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A B S T R A C T

Thanks to its superior learning capabilities and its model-free nature, Reinforcement Learning (RL) is
increasingly regarded as an effective solution for addressing complex optimization tasks such as energy
management in Hybrid Electric Vehicles (HEVs). In this paper, we implement a Soft Actor–Critic (SAC)
agent on a digital twin of a plug-in Hybrid Electric Vehicle (pHEV) operating in charge-sustaining mode. We
employ multi-cycle training, which significantly improves the SAC model’s ability to generalize across diverse
conditions. We fist evaluate the SAC agent capabilities on the Worldwide harmonized Light-duty vehicles Test
Cycle (WLTC) by comparing its performance to the global optimum achieved by Dynamic Programming (DP),
a local optimization strategy, i.e., Equivalent Consumption Minimization Strategy (ECMS), and a Double Deep
Q-Learning (DDQL) algorithm. Furthermore, we test the agent across a broad range of driving cycles to assess
its ability to generalize to scenarios beyond those used during training. Simulation results show that the SAC
agent achieves results close to the optimal benchmark set by the DP, with CO2 emissions differing by only 3-4%.
The code used in this work is publicly available at: https://github.com/gigitresca/RL-for-EMS-optimization-
of-a-Simulink-based-plugin-Hybrid-Electric-Vehicle.git
1. Introduction

As anthropogenic Greenhouse Gas (GHG) emissions continue to ac-
celerate global warming [1,2], the transition to a low- or zero-emission
society has become imperative. Mostly due to the adopted policies,
overall GHG emissions from member states of the EU decreased by
30% between 1990 and 2021 [3]. However, GHG emissions from the
transportation sector are the only ones that have bucked this trend.
Except for the substantial drop in 2020 caused by the unprecedented
COVID-19 restrictions, GHG emissions from EU transportation experi-
enced a year-over-year rebound of 8.6% in 2021, followed by a further
year-over-year growth of 2.7% in 2022 [4].

In this context, exploiting the increasing levels of vehicle connec-
tivity [5,6] along with electrification of the transportation sector not
only holds the promise of mitigating GHG emissions but also allows
for the improvement of local air quality [7,8]. Battery Electric Vehicles
(BEVs) are often advocated as the "silver bullet" [9] since they represent
a potential socio-technical solution for reaching transportation sus-
tainability, especially in the light-duty segment. However, significant
improvements in battery technology are still required to reach parity
with conventional vehicles [10,11]. Hence, inadequate infrastructure
combined with limited range and long recharging times of BEVs [12],
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still makes Hybrid Electric Vehicles (HEVs) and plug-in Hybrid Electric
Vehicles (pHEVs) more viable solutions in the mid-term [13].

Nevertheless, to maximize the benefits of powertrain electrification,
special attention should be paid to the proper incorporation of the
supplementary energy source on board. The vehicle control hierarchy
of an HEV must be redesigned by adding a new layer, known as the
Energy Management System (EMS). This layer is responsible for decid-
ing the powertrain operating mode and the power distribution between
the Internal Combustion Engine (ICE) and the Electric Machines (EMs)
[14]. During the past decades, extensive research has been done in
EMS to develop strategies that are both implementable in real-time
and optimal [15]. Traditionally, energy management strategies have
been commonly divided between rule-based and optimization-based
methods [16].

Rule-based methods use fixed thresholds derived from experimental
knowledge of key parameters to determine the power split among
the onboard power sources [17]. Although straightforward to design
and implement, these approaches are heavily dependent on expert
experience. Moreover, it is not easy to obtain some rules that properly
work for a wide range of driving conditions due to the presence of many
thresholds and parameters [18].
vailable online 21 February 2025
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Fig. 1. Venn diagram displaying the three categories of RL agents: policy-based, value-based, and actor–critic. The References highlight their application in the energy management
f HEVs.
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Optimization-based methods are focused on minimizing an objec-
ive function and can be further divided between global and local
ptimization strategies. Noteworthy global optimization methods in-
lude, as examples, Dynamic Programming (DP) [19], and Pontryagin’s
inimum Principle (PMP) [20]. They can provide the global opti-
um but require prior knowledge of the entire vehicle mission profile

nd involve high computational costs. Given the intrinsic stochastic
ature of actual driving cycles, these methods are often employed
s theoretical optimal benchmarks [21]. On the other hand, locally
ptimized methods simplify the global problem by breaking it down
nto a series of local subproblems, improving the calculation efficiency.
hey include Equivalent Consumption Minimization Strategy (ECMS)
22], Model Predictive Control (MPC) [23], Evolutionary Algorithms
EA) [24], etc. Although these strategies reduce the computational
ost and allow for real-time implementation [25], they may fall into

local minima, limiting the maximum exploitation of the optimization
techniques.

Beside traditional strategies, data-driven algorithms have recently
gained increasing popularity in the energy management of HEVs. In
fact, Machine Learning (ML) techniques have permeated into various
ndustrial fields thanks to their incomparable capacity to autonomously

find hidden and complex relationships among high-dimensional data.
In particular, Reinforcement Learning (RL) algorithms have proven
effective in addressing a wide range of challenging optimization and
decision-making problems [26,27], such as energy management in
HEVs [28]. The great asset of the RL algorithms is their ability to self-
learn by directly interacting with an external environment through a
trial-and-error process [29]. Hence, RL training entails progressively
learning the optimal strategy that minimizes a performance index by
ewarding efficient operations and, conversely, penalizing less efficient
nes.

Over the last decade, a remarkable amount of research has been
conducted into RL-based EMS, resulting in the adoption of a plethora of
RL algorithms [30]. These algorithms can be divided into model-based
or model-free, depending on whether the agent simulates the transition
dynamics of the environment, and on-policy and off-policy, depending
on whether the agent adopts the same policy being updated during
training. However, as shown in Fig. 1, RL algorithms are generally
lassified into three categories: policy-based, value-based, and mixed.
2

The first category of RL algorithms comprises policy search meth-
ods, which aim to identify an optimal policy using either gradient-based
or gradient-free methods. In these algorithms, a Neural Network (NN),
namely the actor, is the policy function that chooses the actions to
take given the current state. However, since the policy is an NN with
many parameters, searching directly for the optimal policy not only is
hampered by the low sample efficiency but also poses challenges that
may lead to local minima. As a consequence, these methods are not
widely employed in energy management of HEVs.

The second category of algorithms consists of value function meth-
ds, which estimate the expected return associated with being in a
articular state (referred to as the value). Among value-based algo-
ithms, Q-Learning (QL) [31], which is an off-policy tabular algorithm

working in discretized environments, is widely adopted in the literature
for the energy management of HEVs. For instance, a tabular Q-learning
approach was introduced in [32] accounting for comfort and engine op-
ration requirements in addition to fuel consumption. Or, a Q-learning
pproach was adopted in [33] for the design of the energy management
f a series-parallel HEV that takes into account both fuel consumption
nd battery life. An advancement in QL methods was achieved when
an Hasselt demonstrated that the single estimator employed in QL
ends to overestimate the Q-value during the training phase, and thus
roposed Double QL which employs a double estimator to manage ac-
ion selection and value estimation independently [34]. As an example,
n [35], two heuristic action execution policies were proposed based on
he double QL to improve the vehicle energy efficiency by at least 1%,
f compared to standard QL, while maintaining the battery SoC.

