strategy, show-
casing results comparable to those achieved by SAC. Under some 
conditions, CQL even surpasses SAC in terms of energy efficiency. 
CQL demonstrat es that ORL can learn a reasonable EMS policy from
non-expert data. The performance is contingent on the quality of
the data, which will be further analyzed in subsequent sections.

4.4. Adaptability analysis

A notable characteristic of learning-based EMS, in contrast to 
rule-based and optimization-based methods, is their inherent abil-
ity for generalization. Thus, this section focuses solely on eight
learning-based algorithms. Using an MCT training approach, a
comparison was performed with the SCT approach in Section 4.3 
to assess the adaptability of different algorithms. For DRL methods, 
the training data set comprises speed trajectories covering more 
than 1000 km. The models are subsequently validated on HEV 
and FCEV environments. However, because of the complexities 
associated with tracked vehicles, which involve considerations of 
steering and lateral movement, and the limited availability of 
real-world data, the SHTV is not discussed further in this section.
In the case of imitation learning, the optimal strategies computed
based on DP serve as data to train the DNN model. The model is
then validated under test conditions. For offline RL, the CQL model
is trained using data generated after the convergence of the SAC
agent, ensuring high-quality data. The final results are presented
in Table 5, revealing similar conclusions to those obtained earlier. 
The continuous action space algorithms outperform others, albeit
with a lower consistency observed in PPO and DNN.

The radar chart in Fig. 4(e) illustrates the comprehensive energy 
efficiency of different algorithms using the SCT and MCT training 
modes. Overall, all algorithms show favorable results under differ-
ent training approaches; the performance with MCT consistently
exceeds 80% that of DP. Further analysis of the six radar charts in
Fig. 4(e) provides information on the adaptabi lity performance of
the algorithms. Fig. 4(f) summarizes the variations in the perfor-
mance across all algorithms under different training modes. Nota-
bly, across six validation scenarios and for the eight EMS 
algorithms (DQN, D3QN, PPO, DDPG, TD3, SAC, DNN, and CQL), 
MCT shows 28 instances of performance degradation and 16 
instances of improvement compared to SCT. This suggests that, fol-
lowing extensive data training, DRL can develop a generalized EMS 
policy, allowing the deployment of learned policies in new driving 
scenarios. Importantly, our experimental results show no signifi-
cant deterioration in the final energy efficiency performance. In 
imitation learning, the results of MCT worsen for five out of six
conditions compared to those of SCT, indicating poorer adaptability
of the DNN algorithm. Interestingly, the results for the ORL algo-
rithm CQL are enhanced in three conditions, accompanied by only
a slight reduction in the energy efficiency performance in the
remaining three conditions. The overarching trend indicates that
CQL and SAC exhibit comparable energy consumption perfor-
mances. In fact, under certain conditions, CQL even excels in learn-
ing EMS strategies, surpassing the performance achieved by SAC.
This observation underscores the adaptability and effectiveness
of CQL across diverse data sets.
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Imitation learning and ORL are closely related approaches, both 
involving the learning of EMS from data. In our experiments, DNN 
was trained with label data to approximate the strategy of DP. CQL 
learnt from the data generated by the SAC algorithm. This distinct 
learning mechanism results in significant differences in their per-
formance. The DNN effectively approximates the DP strategy 
through supervised learning with commendable performance. 
However, it is crucial to highlight that ORL, represented by CQL 
in our experiments, can learn superior EMS strategies from non-
expert historical data. In summary, the learning paradigm of offline
RL, when compared with imitation learning, demonstrates greater
practical utility. Imitation learning exhibits poorer adaptability and
is unable to guarantee favorable outcomes under new conditions.
In contrast, DRL and ORL demonstrate better adaptability and gen-
eralization capabilities. It also highlights the potential of CQL to
learn and improve EMS policies in scenarios in which the data
may not be generated by domain experts.

