
Review on Reinforcement Learning-Based 
Energy Management Strategies for Hybrid 

Electric Vehicles
Zhengyu Yao and Hwan-Sik Yoon*

The University of Alabama, USA

Introduction
Due to increased environmental and economic considerations, energy-efficient vehicles 

have become the focus of automotive research community. Hybrid Electrical Vehicle (HEVs) 
is regarded as an alternative solution to further reduce the fuel consumption and emission 
by employing two different power sources: a mechanical engine and an electrical motor 
[1]. However, controlling the two power sources requires a more involved method than 
conventional vehicles to determine how to split the power optimally between the engine and 
the motor. A systematic approach for this task is known as the Energy Management Strategies 
(EMS) [2].

EMS for HEVs can be classified into two general categories: a rule-based algorithm 
and optimization-based control. Rule-based control strategies are robust, simple, and easy 
to understand [3]. However, a fixed rule-based control algorithm may not be optimal for 
changing driving conditions. On the other hand, an optimization-based controller utilizes 
a cost or objective function to calculate an optimal solution with a given set of constraints. 
Various methods exist for solving the optimization problem including Dynamic Programming 
(DP) [4], Equivalent Consumption Minimization Strategy (ECMS) [5], Sequential Quadratic 
Programming (SQP) and Model Predictive Control (MPC) [6,7]. In general, these algorithms 
can determine the optimal power split between the engine and the motor for a given driving 
cycle. However, these optimization-based strategies require either a priori knowledge on 
the drive cycle or high computation power, which prevents their wide adoption in real-time 
applications. 

Reinforcement Learning (RL) [8], which is one of three machine learning paradigms, has 
the capability of determining optimal control actions to maximize a vehicle’s fuel economy 
without the vehicle model nor a priori driving route information. The foundation of RL is 
Dynamic Programming (DP) which finds an optimal policy for a Markov Decision Process 
(MDP) [9]. In RL, an agent learns an optimal policy that returns maximum rewards from a 
series of actions that the agent takes in each given state. Different approaches exist for finding 
the optimal policy, such as value-based methods and policy gradient methods. While value-
based methods find the corresponding policy by estimating an optimal value function, policy 
gradient methods compute the optimal policy directly from samples. This article reviews 
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Abstract

Hybrid Electric Vehicles (HEVs) achieve better fuel economy than conventional vehicles by employing 
two different power sources: a mechanical engine and an electrical motor. These power sources have 
conventionally been controlled by a rule-based algorithm or optimization-based control. Besides these 
conventional approaches, reinforcement learning-based control algorithms have actively been studied 
recently. Reinforcement learning, which is one of three machine learning paradigms, has the capability 
of determining optimal control actions to maximize a vehicle’s fuel economy without the vehicle model 
nor a priori driving route information. To provide a useful reference to researchers interested in this 
technology, this article reviews reinforcement learning-based energy management strategies for HEVs 
with their advantages and disadvantages.
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various RL-based energy management strategies that have been 
developed for HEVs with detailed discussions on their advantages 
and disadvantages.

Reinforcement Learning-Based Energy Manage-
ment Strategies
Value-based approach

A value-based approach, such as Temporal Difference (TD) 
Learning [10], State Action Reward State Action (SARSA) [11] 
and Q-Learning [12], estimates the optimal value function and 
derives the corresponding policy based on the value function. 
This approach has proven to be very effective for small and low-
dimensional control tasks. For HEV powertrain control and energy 
management, Lin X et al. [13] applied the TD(λ) Learning to a 
parallel HEV powertrain. Simulation results over real-world and 
test-driving cycles demonstrated the proposed parallel HEV power 
management policy can improve fuel economy by 42% compared 
with a rule-based policy. Xu B et al. [14] implemented a model-free 
off-policy Q-Learning strategy on a 48V mild HEV simulation model 
and improved the fuel economy (MPG) by 0.88% compared with 
the ECMS. With the same algorithm, Rui X et al. [15] obtained the 
optimal power distribution between the battery and ultracapacitor 
of a plug-in HEV, thereby significantly decreasing the energy loss by 
16.8%. Liu T et al. [16] proposed a Dyna-Q algorithm for a hybrid 
electric tracked vehicle. Their results showed that, compared 
with stochastic dynamic programming, the Dyna-Q algorithm 
has strong adaptability, optimality and learning ability, and can 
effectively reduce computational time. Shahrzad et al. [17] applied 
a SARSA learning algorithm to a HEV for battery State of Charge 
(SOC) stability while achieving the optimal fuel consumption. The 
simulation results showed that the SARSA algorithm outperforms 
Q-learning in battery SOC preservation. However, all these methods 
suffer from the “curse of dimensionality,” which makes it difficult to 
be implemented in a production vehicle.

Deep Reinforcement Learning (DRL), which is comprised of an 
offline deep neural network construction phase and an online Deep 
Q-Learning (DQL) phase, showed the capability of handling high-
dimensional state and action spaces in an actual decision-making 
process. Zhao P et al. [18] proposed a HEV power management 
framework based on a Deep Q Network (DQN) [19] for optimizing 
the fuel economy. Simulation results based on an actual vehicle 
setup over real-world and test-driving cycles demonstrated the 
effectiveness of the proposed framework in optimizing HEV fuel 
economy. Hu Y et al. [20] presented an online learning architecture 
for DQN-based EMS, where the online learning approach can learn 
from different driving conditions. Simulation results demonstrated 
that the DQN-based EMS can obtain better fuel economy than 
the rule-based EMS. Wu J et al. [21] proposed a DQN-based EMS 
for a power split Hybrid Electric Bus (HEB). Fuel economy of the 
proposed DQL-based strategy was 5.6% better than Q-learning and 
achieved nearly 90% of that of the DP benchmark over an unseen 
driving cycle. This study also indicated that the main limitation 

of the Q-learning is discretization of the state variables. However, 
DQL-based control algorithms do not generate continuous actions 
because the control variables are discretized. Even though DQL 
has proven to be very effective for handling high-dimensional 
control tasks, the need for discrete state and action spaces limits its 
applicability in real-world optimization problems.