Nevertheless, despite the ease of implementation of QL and Double
QL agents, their performance is hindered by their tabular-based nature:
he dimension of the tables grows exponentially with the number of

relevant interacting factors, the so-called ‘‘curse of dimensionality’’
36]. In this context, the integration of Deep Learning (DL) algorithms

into RL significantly contributed to advancements in RL, giving rise
to the field of Deep Reinforcement Learning (DRL). Therefore, the
performance of the QL method was improved by the introduction
of Deep Q-Learning (DQL) [37], which compactly represents high-
dimensional observations by employing Deep Neural Networks (DNNs)
to approximate the value function. As an example, a DQL algorithm
was implemented in the EMS of a hybrid electric bus, as detailed in
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[38], which continuously penalized fuel consumption and deviations of
the SoC from the target. This approach achieved a 5.6% improvement
n fuel economy compared to conventional QL. Although the DQL can
mprove the capabilities of QL agents and attain satisfactory perfor-
ance, it is similarly prone to overestimation as the QL method [26].

Hence, the idea behind Double QL was then extended to Double Deep
Q-Learning (DDQL) [39], enabling it to handle large-scale function
approximation, by employing DNNs for action selection and value
estimation. As an example, a DDQL agent was introduced in [40],
for an HEV with a dual-motor configuration, demonstrating superior
capabilities compared to the DQL approach. Or the Authors previously
trained a DDQL agent in [41] for handling the energy management of
a pHEV reaching CO2 emissions only 9% higher than the optimal ones
obtained by DP.

Although the adoption of DL successfully solved the ‘‘curse of di-
mensionality’’ problem associated with value function methods, DQL
and DDQL are still hindered by control errors due to the action space
discretization. Moreover, in these algorithms, the interval size of the
discrete action space must be chosen considering the trade-off between
training time and performance. In this framework, the third category of
algorithms, which are Actor-Critic (AC) employing both value functions
and policy search [42], was proposed to address the aforementioned
hallenges and achieve continuous control. The policy, namely actor,

learns by utilizing feedback provided by the value function, namely
ritic. Quite recently, the AC approaches have gained increased pop-

ularity as they effectively combine the advantages of policy search
methods (variance reduction) with the learned value functions (bias
introduction) [43]. One of the best-known AC algorithms is Deter-
ministic Policy Gradients (DPG) [44] which involves selecting actions
based on a stochastic behavior policy to ensure sufficient exploration
while exploiting the current knowledge by simultaneously learning a
deterministic target policy.

Analogously to the value function approaches, later work integrated
an AC network to the DRL framework, introducing the Deep Determin-
istic Policy Agent (DDPG) [45]. This approach employs two separate
DNNs to approximate the policy and value functions. For instance, a

DPG agent was employed in [46] to address a multi-objective energy
management problem, where the agent was continuously penalized for
fuel consumption and deviations from the target SoC. Or, in [47], a
DDPG agent was integrated into an RB energy management strategy
of a heavy-duty HEV that also adopted an organic Rankine cycle for
recovering engine waste heat. Nevertheless, DDPG suffers from instabil-
ity in training, poor convergence, sampling inefficiency, and sensitivity
to hyperparameter. Therefore, Twin Delayed Deep Deterministic policy
gradient (TD3) [48] was introduced to address these issues. Unlike

DPG, TD3 uses two critic target networks for value estimation and
hooses the smaller of the two values. As a consequence, the actor
etwork is updated less frequently than the critic one. As an example,
uang et al. [49] proposed a battery health-aware energy management

strategy based on the TD3 method which improved training efficiency
by approximately 11% and learning ability by about 24%, compared
to a strategy based on DDPG. A TD3-based EMS was proposed in [50]
ombining a heuristic local controller with a hybrid experience replay
ethod. This approach achieved better fuel economy, faster conver-

ence, and greater robustness compared to conventional value-based
nd policy-based algorithms.

Nevertheless, among the AC agents, Soft–Actor Critic (SAC) [51]
tands out as a prominent method due to its superior learning capabil-
ty, faster convergence, and better performance compared to the other

algorithms [52]. The SAC algorithm is a stochastic and off-policy agent
esigned to deal with continuous environments and is characterized
y entropy maximization which significantly enhances stability and
xploration. As an example, Huo et al. [53] proposed an improved
AC algorithm that considered both fuel cell and Li-ion battery life,
emonstrating better fuel economy compared to DDPG. Alternatively,
 SAC-based EMS was proposed in [54] for a fuel cell HEV, considering
3

the health performance of both fuel cell system and power battery. Or
n [55] a SAC agent with automatic entropy tuning was proposed to

improve its adaptability to different driving cycles. Finally, the Authors
roposed a SAC agent in [56] and performed a sensitivity analysis on
ifferent reward functions to evaluate their effectiveness in fuel savings
nd battery charge sustainability.

According to the surveyed literature, it emerged that, among RL
gents, deep model-free methods show significant promise in handling
ontrol tasks such as real-time energy management of HEVs. Among

them, the information entropy-based SAC algorithm stands out for its
remarkable learning capability, convergence speed, and performance.

evertheless, the majority of works in the literature trained the agent
ver a single cycle, sometimes also testing the agent’s performance
n the same driving cycle [50]. Since model-free DRL agents rely on
NNs, they require a substantial amount of stochastic data to prevent
verfitting. As a consequence, a DRL agent optimized for a single
verage driving cycle may perform well during the training phase but
ot as well under different testing conditions.

1.1. Contributions and objectives

In this paper, we propose a SAC-based energy management strat-
egy for a pHEV operating in charge-sustaining conditions. Differently
from other studies available in the literature, we introduce multi-
cycle training to enhance the robustness and generalization capability
of the SAC agent. The training is performed over an ensemble of
72 driving cycles comprising both type-approval procedures and real
driving mission profiles. First, we deeply analyze the training behavior
of the SAC agent and compare it to the DDQL used as a benchmark.
Then, we evaluate the impact of multi-cycle training by comparing the
performance of the SAC agent trained on the multi-cycle ensemble with
that of the same agent trained on a single cycle. Finally, we propose
 detailed performance assessment of the multi-cycle SAC from an

energetic point of view. The SAC algorithm is compared with strate-
gies more widespread in the literature: a global optimization strategy,
.e., DP; a local optimization strategy, i.e., ECMS; and a value-function
L method, i.e., DDQL.

1.2. Paper organization

The rest of the paper is organized as follows: Section 2 briefly
ntroduces the case study, Section 3 formalizes the energy management

problem, with special attention to the formulation of DDQL and SAC
gents. Then, Section 4 shows the comparison between DDQL and SAC

agents during the training process. Section 5 compares the performance
of the SAC agent trained over the multi-cycle ensemble to that of
the same agent trained over a single cycle. The simulation results are
shown on one of the training cycles and one additional test cycle. Then,
he SAC agent is compared, in terms of energetic performance, with

DP, ECMS, and DDQL. Finally, the paper highlights the main research
findings and discusses possible directions for future advancements.