4.5. Energy efficiency analysis

The focus of this study, that is, the energy economy perfor-
mance, is investigated to unravel the reason for the lower energy 
of the EMS. We started by evaluating two energy-related variables: 
engine power and battery SOC, which are directly linked to the
energy consumption processes according to the energy-flowmodel
of EVs. To this end, we focus on optimal DRL methods (SAC show-
ing the best overall performance under the HEV environment
according to Fig. 4(a), and PPO demonstrating the best perfor-
mance on the FCEV). In addition, we also examined the perfor-
mances of imitation learning and offline RL methods. Fig. 5(a) 
illustrates the distribution of engine operating points for the HEV 
under the WLTC condition. The DNN algorithm has fewer operating 
points in the low-efficiency region compared to SAC and CQL. A
comparison of the point distribution of different methods is illus-
trated in Fig. 5(b). Notably, a low fuel consumption rate indicates 
high efficiency of engine operation at that point. This suggests that 
the engine tends to operate more in the high-efficiency operating 
range for DNN. Moreover, compared to SAC, CQL has a higher dis-
tribution of operating points in the range of the 200–250 fuel con-
sumption rate. The results in Table 5 further confirm the validity of 
this observation, with SAC, DNN, and CQL showing energy con-
sumption performances of 94.3%, 95.1%, and 94.8% of DP in the
WLTC condition, respectively.

An analysis of the experimental results for FCEV is presented in
Figs. 5(c) and (d). Fig. 5(c) illustrates the distribution of fuel cell 
power and its corresponding efficiency. The fuel cell system effi-
ciency peaks at 54% in the 30–40 kW range. To comprehensively 
consider the balance between power demand and the total cost, 
the output power of PPO, DNN, and CQL algorithms is primarily 
distributed in the high-efficiency range. However, there are dis-
tinctions among them. PPO’s power is mainly distributed in the
25–50 and 60–70 kW, DNN is primarily distributed in the 35–
55 kW, and CQL is mainly distributed in the 30–70 kW, with a
small amount in the inefficient 70–90 kW. This observation con-
firms the validity of the results in Table 5, where PPO, DNN, and 
CQL exhibit overall performances of 96.8%, 97.0%, and 96.2%, 
respectively . The SOC trajectories of the different EMS strategies
are shown in Fig. 5(d). 
5. Discussion s

Although learning-based algorithms can enhance the energy 
economy of EVs, several critical issues merit discussion. In the 
domain of DRL, the thoughtful design of an action space, state
space, and reward function holds significant importance. These
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Table 5 
Energy efficiency performance of different EMS algorithms in the MCT experiment.

Methods HEV FCEV 

Conditions Results/SOC DP/SOC Ratio Conditions Results/SOC DP/SOC Ratio 

NEDC 0.439/0.596 0.409/0.599 93.1% WTVC 102.207/0.477 88.592/0.480 86.7% 
DQN WLTC 1.089/0.586 0.953/0.585 87.5% CHTC 75.917/0.471 68.119/0.470 89.7% 

GCDC 0.356/0.502 0.296/0.495 83.1% FTP75 85.587/0.483 77.503/0.480 90.6% 
NEDC 0.406/0.535 0.384/0.535 94.6% WTVC 99.079/0.485 89.295/0.491 90.1% 

D3QN WLTC 1.030/0.520 0.922/0.524 89.5% CHTC 79.117/0.500 69.697/0.501 88.1% 
GCDC 0.333/0.498 0.296/0.495 88.9% FTP75 87.312/0.509 78.473/0.510 89.9% 
NEDC 0.478/0.536 0.390/0.540 81.6% WTVC 89.176/0.454 86.316/0.450 96.8% 

PPO WLTC 1.139/0.505 0.919/0.508 80.7% CHTC 71.454/0.502 69.697/0.501 97.5% 
GCDC 0.336/0.498 0.296/0.495 88.1% FTP75 81.360/0.525 79.016/0.520 97.1% 
NEDC 0.432/0.583 0.402/0.590 93.1% WTVC 95.987/0.521 91.194/0.520 95.0% 

DDPG WLTC 1.011/0.564 0.944/0.563 93.4% CHTC 74.639/0.508 70.247/0.510 94.1% 
GCDC 0.331/0.501 0.298/0.500 90.0% FTP75 86.498/0.523 79.016/0.520 91.4% 
NEDC 0.417/0.531 0.378/0.520 90.6% WTVC 96.494/0.505 90.723/0.511 94.0% 

TD3 WLTC 1.085/0.550 0.935/0.548 86.2% CHTC 74.594/0.503 69.697/0.501 93.4% 
GCDC 0.314/0.420 0.292/0.480 93.0% FTP75 84.075/0.511 78.473/0.510 93.3% 
NEDC 0.433/0.590 0.402/0.590 92.8% WTVC 93.176/0.481 88.592/0.480 95.1% 