Policy gradient approach

Policy gradient approaches directly update the policy without 
using value estimations, exhibiting better performance in terms 
of solving for deterministic policies and problems in continuous 
state space. Li Y et al. [22] presented a power management 
strategy for a plug-in HEV based on an Actor-Critic (AC) method 
[23]. The simulation results demonstrated that the performance of 
a well-trained AC-based power management system can be close 
to that of a DP-based method, while saving considerable amount 
of computation time than DP. With the same algorithm, Tan H et 
al. [24] proposed a self-learning EMS for a plug-in hybrid electric 
bus. Experimental results showed that AC outperforms DP with 
an acceptable range of discretization precision, lower energy cost 
and less computation time. This study also illustrated that the 
reason for the better performance of AC than DP is that AC searches 
the optimal strategy in continuous state and action spaces, thus 
can fundamentally avoid the discretization error and the curse 
of dimensionality. Shota et al. [25] applied a new policy-based 
approach named Proximal Policy Optimization (PPO) to a real-
time HEV energy management problem. They tried to improve the 
vehicle performance by predicting the future behavior of the vehicle 
in an informed traffic situation. They showed that the engine torque 
as a continuous value and the gear number as a discrete value can 
be learned by using the PPO algorithm together with V2V and V2I 
information.

As advanced RL algorithms, Deep Deterministic Policy Gradients 
(DDPG) [26] have been applied to EMS of HEVs. As a combination 
of Deterministic Policy Gradient (DPG) and DQN, DDPG is one of the 
most powerful model-free off-policy RL algorithms. DQN stabilizes 
the learning of the Q-function by experience replay and the frozen 
target network. Whereas the original DQN works in a discrete 
space, DDPG extends it to a continuous space with the actor-
critic framework learning a deterministic policy. Wu Y et al. [27] 
addressed the energy management problem of a Plug-in HEB using 
the DDPG algorithm. The simulation results over driving cycles 
showed that the proposed approach outperforms One Q-learning 
approach and exhibits performance close to that of DP. Roman et al. 
[28] implemented the DDPG on a mild HEV and achieved a nearly 
optimal fuel consumption result with a locally trained strategy. 
They also used a stochastic driver model for improved state 
generalization and prevented the strategy from overfitting. Ma Z 
et al. [29] applied DDPG with a time-varying weighting factor to 
further improve economic performance of Hybrid Electric Tracked 
Vehicle and reduce computational burden. The results showed that 
DDPG-based EMS with an online updating mechanism can achieve 
nearly 90% fuel economy of that of DP while computation time is 
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greatly reduced. Moreover, a hardware-in-loop experiment result 
proved that the proposed algorithm can be applied in real-time. 
Tang X et al. [30] developed a novel Double Deep Reinforcement 
Learning (DDRL)-based EMS, which uses DQN to learn the gear-
shifting strategy and DDPG to control the engine throttle. After 
offline training, an online simulation test of the proposed DDRL-
based EMS showed an improvement of 2.33% in fuel efficiency 
over the Deterministic Dynamic Programming (DDP)-based EMS 
by overcoming some inherent drawbacks of DDP.

  Recently, Yao Z et al. [31] applied a relatively new approach 
called Twin-Delayed Deep Deterministic Policy Gradient (TD3) 
[32] to maximize the fuel economy of a mild HEV. As an extension 
of the DDPG algorithm, TD3 can prevent the overestimation of the 
value function, and further improve performance. Using the same 
algorithm, Zhou J et al. [33] embedded a heuristic rule-based local 
controller in the DRL loop to eliminate irrational exploration. The 
results showed that an improved TD3 based EMS can produce 
the best fuel efficiency, fastest convergence speed and highest 
robustness in comparison to typical value-based and policy-based 
DRL EMSs over various driving cycles. However, they all suffer from 
a significant drawback, which is a very slow and resource intensive 
training process.

Model-free DRL relies on a large number of real samples 
from the environment, which is often hindered by low sampling 
efficiency [34]. In many cases, human experiences can provide 
optimal training samples or preferences in guiding the learning 
agent in exploration during the training process [35,36]. Lian R et 
al. [37] applied a rule-interposing DRL-based EMS to a Prius model. 
By embedding expert knowledge such as an optimal curve in the 
engine Brake-Specific Fuel Consumption (BSFC) map into the DRL-
based EMS, the engine can work along the optimal BSFC curve. Li 
Y [38] proposed a DDPG-based EMS for a series HEV enabled by 
historically cumulative trip information. Simulation results showed 
that without a priori knowledge of the future trip, the original 
DDPG-based EMS achieved an average improvement of 3.5% over a 
benchmark. After further applying output frequency adjustment, an 
average improvement of 8.7% was obtained, which is comparable 
to an MPC-based EMS.

Conclusion
This article reviewed various RL-based energy management 

strategies for HEVs. It has been shown that RL-based EMS can 
effectively control HEVs without requiring the vehicle model nor 
a priori driving route information. Among various RL-based EMS 
algorithms, policy gradient-based EMS show better performance in 
solving high-dimensional problems in continuous state space. Since 
RL-based EMS show great potential in many aspects compared to 
the conventional methods, it is expected that RL-based EMS will 
continue to be studied in future especially for the control of battery 
electric vehicles.
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