2. Case study

2.1. Vehicle specifications

For this work, we adopted a state-of-the-art pHEV available in the
European market as a test case. Fig. 2 schematically sketches, at a high
level, the architecture of the powertrain, where an ICE is connected to
an EM via an auxiliary clutch. The power actuators are connected to the
rear axle via a torque converter and a 9-speed automatic transmission.
More granularity is provided by Table 1, where the main characteristics
of the vehicle and the powertrain are listed. The engine, whose Brake
pecific Fuel Consumption (BSFC) map is depicted in Fig. 3, is a 2-
iter diesel engine with 145 kW rated peak power, along with the EM

efficiency map.
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Fig. 2. Powertrain layout: the rear axle is powered by a diesel engine and an EM.
MECH denotes the mechanical connections, whereas HV AC, HV DC, and LV DC denote
the electrical connections, with high/low voltage alternating/direct current.

Table 1
Main specifications of vehicle and powertrain.

Vehicle Curb Weight [kg]
Power [kW] @ 100 km/h

2060
14.9

ICE Cylinders [–]
Fuel [–]
Displacement [cm3]
Max Power [kW] @ 3800 rpm
Max Torque [Nm] @ 1600–2800 rpm
Compression Ratio
Emissions Standard

4
Diesel
1950
143
400
15.5:1
Euro 6d-Temp

EM Type
Max Power [kW] @ 2000 rpm
Max Torque [Nm] @ 1750 rpm
Max Speed [rpm]

PM Synchronous Motor
90
440
6000

Transmission Type
Gears [–]

AT w/Torque Converter
9

HV Battery Type
Rated Voltage [V]
Capacity [kWh]/[Ah]

Li-NMC
365
13.5/37

2.2. Virtual test rig development

We built the virtual test rig of the vehicle using data gathered during
an extensive experimental campaign conducted on the real vehicle. We
built the model without direct access to the vehicle EMS, as detailed
in [57]. For this work, which is aimed at assessing the potential of an
RL-based EMS, we developed a simplified version of the digital twin
in MATLAB®/Simulink® , relying on a backward kinematic approach.
Thanks to its limited dynamics, the backward kinematic approach is
commonly employed for driving cycle simulations, as it offers compu-
tational efficiency and reliable fuel consumption predictions over the
entire cycle. Furthermore, this approach is particularly well-suited for
RL frameworks, ensuring computational feasibility during the training
process.

2.3. Driving cycles dataset

We derived the dataset used in this work from [25]. It consists of
80 traces and covers a wide spectrum of driving patterns, including
experimental tests and type-approval driving cycles available from the
literature. Fig. 4 illustrates the relationship between all cycles and two
key energetic indices. The x-axis represents the square of the average
vehicle speed, which is related to the average energy demand. The y-
axis displays the product of the average vehicle speed and acceleration,
which is related to the aggressiveness of the driving cycle (see [25] for
4

Fig. 3. (a): Brake Specific Fuel Consumption (BSFC) map of the ICE with Wide Open
Throttle (WOT) and Optimal Operating Line (OOL) curves; (b): Efficiency map of the
EM with max power curve.

more details of these indices). The gray area is obtained by leveraging
the real-world data, available in [58], collected from the field operation
of a pHEV driven for 47.000 km during a two-year period. From a visual
comparison, it is evident that the mission profiles adopted in this study
are in line with the typical real-world operation of a pHEV.

We divided the cycles between those used for training the SAC
agent (gray) and those used for testing (green). Particular emphasis is
given to the two cycles that will be shown in the following Sections.
The Worldwide harmonized Light-duty vehicles Test Cycle (WLTC)
[59] (red triangle), which is used during training, is not excessively
demanding in terms of energy and aggressiveness. On the other hand,
the Real-Driving Emissions (RDE)-compliant route [60] (red square),
used in the following Sections as a test case, is a more demanding
driving cycle.

The RDE driving cycle is illustrated in Fig. 5, depicting vehicle speed
over time. The cycle spans roughly 92 minutes and covers a distance
of 96 kilometers. We derived the route, depicted in Fig. 5(a), from
Portable Emissions Measurement System (PEMS) data and overlaid it
on a topographic map. In the test, the urban operation is followed by
rural and motorway operations.

3. Energy management

3.1. Problem formulation

The energy management of an HEV can be framed as a constrained
and finite-time optimal control problem [19] governed by the following
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𝑥
𝑚

Fig. 4. Driving cycles dataset plotted as a function of squared vehicle speed and the
product of vehicle speed and acceleration.

state equation:

̇ (𝑡) = 𝑓 (𝑥(𝑡), 𝑢(𝑡), 𝑡) (1)

where 𝑥(𝑡) ∈ R𝑛 and 𝑢(𝑡) ∈ R𝑚 represent the state and control
variables vector, respectively, 𝑡 denotes the time variable, and 𝑓 is
a function modeling the dynamics of the system. The control policy
𝑢(𝑡) ∶ [𝑡0, 𝑡𝑓 ] ∈ R𝑚 is optimal if it minimizes the cost function 𝐽 over
the time interval 𝑡 ∈ [𝑡0, 𝑡𝑓 ]:
𝐽 = 𝜙

(

𝑥(𝑡𝑓 ), 𝑡𝑓
)

+ ∫

𝑡𝑓

𝑡0
𝐿 (𝑥(𝑡), 𝑢(𝑡), 𝑡) 𝑑 𝑡 (2)

In this formulation, 𝐿 (𝑥(𝑡), 𝑢(𝑡), 𝑡) ∈ R represents the instantaneous
cost function, while 𝜙

(

𝑥(𝑡𝑓 ), 𝑡𝑓
)

∈ R defines the terminal cost incurred
at the final state. For HEVs, the instantaneous fuel consumption is
typically selected as the cost function 𝐿, with the optimization problem
subject to a set of both local and global constraints related to the
physical limitations of the actuators, i.e., ICE and EM, and of the
battery:
⎧

⎪

⎨

⎪

⎩

𝑃𝑖𝑐 𝑒,𝑚𝑖𝑛(𝜔𝑖𝑐 𝑒(𝑡)) ≤ 𝑃𝑖𝑐 𝑒(𝑡) ≤ 𝑃𝑖𝑐 𝑒,𝑚𝑎𝑥(𝜔𝑖𝑐 𝑒(𝑡))
𝑃𝑒𝑚,𝑚𝑖𝑛(𝜔𝑒𝑚(𝑡)) ≤ 𝑃𝑒𝑚(𝑡) ≤ 𝑃𝑒𝑚,𝑚𝑎𝑥(𝜔𝑒𝑚(𝑡))
𝑃𝑏𝑎𝑡𝑡,𝑚𝑖𝑛(𝑆 𝑜𝐶(𝑡)) ≤ 𝑃𝑏𝑎𝑡𝑡(𝑡) ≤ 𝑃𝑏𝑎𝑡𝑡,𝑚𝑎𝑥(𝑆 𝑜𝐶(𝑡))

(3)

where 𝜔𝐼 𝐶 𝐸 and 𝜔𝐸 𝑀 represent the speed of the engine and the
electric motor, respectively. Moreover, battery SoC must remain within
predefined boundaries 𝑆 𝑜𝐶𝑚𝑖𝑛(𝑡) ≤ 𝑆 𝑜𝐶(𝑡) ≤ 𝑆 𝑜𝐶𝑚𝑎𝑥(𝑡) and, for an
HEV or a pHEV operating in charge-sustaining mode, battery charge
sustainability must be ensured: i.e., 𝑆 𝑜𝐶(𝑡𝑓 ) = 𝑆 𝑜𝐶(𝑡𝑖).