SAC WLTC 1.077/0.606 1.016/0.605 94.3% CHTC 73.065/0.503 69.697/0.501 95.4% 
GCDC 0.325/0.496 0.296/0.495 91.1% FTP75 84.148/0.506 78.473/0.510 93.3% 
NEDC 0.403/0.547 0.390/0.540 96.7% WTVC 93.524/0.516 90.723/0.511 97.0% 

DNN WLTC 1.068/0.610 1.016/0.605 95.1% CHTC 75.462/0.512 70.247/0.510 93.1% 
GCDC 0.346/0.568 0.311/0.570 89.9% FTP75 85.035/0.535 79.435/0.530 93.4% 
NEDC 0.405/0.527 0.382/0.530 94.3% WTVC 96.503/0.550 92.875/0.551 96.2% 

CQL WLTC 1.071/0.602 1.016/0.605 94.8% CHTC 74.102/0.526 70.787/0.520 95.5% 
GCDC 0.318/0.481 0.292/0.480 91.8% FTP75 84.172/0.531 79.435/0.530 94.4%

Fig. 5. Energy efficiency analysis through comparisons of engine operation points. (a) Distribution of working points for the HEV engine. (b) Fuel consumption distributions
by the three different strategies. (c) Efficiency distribution of the fuel cell power. (d) Battery SOC comparison.
three key components significantly influence the algorithm’s effec-
tiveness and performance in addressing real-world challenges. 
Therefore, in this section, we provide a thorough discussion of con-
figuring state, reward, and action settings specifically for the appli-
382
cation of RL in EV energy management. Furthermore, we introduce 
a policy extraction and reconstruction method for learning-based 
EMS deployment and conduct hardware-in-the-loop experiments.
Given the superior performance of the PPO algorithm observed in
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previous experiments involving the FCEV environment, this section 
exclusively leverages the PPO algorithm for illustration and
discussion.

5.1. Partially observable MDP (POMDP)

The POMDP is characterized by a tuple 
where represents the set of states, the set of actions, the
state transition probabilities, the reward function, the set of 
observations, and the observation probabilities. Unlike in an 
MDP, in a POMDP, the agent lacks direct access to the true state
of the environment and instead relies on observations with 
each observati on depending on the new state and action gov-
erned by 

The conventional treatment of the EMS within RL methodolo-
gies typically models the problem as an MDP. However, a critical 
examination of this approach reveals its limitations. MDPs are 
predicated on the Markov property, implying that future states 
depend solely on the current state and action, independent of past
states. This assumption does not fully hold in the context of vehicle
energy management. For example, state variables such as vehicle
velocity, acceleration, and SOC, along with actions pertaining to
energy allocation, do not uniquely determine the state transition
function This is evident in the differing characteristics of

when we compared vehicles on highways against those 
on urban roads, indicating that these state variables often repre-
sent only partial observations of the vehicle’s environment. More-
over, the presence of missing data, a common challenge in onboard
sensors, further complicates the ability to reliably capture vehicle
state at all times [45]. Therefore, clearly, modeling EMS as a 
POMDP, which accounts for the partial observability and inherent 
uncertainties of the vehicle’s environment, offers a more accurate 
and robust framework for energy management in vehicles.
Expanding LearningEMS to include POMDP environments, inte-
grating these POMDP algorithms, and testing various POMDP
methodologies would be highly valuable.

5.2. Reward function

The design of the reward function plays a critical role in the RL 
agent’s learning process. Therefore, in this section, we will dive 
into the issue of reward function design in the context of energy 
management. For the FCEV, multiple objectives are considered, 
including hydrogen consumption, battery equivalent hydrogen
consumption (battery electricity consumption and degradation),
and fuel cell degradation cost. Four reward functions, denoted
R1, R2, R3, and R4, are established to reflect varying considerations.
Note that all costs are converted into monetary units.

R1: It solely focuses on minimizing the cost of hydrogen con-
sumption in Eq. (10). 

R1 Cfcs  H 2 32

R2: The reward function accounts for both the cost of hydrogen 
consumption and the battery equivalent hydrogen consumption,
which encompasses electricity consumption and degradation.

R2 Cfcs  H2 Cbat eH2 Cbat degr 33

The battery electricity consumption is calculated accord-
ing to the battery charge/discharge efficiency and is converted into
price cost:

Cbat eH2 

t 

0 

Pbat 

gd c gdc LHV H2

dt pH2
34

where is the battery discharge/charge efficiency, is the DC/ 
DC efficiency, and is the hydrogen price per kilogram.

X c ,

X 

o X, 
a, s o 

P  o  s a .

Pa s s .
Pa s s

Cbat eH 2

gd c gdc 

pH2 
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R3: The third reward function introduces the factor of hydrogen
fuel cell degradation cost.

R3 Cfcs H2 Cfc  s degr 35

R4: This integrates all three optimization objectives: hydrogen 
consumption cost, battery-related costs (consumption and degra-
dation), and fuel cell degradation cost

R4 Cfcs H2 Cfcs  degr Cbat eH 2 Cbat degr 36

Fig. 6(a) illustrates the total cost under four different reward 
functions during the WTVC operating condition, which includes 
hydrogen consumption, battery cost, and fuel cell degradation cost. 
Clearly, a more comprehensive consideration of factors in the 
design of the reward function results in lower costs. In the R1 
and R2 strategies, the absence of the consideration of fuel cell
degradation leads to higher total cost. With the incorporation of
degradation considerations, the costs associated with fuel cell
degradation undergo a substantial reduction, dropping from their
previous values of 40.83 and 38.62 to a mere 1.92 and 2.14, respec-
tively. Fig. 6(b) showcases the fuel cell output power profiles for 
the four strategies. The R1 and R2 strategies exhibit a wider range 
of output power variation, with instances of power levels falling 
below 20 kW and exceeding 80 kW. Both the low- and high-
power operations contribute to the accelerated degradation of
the fuel cell. In contrast, the R3 and R4 strategies only exhibit
power levels below 20 kW during the initial startup phase, attribu-
table to the incorporation of fuel cell degradation cost into the
reward function.

Thus, the aforementioned experimental results underscore that 
the energy management for EVs is a multi-objective problem. In 
particular, fuel cell lifetime is a crucial factor, as evidenced by 
our experimental results. To emphasize its significance, we 
designed distinct reward functions to highlight the role of fuel cell
degradation in our results. Furthermore, our experimental findings
highlight that in RL-based EMS, the thoughtful design of the
reward function can significantly impact comprehensive
performance.

Cbat degr 
5.3. Action setting

The significance of the thoughtfully designed action spaces in 
enhancing the efficiency and performance of RL algorithms is evi-
dent in practical problem domains. The action space effectively
establishes an upper bound for the performance on specific tasks.
As illustrated in Section 3.3, distinct vehicle models require specific 
action settings, a differentiation attributed to the specific charac-
teristics of EV. For the FCEV, maintaining a steady power output 
of the fuel cell system is crucial. Consequently, one viable approach 
involves adopting an incremental action space, in which the action 
is defined as the rate of change of power output. By focusing on 
controlling the rate of power change (power slope), this incremen-
tal approach allows achieving a smoother and more controlled 
power delivery. Therefore, this section is dedicated to the compre-
hensive examination of how different action control settings influ-
ence the performance of EMS. Specifically, we focus on the
investigation of four distinct action configurations, denoted as
PS-5, PS-10, PS-15, and PS-100. The PS-100 setting signifies a fuel
cell power slope of zero, wherein the action directly corresponds
to the output power of the fuel cell. In contrast, PS-5 denotes a
power slope of 5 kW, which indicates dynamic power adjustments
within this range. Similarly, PS-10 and PS-15 represent power
slopes of 10 and 15 kW, respectively.