As already discussed in Section 1, well-known methods, such as
DP, ECMS, PMP, etc., have been widely employed to solve this control
problem. However, in recent years, RL-based methods have emerged
as promising alternatives for this task. The following Sections will be
mainly focused on the DDQL and SAC algorithms, alongside a brief
overview of the other strategies used for comparison in this study.

3.2. Dynamic programming

Dynamic Programming (DP) [19] is a numerical method for solving
multistage decision-making problems. As discussed in Section 1, it
belongs to global optimization strategies, and thus provides the optimal
solution only within a simulation environment due to its non-causal
nature. The DP algorithm is based on Bellman’s principle of optimality,
and beginning from the final step 𝑁 , evaluates the optimal cost-to-
go function 𝐽 (𝑥 ) at each node in the discretized time state space.
5

𝑘 𝑖
This process involves moving backward in time while following the
sequence of policies:

𝜋∗
𝑘 = ar g min

𝑢𝑘∈𝑘

(

𝐿𝑘(𝑥𝑘, 𝑢𝑘) + 𝐽𝑘+1
(

𝑓𝑘(𝑥𝑘, 𝑢𝑘)
))

𝑘 = 𝑁 − 1, 𝑁 − 2,… , 1, 0

(4)

As a global optimization algorithm, DP is not suitable for practical
scenarios because it requires the a-priori knowledge of future driving
conditions and is hindered by the "curse of dimensionality" due to its
high computational demands. Despite these limitations, it is widely
used as the optimal benchmark for evaluating other optimization tech-
niques.

3.3. Equivalent consumption minimization strategy

The ECMS is a locally optimized control strategy that relies on the
instantaneous optimization of the powertrain energy flows to achieve
sub-optimal results [61]. In formulas, the equivalent fuel consumption
is obtained by summing the engine fuel consumption 𝑚̇𝑓 (𝑡) with a
"virtual" fuel consumption 𝑚̇𝑒𝑙(𝑡) associated with the use of the battery.
This combined fuel consumption is minimized instantaneously:

̇ 𝑓 ,𝑒𝑞(𝑡) = 𝑚̇𝑓 (𝑡) +
𝑠(𝑡)𝑃𝑏𝑎𝑡𝑡(𝑡)
𝑄𝐿𝐻 𝑉

(5)

where 𝑃𝑏𝑎𝑡𝑡(𝑡) is the instantaneous battery power; 𝑄𝐿𝐻 𝑉 is the fuel
lower heating value; 𝑠(𝑡) is the instantaneous equivalence factor that
converts battery energy consumption into the virtual fuel consumption,
thereby estimating the efficiency of future energy conversion.

Subsequent studies expanded the theoretical bases of the ECMS by
demonstrating the correlation between ECMS and PMP [62]. However,
in order to obtain sub-optimal results, this approach requires the adop-
tion of the appropriate value of equivalence factor 𝑠(𝑡), which depends
on both the powertrain topology and the specific mission profile [25].
Therefore, despite its instantaneous formulation, the ECMS implicitly
relies on future information. If this information is inaccurate, the results
may deviate significantly from optimality. Since its initial introduction,
various improvements and modifications have been suggested to enable
real-time adaptation of the equivalence factor [61].

3.4. Reinforcement learning

Quite recently, RL has joined the field of energy management of
HEV as a promising control strategy to achieve real-time global opti-
mum. The fundamental aspect of RL consists in learning through an
interactive trial and error approach: the agent observes the outcomes
of its actions and subsequently adjusts its behavior based on the reward
it receives, i.e., a scalar value rating the goodness of an action. In RL
nomenclature, the state is an ensemble comprising all the sufficient
information to describe the environment. For the energy management
of HEV, this information may include variables useful for the agent to
take the best action, such as vehicle speed, battery SoC, or required
power. Since the agent operates in a partially random or unknown
environment, RL can be formalized as a Markov Decision Process
(MDP) [29]. An MDP is a discrete-time stochastic control process where
the state at the next step depends only on the current state and is
independent of previous states.

As illustrated in Fig. 6, which depicts the typical agent-environment
interaction in an RL algorithm, the agent observes a state 𝑆 from the
environment and interacts with it by selecting an action 𝐴, depending
on the actual policy 𝜋. 𝐴 causes a change in the environment (new state
𝑆′) and generates a scalar feedback, namely reward 𝑟. The transition
information {𝑆 , 𝐴, 𝑟, 𝑆′} is referred to as an experience, and this process
is repeated iteratively until the training is complete. The ultimate goal
of the agent is to learn an optimal policy 𝜋∗, that maximizes the
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Fig. 5. RDE - (a) Route obtained from PEMS, overlaid on a topographic map (Courtesy of Google Maps); (b) Vehicle speed as a function of time, divided into urban, rural, and
highway segments.
Fig. 6. Schematic representation of the RL operating principles: the agent learns
through an interactive trial and error approach.

expected return 𝑔𝑡, expressed as follows:

𝑔𝑡 =
∞
∑

𝑘=0
𝛾𝑘𝑟𝑡+𝑘+1 (6)

where the discount factor 𝛾 ∈ [0, 1] weighs the influence of future
rewards.

A key aspect of RL is the fundamental dilemma between exploration
and exploitation: trying out random actions to explore the environment
or exploiting the current knowledge to maximize the return. In the
literature, the 𝜖-greedy method is typically used to balance the explo-
ration/exploitation trade-off. It chooses a random action with proba-
bility 𝜖 ∈ [0, 1], and a greedy action otherwise. In this method, a suit-
able 𝜖 value must be selected to balance the exploration/exploitation
trade-off, and, generally, 𝜖 decreases over time to increase exploitation.

In the next Sections, we will analyze in detail the mathematical
formalization of DDQL and SAC agents.

3.4.1. DDQL
Q-Learning (QL) is one of the most widely adopted methods among

RL agents, due to its simplicity and effectiveness. It is a value-based
and model-free agent able to operate within a discrete action space. QL
uses Temporal Difference (TD) learning [63], which combines aspects
of Monte Carlo (MC) [64] and DP [19] methods. Similar to MC,
TD learning acquires knowledge through direct interaction with the
environment. Similar to DP, TD uses a "bootstrapping" approach [65]
to estimate the Q-value function.

The Bellman equation is employed to estimate the Q-value function
for the actual policy 𝜋, which represents the expected cumulative
reward (see Eq. 6) obtained by taking action 𝐴 in state 𝑆 and then
6

following the policy 𝜋. It can be formulated as follows:

𝑄(𝑆 , 𝐴) = E 𝐴′∼𝜋
𝑆′∼

[𝑅(𝑆 , 𝐴, 𝑆′) + 𝛾 𝑄(𝑆′, 𝐴′)] (7)

where 𝑅 is a scalar function that maps the state transition from 𝑆 to
𝑆′ as a result of action 𝐴; 𝛾 is the discount factor, that determines
the present value of future rewards; and  is the states’ distribution,
obtained through the agent-environment interaction. It should be noted
that the expectation over the next states can be approximated with
samples from the agent interaction with the environment, while the
expectation over the next actions comes from the current policy 𝜋. Since
the QL acts in a model-free manner, the expectation operator can be
approximated using samples of transitions {𝑆 , 𝐴, 𝑟, 𝑆′}:

𝑄(𝑆 , 𝐴) ≈ 𝑟 + 𝛾 𝑄(𝑆′, 𝐴′) (8)

Then, the TD update equation is used to update the Q-value function
and is defined as follows:

𝑄(𝑆 , 𝐴) ← 𝑄(𝑆 , 𝐴) + 𝛼(𝑟 + 𝛾 max
𝑎∈𝐴′

𝑄(𝑆′, 𝑎) −𝑄(𝑆 , 𝐴)) (9)

Since the term max𝑎∈𝐴′ 𝑄(𝑆′, 𝑎) represents the maximum Q-value at
state 𝑆′, adding 𝑟 allows to obtain the estimated Q-value of state–action
pair (𝑆 , 𝐴). Thus, the learning rate 𝛼 acts as a weighting factor between
the observed and the estimated Q-value functions.