Fig. 6(c) presents the distribution cloud chart of fuel cell power 
variations. By comparing four different action settings (PS-5, PS-10,
PS-15, and PS-100), notably, we can see that larger power slopes
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Fig. 6. Comparison of the different reward and action settings. (a) Comparing the total cost across different reward functions; the total cost comprises hydrogen consumption, 
battery cost, and fuel cell (FC) degradation cost. (b) Fuel cell power for the four strategies. (c) Fuel cell power distribution cloud chart. (d) Distribution of the power of the fuel
cell. (e) Comparison of cost results of different strategies.
lead to smaller output actions generated by the DRL agent. For the 
PS-5 strategy, the action falls within the range of [−2.5, 2.5]. The 
PS-10 strategy encompasses action values in the range of approxi-
mately [−1.5, 1.5], while the PS-15 actions are confined to a nar-
rower interval of [−0.6, 0.6]. The power variations for PS-100
range around approximately 2.5 kW. A comparison of the distribu-
tion in Fig. 6(d) further reveals that the PS-15 strategy results in a 
more concentrated fuel cell power output, indicative of smoother
power delivery dynamics. Fig. 6(e) provides a comparison of the 
final cost values for the four strategies. The results indicate that 
the PS-100 strategy and PS-5 incur a higher cost of fuel cell degra-
dation, whereas the other two strategies exhibit lower cost. This 
highlights that in EMS scenarios involving system lifetime, it is 
more beneficial to use an incremental action approach. Addition-
ally, different values for the fuel cell power slope noticeably affect
the final results. Our findings indicate that, within a reasonable
range, higher action slopes lead to better results. Considering the
fuel cell’s power response time, we set the maximum power slope
to 15% of the total power.
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In summary, while directly assigning actions to output power 
levels might present challenges in maintaining stable control, the 
incremental action strategy emerges as a promising approach to 
mitigate power fluctuations, improve power stability, and poten-
tially prolong the lifetime of fuel cell systems. These findings high-
light the potential benefits of employing incremental action
settings, especially in scenarios where system lifetime is a key con-
sideration. Moreover, the experimentation provides insights into
the trade-off between action precision and control performance,
offering valuable guidance regarding the RL-based EMS.

5.4. Learning-based E MS deployment

Deploying a learning-based EMS from simulation environments 
to real-world scenarios is a complex and systematic engineering 
task. In the automotive industry, the V-model developmen t
approach is commonly used for software development, with envi-
ronments often relying on the C code such as MATLAB/Simulink
[46]. However, in the context of machine learning, algorithms are
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predominantly developed in Python. This section outlines the pro-
cess of deploying a learning-based EMS that has been trained on
Python into a real-world vehicle controller. The deployment pro-
cess is illustrated in Fig. 7(a). The initial step involves saving the 
neural network parameters of the learning-based algorithm 
trained in Python, which is referred to as the pretrained network. 
In our LearningEMS library, these parameters are saved as ‘‘.path” 
files. The next step involves policy extraction, in which the actor 
network of the agent is converted into parameterized matrices. 
These matrices comprise the weights and biases of each neural net-
work. The network parameters saved in the ‘‘.path” file are then
stored into multiple ‘‘.mat” files. Policy reconstruction is the third
step, which involves recreating the learning-based EMS based on
the network parameters obtained from the policy extraction pro-
cess. By loading ‘‘.mat” files in the MATLAB/Simulink environment,
a new parameterized EMS is reconstructed. The model created in
Simulink can be readily compiled and uploaded onto the actual
onboard controllers for online control.

Hardware-in-the-loop (HIL) plays a crucial role in the develop-
ment and testing of embedded systems, particularly in the context 
of vehicle control units (VCUs) for vehicles. In the deployment of
the EMS learned by the DRL agent from the simulation to a real
controller, as depicted in Fig. 7(b), the network parameters are 
transferred to the Dspace hardware controller following policy 
extraction and reconstruction steps. Recognoizing that different 
algorithms necessitate custom policy reconstruction functions is 
essential. For example, the actor network of DDPG and TD3 algo-
rithms directly generates action values, whereas the actor network
of the PPO algorithm produces the probability of each action. Thus,
designing appropriate policy reconstruction functions tailored to
different algorithms is crucial.
Fig. 7. EMS deployment process. (a) The deployment of a learning-based EMS from sim
reconstructing them before deploying the EMS into VCU. (b) During the HIL process, the 
computer used to interact with the Dspace and communicate with the vehicle model
between simulation in Python (Sim_py) and real-world implementation in VCU (Real_V
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Fig. 7(c) presents a comparison between the experimental 
results from the simulation in Python and those deployed on the 
real controller. The results of the parameterized EMS results clo-
sely align with the original EMS model, showcasing parallel fuel 
cell power output and battery SOC trajectories. The slight discrep-
ancy can be attributed to the simplified vehicle model utilized in
Python. These experiments underscore the success of cross-
platform EMS development, with the detailed workflow and code
to be open-sourced. Researchers can leverage our proposed
LearningEMS library to develop advanced EMS algorithms in
Python and transform them into parameterized EMS models that
are compatible with mainstream vehicle development tools.