As discussed in Section 1, the standard QL is hindered by the
overestimation of the optimal Q-value and the "curse of dimensionality"
as it relies on tables to approximate Q-value functions. Thus, Double
Deep Q-Learning (DDQL) was introduced to overcome QL limits. In
DDQL, high-dimensional observations can be compactly represented
by employing DNNs to approximate the value function, while the
overestimation of the optimal Q-value is curbed by training the agent
off-policy by adopting a double estimator. The first DNN, known as
the behavior Q-value function, interacts with the environment and
generates the transition {𝑆 , 𝐴, 𝑟, 𝑆′}. This transition is then stored in
a static dataset of transitions , called experience buffer. The second
DNN, known as the target Q-value function is used in the Q-value
evaluation and is updated with a custom frequency. This decouples the
action selection and value estimation, improving training stability and
reducing overestimation of the optimal Q-value. Consequently, the TD
target value 𝑦 can be defined as follows:

𝑦 = 𝑟 + 𝛾 𝑄𝑡(𝑆′, ar gmax
𝑎∈𝐴′

𝑄(𝑆′, 𝑎)) (10)

where 𝑄 and 𝑄𝑡 represent the behavior and the target Q-value func-
tions, respectively. The update step involves randomly selecting a
mini-batch of 𝑀 transitions {𝑆 , 𝐴, 𝑟, 𝑆′} from the experience buffer .
A backpropagation algorithm, specifically the Adams optimizer [66], is
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Fig. 7. Schematic representation of the architecture of the SAC agent.
used to train the DNNs. During training, the behavior DNN converges to
the target value 𝑦. As a result, its parameters are updated by minimizing
the loss function:

𝐿𝑄(𝜃) = E{𝑆 ,𝐴,𝑟,𝑆′}∼[(𝑟 + 𝛾 𝑄𝑡(𝑆′, ar gmax
𝑎∈𝐴′

𝑄(𝑆′, 𝑎, 𝜃), 𝜃𝑡) −𝑄(𝑆 , 𝐴, 𝜃))2]

(11)

where 𝜃 and 𝜃𝑡 are the parameters of the behavior and target DNNs,
respectively. At the end of each episode, i.e., a driving cycle, the
parameters of the target DNN are updated by copying the optimized pa-
rameters from the behavior DNN. Notably, off-policy training enhances
sample efficiency by utilizing 𝑀 different experiences to update the
agent’s parameters at each time step, unlike on-policy training, which
relies on a single experience. Additionally, incorporating an additional
network improves training stability, as the parameters of the target
DNN are updated solely at the end of each episode.

3.4.2. SAC
As already outlined in Section 1, the DDQL agent can only act in

a discrete environment struggling with the challenges posed by large
state-action spaces. To overcome these issues, Actor-Critic (AC) agents
were introduced, presenting a combination of Q-learning and policy
optimization. In this work, we selected the Soft Actor-Critic (SAC)
algorithm [51]. SAC is characterized by three fundamental components:
an actor-critic framework with separate policy and value function
networks, an off-policy formulation that enables efficient use of prior
knowledge, and entropy maximization. The latter represents the central
feature of SAC as the policy is trained to balance the importance of the
expected return and the entropy, which measures the randomness of the
policy. This trade-off significantly improves stability and exploration.

The SAC agent is trained off-policy, employing a behavior and a
target critic network. The decoupling of the exploration policy from the
target policy offers greater flexibility in learning, allowing the agent to
collect data with one policy while updating its knowledge with another,
similar to the DDQN.

Fig. 7 schematically shows the training loop of the SAC agent. Dif-
ferently from more widespread deterministic policies, the exploration
strategy is handled by a stochastic policy function allowing a proper
exploration of the state-action space. Therefore, it provides the mean
value and the standard deviation of the action 𝐴, which together define
a Gaussian distribution, with the mean representing the action that has
the highest value.

On the other hand, the critic assesses the quality of the action
taken by the actor using the TD error. Both the actor and the critic
continuously learn through interaction: the actor adjusts the policy to
outperform the critic’s expectations, while the critic updates the value
function to assess the evolving policy. This iterative loop continues until
externally interrupted, making this approach especially well-suited for
continuous tasks.
7

As already noted, the main novelty of the SAC agent relies on the
use of the information entropy, which is expressed as follows:

𝐻(𝜋(⋅|𝑆)) = − log𝜋(𝐴|𝑆) (12)

The larger the policy entropy 𝐻 , the higher the randomness of the
policy, allowing a higher exploration of the state-action space.

Differently from the DDQN, the soft Bellman equation is used. It is
obtained by adding an entropy regularization term to the traditional
Bellman equation (see Eq.7):

𝑄(𝑆 , 𝐴) = E 𝐴′∼𝜋
𝑆′∼

[𝑅(𝑆 , 𝐴, 𝑆′) + 𝛾(𝑄(𝑆′, 𝐴′) + 𝛼𝑇𝐻(𝜋(⋅|𝑆′))] (13)

where the parameter 𝛼𝑇 is called the entropy regularization coefficient,
balancing the impact of the information entropy against the cumulative
reward on the agent optimization procedure. As evident from Eq. 13,
the agent receives a bonus reward that is proportional to the policy’s
entropy at that timestep. This feature enhances the robustness of the
policy while maintaining its optimality. The 𝛼𝑇 parameter is changed
dynamically throughout the training, by minimizing the entropy loss
function:

𝐿𝛼𝑇 = E{𝑆 ,𝐴,𝑟,𝑆′}∼[−𝛼𝑇 log𝜋(𝐴|𝑆 , 𝜑) − 𝛼𝑇] (14)

where 𝜋 is a parametrized policy function with parameters 𝜑 and  is
the target entropy, which sets the final desired entropy value.

The entropy regularization coefficient is also adopted in the TD
target 𝑦, as follows:

𝑦 = 𝑟 + 𝛾 min
𝑗=1,2

𝑄𝑡,𝑗 (𝑆′, 𝐴′) − 𝛼𝑇 log𝜋(𝐴′
|𝑆′) (15)

In addition to that, the SAC exploits the clipped double-Q trick
to mitigate the Q-value overestimation problem, which consists of
taking the minimum value of two target Q-value networks differently
initialized. The TD target is then used to guide the behavior Q-value
networks toward the optimal value, by minimizing the Q-value loss
function, i.e., the distance of the two behavior Q-value networks from
the TD target:

𝐿𝑄𝑗
(𝜃𝑗 ) = E{𝑆 ,𝐴,𝑟,𝑆′}∼[(𝑄𝑗 (𝑆 , 𝐴, 𝜃𝑗 ) − 𝑦(𝑟, 𝑆′))2], 𝑗 ∈ {1, 2} (16)

where 𝑄1 and 𝑄2 are the two Q-value networks with parameters 𝜃1 and
𝜃2. Finally, the policy network 𝜋 is updated by maximizing the policy
loss function:

𝐿𝜋 (𝜑) = E{𝑆 ,𝐴,𝑟,𝑆′}∼[ min
𝑗=1,2

𝑄𝑗 (𝑆 , 𝐴, 𝜃𝑗 ) − 𝛼 log𝜋(𝐴|𝑆 , 𝜑)] (17)

As for the DDQN, the DNNs are trained through the Adams opti-
mizer.

3.4.3. Application
As illustrated in Fig. 8, we selected the following states: vehicle

speed (𝑣𝑣𝑒ℎ); vehicle acceleration (𝑎𝑣𝑒ℎ); gearbox inlet speed (𝜔𝑔 𝑏);
battery 𝑆 𝑜𝐶; the fraction of the traveled distance over the total one
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Fig. 8. Application of the RL algorithm to the case study, highlighting the variables
selected as states and actions.

(𝑑∕𝑑𝑡𝑜𝑡). Concerning the action, instead, we chose the engine torque
(𝑇𝑖𝑐 𝑒) divided by the maximum instantaneous available torque (𝑇𝑖𝑐 𝑒,𝑚𝑎𝑥).
The action value always ranges from 0 to 1, thus avoiding unfeasible
operating conditions and helping the algorithm converge to a stable
solution.

As discussed in Section 3.4, the reward represents the feedback
that the agent receives to evaluate the goodness of its actions. Thus,
designing an appropriate reward is crucial for guiding the RL agent to-
ward an optimal policy. Unlike DP, RL cannot impose hard constraints
on the final SoC value. Therefore, since this work aims to develop
an RL-based strategy that guarantees charge-sustaining conditions, the
reward function should incorporate soft constraints on the battery’s
SoC, discouraging excessive deviation from the target value. In this
work, we formulated the reward as follows:

𝑟 = 𝑘1 − 𝑘2𝑚̇𝑓𝛥𝑡 − 𝑘3(𝑆 𝑜𝐶 − 𝑆 𝑜𝐶𝑡𝑟𝑔)2 (18)

where 𝑚̇𝑓 represents the fuel rate, 𝑆 𝑜𝐶 and 𝑆 𝑜𝐶𝑡𝑟𝑔 represent the
actual and target SoC, respectively, and 𝑘1, 𝑘2 and 𝑘3 are constants
that determine the weight of each term. This reward function aims
to minimize ICE fuel consumption while maintaining charge sustain-
ability. It achieves this by applying a continuous soft constraint on
the SoC, which is adjusted depending on the deviation from the SoC
target. The negative sign converts the miniminization problem into a
maximization one. While not necessary, a positive or zero offset 𝑘1 can
be added to ensure that the reward stays positive. Achieving a balance
between fuel saving and SoC deviation is crucial, requiring a careful
tuning of the constants 𝑘1, 𝑘2, and 𝑘3 before training. For the DDQL
agent, we adopted the parameters values derived from the optimization
performed in [41], and then we manually tuned them for the SAC
agent.

3.5. Modeling tools and implementation

We assessed the performance of the SAC agent by comparing it with
three different optimization algorithms: a global optimization strategy,
i.e., DP; a local optimization strategy, i.e., ECMS; and a value-function
RL method, i.e., DDQL. All the algorithms were evaluated on the vehicle
virtual test rig relying on a backward kinematic approach. We imple-
mented the DP [19] optimization framework adopting an open-source
Matlab code developed at ETH-Zurich [67] which solves discrete-time
optimal control problems through Bellman’s DP algorithm. Within this
framework, we selected battery SoC and ICE power as state and control
variables, respectively. For the ECMS, we selected the engine power
as the control variable. To obtain an optimal ECMS, the equivalence
factor was fine-tuned through a genetic algorithm [68] developed in
Matlab. Lastly, we developed the RL framework in Matlab/Simulink,
employing the Reinforcement Learning Toolbox and the Deep Learning
Toolbox [69]. The former offers a set of reliable implementations of RL
agents, while the latter provides functions for designing, implementing,
and simulating DNNs.

4. Training assessment

In this work, we trained the SAC agent with a dataset of 72 dif-
ferent driving cycles comprising both type-approval procedures and
8

Fig. 9. Training curves as a function of episodes. SAC (red) significantly outperforms
DDQL (blue) in terms of convergence speed. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

real-driving mission profiles. This multi-cycle training strategy enables
the agent to handle a broader spectrum of driving scenarios, thereby
increasing its robustness and generalization capability. In the following
Sections, we will analyze the training behavior of the SAC agent by
benchmarking it with the DDQL agent, previously developed by us
in [41]. Then, we will analyze the SAC agent policy, explaining the
decision-making process employed by the agent and how it associates
states with corresponding actions.

4.1. SAC vs DDQL

To evaluate the training performance, here we compare the trend
of the cumulative reward of SAC and DDQL agents during training.
Fig. 9 shows the cumulative reward trend plotted as a function of
the training episodes, i.e., driving cycles. For the DDQL (blue) and
SAC (red) agents, both the mean value and the standard deviations
are plotted. Comparing the two agents, it is striking that SAC outper-
forms significantly DDQL in terms of convergence speed: it reaches
convergence after approximately 140 episodes compared to the 1700 of
DDQL. The slower convergence speed of the DDQL may be attributed
to the fact that, differently from SAC, the policy is not modeled but
extracted from the Q-value network. Moreover, the use of clipped
double Q-learning and the addition of noise to the target actions in SAC
mitigate the overestimating and overfitting, leading to a significantly
improved learning capability. It is worth noting that in the first part
(approximately the first 100 episodes) DDQL obtains a smoother and
consistent increase in the reward value, while SAC has much wider
relative fluctuations if compared to DDQL. This may be attributed to
the addition of noise, which promotes exploration, as well as training
over the multi-cycle dataset, which introduces additional stochasticity
into the training process. The effect, however, is then reduced reaching
convergence.

The multi-cycle training method proves particularly effective in
training the SAC agent due to its incorporation of policy information
entropy regularization. Conversely, the employment of the same train-
ing methodology for the DDQL training agent would likely yield less
stable training dynamics.

4.2. SAC policy visualization

A key challenge of ML approaches is their black-box nature, which
makes them difficult to interpret. In this subsection, we explore how
the agent associates states to corresponding actions by using a Gaussian
action distribution analysis, in order to provide some insights into
the decision-making process employed by the agent. In Fig. 10, the
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Fig. 10. Action Gaussian distribution at a fixed distance (50%) plotted as a function
f vehicle speed, vehicle acceleration, and battery SoC.

Gaussian distribution of the action (𝑇𝑖𝑐 𝑒∕𝑇𝑖𝑐 𝑒,𝑚𝑎𝑥) is plotted as a function
of the vehicle speed at a fixed travel distance (50%). An action equal to
0 means a fully electric mode, while an action equal to 1 means that the
engine is operated at full load. The subplots show three different SoC
levels, increasing from bottom to top, and three different acceleration
levels, increasing from left to right. Focusing on 30% of SoC (bottom
subplots), the engine always works at full load to propel the vehicle
and recharge the battery. Moving to 50% of SoC (middle subplots), the
propulsion strategy mainly depends on the power demand with higher
engine exploitation at higher vehicle speeds. At 80% of SoC (upper
subplots), for low and moderate vehicle speeds, the agent prioritizes a
fully electric mode, and the ICE is used only for higher vehicle speeds.
The effect of the vehicle acceleration is more evident at medium SoC
evels where the higher the acceleration, the more the agent tends to
each full load at low vehicle speeds.