6. Conclusio n

Here, we present LearningEMS, a unified framework aimed at 
simplifying the creation of EV simulation models, promoting
method innovation, and serving as a versatile evaluation and
deployment tool (Fig. 1). The study involves the implementation 
and comparison of various EMS algorithms, encompassing opti-
mization, DRL, imitation learning, and offline RL algorithms. The 
results indicate that among the implemented algorithms, the dis-
crete action space algorithms DQN and D3QN excel in simple 
EMS tasks. However, their energy performance diminishes when 
confronted with multiple control parameters and the need for 
complex action space design. Off-policy algorithms with continu-
ous action spaces, such as DDPG, TD3, and SAC, stand out because
of their prowess in optimizing energy efficiency and demonstrating
consistency across diverse driving conditions. The on-policy algo-
rithm PPO shows significant performance variations in different
vehicles or operational conditions, and its consistency is relatively
ulation to real-world involves saving network parameters, extracting policies, and 
parameterized EMS is compiled into the rapid prototyping controller, with the host
via CANoe (Vector; Germany). (c) Comparing the results of the FC power and SOC
CU).
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weaker. Notably, all DRL algorithms and offline RL exhibit robust 
adaptability, maintaining consistent performance even when 
deployed in novel conditions after being trained on specific strate-
gies. Imitation learning demonstrates outstanding performance in 
certain conditions; the adaptability and applicability require fur-
ther in-depth research. ORL, as exemplified by the CQL algorithm 
in our experiments, holds more significant applicability and effec-
tiveness in real-world scenarios, particularly in learning and
improving EMS strategies from non-expert historical data. Further-
more, our experimental findings highlight that in RL-based EMS,
the thoughtful design of the reward function and action can signifi-
cantly impact overall performance. The HIL experiments further
demonstrate that deploying learning-based EMS trained on Python
to real-world scenarios is feasible.

To the best of our knowledge, there does not exist a unified EMS 
framework and comprehensive benchmark.Although several com-
parative studies analyze the features of state-of-the-art EMS, most
of these predominantly focus on traditional EMS approaches
[47,48], conducted on a specific type of EV with a limited number
of standard driving cycles [20,31]. Our study presents a unified 
EMS framework by open-sourcing algorithms, environments, data 
sets, and deployment processes. This allows engineers and 
researchers to develop more advanced EMS using our LearningEMS 
framework, which can be applied to mass-produced EVs or for fur-
ther innovative research. The LearningEMS framework has the
potential to significantly improve energy efficiency, reduce vehicle
operating costs, extend power system lifespan, and advance sus-
tainable transportation. According to China Energy-Saving and
New Energy Vehicle Technology Roadmap [49], China aims to 
achieve a complete electrification transformation of the automo-
tive industry by 2035, with passenger vehicle energy consumption 
reaching the target of 4 L/100 km. LearningEMS represents a signifi-
cant step forward in the development of advanced EMS strategies
for EVs. We hope our open-source efforts can contribute to the
development of more advanced and intelligent energy-saving con-
trol technologies for electric vehicles.

Our work marks an initial milestone in establishing a founda-
tional EMS platform through comprehensive open-sourcing. Future 
research should focus on several key areas: ① the ‘‘sim-to-real” 
challenge must be addressed by enhancing model generalization 
and ensuring strategy safety to make simulation-trained agents 
reliable in real-world scenarios. ② As automotive driving technol-
ogy advances, integrating driving systems with powertrain sys-
tems will be essential for achieving more efficient and cohesive 
control. ③ Given that learning-based methods are often black-
box models, we must ensure that the algorithmic decision-
making process remains transparent, interpretable, and ethical. 
Given the scope of this project, we anticipate initial challenges as
users start using the LearningEMS platform. Therefore, our objec-
tive is to continuously maintain and enhance the open-source
benchmark. We encourage researchers to participate in the open
challenge to make progress and evaluate their EMS algorithms.
Additionally, we hope, with community support, to continually
expand EV environments, methods, data, and tasks for both train-
ing and evaluation purposes. Our aspiration is for LearningEMS to
evolve into a crucial resource for a wide spectrum of EMS-related
research. We eagerly anticipate witnessing achievements of the
community across this diverse range of tasks.
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