5. Simulation results

We trained the SAC agent with a dataset comprising both type-
approval procedures and real-driving mission profiles. Then, we tested
the agent on several mission profiles that were not part of the training
dataset. To prove the effectiveness of the multi-cycle SAC, in Section 5.1
we compare its performance, from an energetic perspective, to the
scenario where the SAC was trained exclusively on the WLTC. Then,
In Section 5.2, we benchmark the multi-cycle SAC against DP, ECMS,
and DDQL. For the sake of brevity, only two driving cycles, WLTC and

DE (see Section 2.3), are shown in this Section. Since the WLTC was
mployed for training the SAC agent, it is regarded as a validation set,
hile the RDE as a test set.

5.1. SAC single vs SAC multi

In this Section, we compare the performance of the SAC agent
rained over several driving cycles (SAC𝑚𝑢𝑙 𝑡𝑖) to the case in which the
AC is only trained on WLTC (SAC𝑠𝑖𝑛𝑔 𝑙 𝑒). The WLTC is the cycle used
y SAC𝑠𝑖𝑛𝑔 𝑙 𝑒 as it closely represents real-world driving patterns and is
mong the ensemble of cycles used for training the SAC𝑚𝑢𝑙 𝑡𝑖, while the
DE driving cycle is new for both agents. Fig. 11 depicts the SoC trend
f the SAC𝑠𝑖𝑛𝑔 𝑙 𝑒 (green) and SAC𝑚𝑢𝑙 𝑡𝑖 (red) plotted over the vehicle speed

profile for the WLTC (a) and the RDE (b). Although both agents can
achieve charge sustainability by the end of the driving cycles, it is
notable that the SAC𝑠𝑖𝑛𝑔 𝑙 𝑒 discharges the battery much more during the
cycle compared to the SAC whose SoC profile appears more stable.
9

𝑚𝑢𝑙 𝑡𝑖
Fig. 11. SoC profiles of SAC trained over only WLTC (green) and over multicycles (red)
on the WLTC (a) and RDE (b), along with vehicle speed profiles. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version
of this article.)

This suggests that the SAC𝑠𝑖𝑛𝑔 𝑙 𝑒 relies more on the EM for propulsion
but also that it will later require greater use of the ICE to recharge the
battery. For the RDE cycle, this behavior is particularly evident as the
SAC𝑠𝑖𝑛𝑔 𝑙 𝑒 shows more SoC fluctuations, especially in the final section of
the cycle.

Fig. 12 shows the trade-off between fuel economy and final SoC
alues, while Table 2 provides more detailed information with the nu-
erical values. It is worth noting that the two agents show comparable
erformance on the WLTC (triangles), as it is adopted by both agents

during the training phase resulting in negligible differences in terms
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Fig. 12. Comparison between SAC trained over only the WLTC (green), and over
multicycles (red) on the WLTC (triangles) and RDE (squares): trade-off between CO2
missions and final SoC. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)

Table 2
Comparison in terms of final SoC (SoC𝑓 ) and CO2 emissions over the WLTC and RDE for
the SAC trained over only the WLTC and over multi-cycle. The 𝛥 expresses a percentage
difference from the SAC𝑠𝑖𝑛𝑔 𝑙 𝑒.

WLTC RDE
CO2 [g/km] SoC𝑓 [–] CO2 [g/km] SoC𝑓 [–]

SAC𝑠𝑖𝑛𝑔 𝑙 𝑒 136.4 0.494 138.9 0.524

SAC𝑚𝑢𝑙 𝑡𝑖 136.2 0.498 137.6 0.494
𝛥 -0.1% +0.8% -0.9% -5.6%

of CO2 emissions and final SoC values. However, when adopted on a
cycle never seen by the agent, i.e., the RDE (squares), SAC𝑚𝑢𝑙 𝑡𝑖 performs
better. It not only allows obtaining better charge sustainability but also
reduces CO2 emissions (−1%). This can be attributed to the fact that the
multi-cycle training allows the agent to see more variability during the
training phase. Therefore, it can better extrapolate when encountering
 cycle different from the ones adopted during the training phase. From
ow on, we will consider only the SAC𝑚𝑢𝑙 𝑡𝑖 for further analyses and refer
o it simply as SAC.

5.2. SAC vs DDQL vs ECMS vs DP

In this Section, we assess the performance of the SAC agent by com-
paring it with the DP, ECMS, and DDQL. Fig. 13 depicts the SoC trend
f DP (black), ECMS (yellow), DDQL (blue), and SAC (red) plotted as a
unction of vehicle speed on the WLTC (a) and the RDE (b). Focusing

on the WLTC, all strategies can guarantee charge sustainability but the
SoC trend is significantly different. It is striking that the SAC obtains
a SoC trend that resembles the DP, while the DDQL presents more
SoC variations. Finally, the ECMS has a completely different behavior
since it charges and then discharges the battery. Focusing on the results
of the RDE, DP depletes the battery more during the cycle and then
recharges it towards the end. However, the SoC profile of DP remains
onsistently lower compared to the other strategies. In the RDE, the

ECMS has a behavior similar to the one seen in the WLTC: the ECMS is
more conservative in using electric propulsion, leading to an increase
in the SoC, except in the last section of the cycle in which the battery
is depleted.

The different control strategies lead to different fuel consumption as
can be seen from Fig. 14. This Figure presents the simulation results for
10
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Fig. 13. SoC profiles of DP (black), ECMS (yellow), DDQL (blue), and SAC (red) over
the WLTC (a) and RDE (b), along with vehicle speed profiles. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version
of this article.)

WLTP (a) and RDE (b) by showing the trade-off between fuel economy
and final SoC values for all four strategies. Table 3 provides a more
etailed view with the numerical values. By comparing SAC against
P and ECMS, the CO2 emissions increase by about 4% and 1.2% on
verage, respectively. This represents a remarkable result considering
hat DP represents the global optimum, while the ECMS represents a
ub-optimal strategy but, for both strategies, the entire driving cycle
ust be a-priori known. Finally, if compared to the DDQL, the SAC

gent allows improving the fuel economy by more than 4%. It should
e noted that the advantages of adopting a stochastic agent, such as the
AC, instead of a deterministic one, such as the DDQL, are particularly
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Fig. 14. Comparison between DP (black), ECMS (yellow), DDQL (blue), and SAC (red)
n the WLTC (a) and RDE (b): trade-off between CO2 emissions and final SoC. (For

interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

Table 3
Comparison in terms of final SoC (SoC𝑓 ) and CO2 emissions over the WLTC and the
RDE for the DP, ECMS, SAC and DDQL. The 𝛥 expresses a percentage difference from
the DP.

WLTC RDE
CO2 [g/km] SoC𝑓 [–] CO2 [g/km] SoC𝑓 [–]

DP 130.6 0.500 133.0 0.500

ECMS 134.2 0.497 136.3 0.496
𝛥 +2.7% -0.6% +2.5% -0.8%

DDQL 141.4 0.492 144.4 0.493
𝛥 +8.2% -1.6% +8.6% -1.3%

SAC 136.2 0.498 137.6 0.494
𝛥 +4.3% -0.4% +3.4% -1.1%

evident in the RDE. The action probability distribution of SAC not only
enables more effective exploration during training but also improves
the algorithm’s performance when encountering conditions that were
not part of the training data, such as those in the RDE.

We can make further considerations by analyzing the power split
chosen by the different control strategies. As an example, Fig. 15
displays the power provided by the ICE during the WLTC for the four
nalyzed control strategies. As the normalized ICE torque represents the

control action of both the RL algorithms, analyzing the ICE actuation
can provide useful insights about their behavior. Looking at the interval
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between 250s and 270s (enlargement above) it can be observed that the
SAC behavior is similar to the ECMS and the DP ones. On the contrary,
the DDQL has a more nervous behavior reaching higher peak power,

aybe related to the discrete action selection. This can be confirmed by
ooking at the interval between 1450s and 1600s (enlargement below)
here it can be noticed that the DDQL continuously switches on and
ff the ICE. The SAC, instead, has a smoother trend resembling the one
btained by the ECMS and the DP.

A final comparison between the four strategies can be done from
Fig. 16, which plots the ICE working points during the RDE on its
BSFC map. The engine operating points are indicated by circle markers,

here the size of each circle corresponds to the time the engine spends
n that specific region. The bigger the circle on the map the more
ime the engine spent in that operating condition. Comparing the four
trategies, it is evident that for the DP and SAC strategies, the ICE is
perated in a wider area including regions with lower BSFC. On the
ontrary, DDQL and ECMS tend to spend more time in specific regions
bigger circles). The behavior of the DDQL may be attributed to its
iscretized nature, while SAC works with a continuous action space.
inally, it is worth noticing that the SAC mirrors the control logic of
he DP approach, but without requiring prior knowledge of the entire
ehicle mission profile.

For the sake of brevity, we showed the methodology validation
only on two significant driving cycles. However, to demonstrate the
obustness of the SAC-based approach in generalizing across varying
riving conditions, we extended the analysis to a substantially broader
et of driving cycles. The trade-off between SoC and CO2 emissions
or all the tested conditions is detailed in the Supplemental Material

Section (see Figure S1 and Table S1).

6. Conclusions and further developments

In an era in which big data and Artificial Intelligence (AI) are al-
ready revolutionizing our society, AI algorithms give us the opportunity
to deeply reshape the energy management of Hybrid Electric Vehicles
(HEVs).

In this article, we proposed an AI-based control strategy for the
owertrain of a plug-in Hybrid Electric Vehicle (pHEV). For this ap-
lication, we chose a Soft Actor-Critic (SAC) agent due to its high
onvergence rate and robustness. Moreover, we introduced multi-cycle
raining of the SAC agent over an ensemble of 72 different mission
rofiles comprising both type-approval procedures and real-driving
ission profiles.

The results showed that multi-cycle training significantly enhanced
the SAC model’s ability to generalize across diverse conditions. We
compared the results of the proposed methodology to various reference
ets used as a benchmark: a global optimization strategy, i.e., the
ynamic Programming (DP), a local optimization strategy, i.e., the
quivalent Consumption Minimization Strategy (ECMS), and a value-
ased Deep Reinforcement Learning (DRL) agent, i.e., the Deep Double
-learning (DDQL).

The SAC agent achieved a relatively small increase in CO2 emissions
compared to the global optimum provided by DP, with a difference
of 3-4%. Moreover, the SAC remarkably improved the performance, if
compared to the critic-based DDQL (by more than 4%), and achieved
comparable results to the ECMS, but without the prior knowledge of
the entire vehicle speed profile.

The simulation results highlighted the potential of a SAC-based
ontrol strategy to generalize across different mission profiles. Such
trategies appear particularly promising for real-world applications,
here vehicles encounter varying driving patterns, and conventional
ptimization methods often fall short due to insufficient knowledge or
imited optimization time.

In future developments, we will focus on evaluating the algorithm
capabilities within a charge-depleting framework. Moreover, we will
investigate the influence of vehicle connectivity data on this control
strategy. Eventually, the proposed RL algorithm will be implemented
in a virtual test rig modeled with a forward dynamic approach.
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Fig. 15. ICE power plotted as a function of time for the DP (black), ECMS (yellow), DDQL (blue), and SAC (red) on the WLTC, with two enlargements of the highlighted areas.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 16. ICE working points during the RDE on its BSFC map: DP (black), ECMS
(yellow), DDQL (blue), and SAC (red). (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)
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Abbreviations

The following abbreviations are used in this manuscript:

AC Actor-Critic
AI Artificial Intelligence
BEV Battery Electric Vehicle
BSFC Brake Specific Fuel Consumption
DDPG Deep Deterministic Policy Agent
DDQL Double Deep Q-Learning
DQL Deep Q-Learning
DNN Deep Neural Network
DP Dynamic Programming
DPG Deterministic Policy Gradients
DRL Deep Reinforcement Learning
EA Evolutionary Algorithms
ECMS Equivalent Consumption Minimization Strategy
EM Electric Machine
EMS Energy Management System
GHG Greenhouse Gas
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a

HEV Hybrid Electric Vehicle
ICE Internal Combustion Engine
MC Monte Carlo
ML Machine Learning
MPC Model Predictive Control
NN Neural Network
OOL Optimal Operating Line
PEMS Portable Emissions Measurement System
pHEV plug-in Hybrid Electric Vehicle
PID Proportional-Integral-Derivative
PM Permanent Magnet
QL Q-Learning
RDE Real-Driving Emissions
RB Rule-Based
RL Reinforcement Learning
SAC Soft Actor-Critic
SoC State of Charge
TD Temporal Difference
TD3 Twin Delayed Deep Deterministic policy gradient
WLTC Worldwide harmonized Light-duty vehicles Test Cycle
WOT Wide Open Throttle

Symbols

The following symbols are used in this manuscript:

𝐴 action
CO2 carbon dioxide
 experience buffer
𝑔𝑡 expected return
𝐻 policy entropy
 target entropy
𝐽 cost function
𝑘𝑖 constant
𝐿(𝜃𝑖) loss function
𝐿 (𝑥(𝑡), 𝑢(𝑡), 𝑡) instantaneous cost function
𝑚̇𝑒𝑙 virtual fuel consumption
𝑚̇𝑒𝑞 equivalent fuel consumption
𝑚̇𝑓 engine fuel consumption
𝑃𝑏𝑎𝑡𝑡 battery power
𝑃𝑒𝑚 EM power
𝑃𝑖𝑐 𝑒 ICE power
𝑄𝐿𝐻 𝑉 fuel lower heating value
𝑄(𝑆 , 𝐴) Q-value function
𝑟 reward
𝑅 scalar function
𝑆 state
 states distribution
𝑠(𝑡) equivalence factor
𝑢(𝑡) control variable
𝑥(𝑡) state variable
𝛼 learning rate
𝛼𝑇 entropy regularization coefficient
𝛾 discount factor
𝜖 probability
𝜃 parameters of DNN
𝜋 policy
𝜙
(

𝑥(𝑡𝑓 ), 𝑡𝑓
)

terminal cost
𝜑
(

𝑥(𝑡𝑓 ), 𝑡𝑓
)

parameters
𝜔𝑒𝑚 EM speed
𝜔𝑖𝑐 𝑒 ICE speed
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