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The control of traction motors is a key element of speed and torque regulation
loops in electric vehicle traction systems, where high efficiency, low torque
ripple, and strong robustness to disturbances are required. Conventional
control methods show limitations when faced with strong nonlinearities,
parametric variations, and unmodeled dynamics. Reinforcement Learning is
therefore investigated as a data-driven solution capable of learning optimal
control laws without relying on an explicit analytical model of the system.
The contribution of the research is a structured and original review dedicated
to the application of RL to the control of electric vehicle traction motors. It
proposes a systematic classification of algorithms, application domains, and
performance objectives. The methodology is based on a bibliographic
analysis of works published between 2018 and 2025. RL methods are
classified according to the learning paradigm, the control level, and the type
of validation. The analyzed algorithms include classical approaches such as
Q-learning and SARSA, as well as deep reinforcement learning methods
such as DQN, DDPG, and PPO. Control architectures, reward functions, and
learning environments are systematically compared. Several studies report
superior performance compared to conventional control laws under transient
conditions and in the presence of disturbances. Deep learning-based
approaches are particularly effective for highly nonlinear systems. However,
challenges remain in terms of stability, safety, and computational cost.
Experimental validations also confirm the feasibility of real-time
implementation within specific hardware constraints. In conclusion, this
review highlights the strong potential of RL for traction motor control and
outlines perspectives toward safe learning, embedded implementation, and
hybrid model-data control strategies.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.
This is an open-access article under the CC-BY-NC license.

1. Introduction

The global transition toward sustainable mobility has profoundly transformed the automotive
industry, placing electric vehicles (EVs) at the heart of decarbonization strategies. Rapid advances in
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electric machines, power electronics, and energy storage technologies have enabled EVs to reach a level
of maturity that now gives them performance, operating costs, and energy efficiency comparable and
sometimes even superior those of internal combustion engine vehicles [ 1]. Whether hybrid (HEV, PHEV)
or fully electric (BEV), these systems rely on a propulsion chain that includes an energy source, a static
converter, an electronic controller, and a traction motor, whose behavior directly determines overall
efficiency and driving quality [2]. At the heart of this propulsion chain, traction motors, such as induction
motors (IM), brushless DC motors (BLDC), reluctance machines (SRM, SynRM), and especially
permanent magnet synchronous motors (PMSM), play a decisive role in the overall efficiency, power
density, and driving comfort of EVs [3]. PMSMs, in particular, are increasingly favored in traction
applications due to their high-power density, high torque density, low noise and vibration levels, and
excellent dynamic performance [4].

However, these systems show strongly nonlinear, multivariable, and coupled dynamics with respect
to parameters and load disturbances and unmodeled dynamics, making the design of optimal control laws
quite complex [5]. In the past, traction motor controls employed quite established techniques such as FOC
and DTC, which are known for their potential to decouple flux and torque dynamics and for their high-
precision dynamics with high speed, while more recent techniques such as MPC allowed for the direct
exploitation of constraints through finite-horizon optimization problems [6], [7]. However, whether it
comes to PMSMs, induction motors, BLDC motors, SRMs, or SynRMs, all types of such machines are
known to be strongly nonlinear and coupled. This complexity can be further increased due to parametric
variations, magnetic saturation, friction, external disturbances, and un-modeled dynamics [§]. In this
scenario, a degradation in the performance of traditional controllers, especially the popular PI controller,
which is much appreciated for its simplicity, may be witnessed [9]. To overcome this issue, a number of
efficient techniques using robust control [ 10], adaptive control [11], predictive control [12], sliding mode
control [13], fuzzy logic [ 14], neural networks [15], and other machine learning-based techniques [16]
have already been examined. Still, despite almost all of their significant contributions, these methods
experience some limitations regarding the establishment of strong stability, overall optimal performance,
and adequate adaptability within practical industrial settings, where uncertainties and nonlinearity are
mostly prevalent [17].

In current years, the use of deep reinforcement learning for traction motor control attracts more and
more research interests. This can be observed from Fig. 1, which shows the number of publications
devoted to control of electric motors using the method of reinforcement learning from 2018 to 2025. The
sharp increase after 2021 represents the corresponding advancement of deep learning techniques and their
suitability for the nonlinearly coupled dynamics that exist in a traction system. In this regard, discrete
control algorithms like DQN fit naturally with direct control methods like DTC, and algorithms with
continuous control like DDPG or TD3 are best suited for current or speed regulation control methods
[18]. At the same time, numerous studies have explored hybrid approaches combining DRL with classical
techniques (PI, MPC, SMC), in order to simultaneously leverage the robustness of physics-based models
and the adaptability provided by learning agents. These developments open the door to more flexible,
more autonomous, and potentially higher-performing control structures under real-world operating
conditions [19], [20].

From an algorithmic point of view, RL-based control has progressed from discrete-action RL, such
as DQN, which is naturally associated with finite state control and DTC, towards continuous-action actor-
critic RL, such as DDPG and TD3. The latter has the potential to provide direct control of smooth
references for the FOC of PMSM and induction motors, thereby improving the accuracy of the motor
current control, minimizing torque ripple, and increasing overall efficiency. Nevertheless, even though
these RL-based control approaches offer better performance compared to their predecessors, they are
essentially "black-box" models, and this has raised important issues related to automotive functional
safety standards such as ISO 26262. The standard requires interpretability, traceability, and verifiability
of control decisions, and this has created a major problem related to explainable Al (XAI) for RL-based
control.
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Fig. 1. Number of publications related to traction motors control using Reinforcement Learning, identified
through a Scopus search using the keywords ‘reinforcement learning’’ and *‘traction motors’’

This article provides a comprehensive review of traction motor control techniques based on Deep
Reinforcement Learning. It presents an overview of the different motor topologies used in electric
vehicles as well as the various reinforcement learning based control strategies. After an introduction
devoted to presenting the subject and its various dimensions, Section 2 presents the types of motors found
in electric vehicles, as well as an evaluation of their performance, while Section 3 provides a theoretical
description of the principles underlying DRL, as well as the algorithms most often used for controlling
nonlinear systems. Section 4 focuses on an in-depth discussion of the role of DRL in motor speed control,
while Section 5 is reserved for the advantages and limitations of RL for motor control. Finally, the last
section provides a general summary, accompanied by recommendations for future developments in this
emerging field.

2. Electric Vehicle Motors

Below you will find an overview of the types of traction motors utilized for electric vehicles.
Following this you will find a comparison that will present the pros and cons of each type of traction
motor. Each type of traction motor has benefits and drawbacks, which are illustrated through the
application of a variety of parameters such as; efficiency, density, torque, power and cost etc.

2.1. Traction Motor Overview

Traction motor drives are an essential part in the progress of electric vehicles. Each of the motors
has unique advantages and challenges. The major motor drive systems used in electric vehicles are
direct current motors, induction motors, permanent magnet motors, and reluctance motors, as shown
in Fig. 2. Each motor has its unique properties and challenges [21], [22].

DC motors were traditionally used in electric vehicles because of simple design principles and
their high torque capability even at slower speeds. These motors produce high torque even at slower
speeds, can be easily controlled, and enjoy a well-established technology base. However, their
relatively lower efficiency and high maintenance requirements due to brushes, which wear out quite
frequently, remain significant drawbacks [23].

The use of induction motors is widespread in electric vehicles because of their simplicity,
reliability, and relatively low price. Induction motors are also known to be robust and require less
maintenance. Nonetheless, compared to other types of motors such as permanent magnet motors and
reluctance motors, the efficiency of induction motor is less, and its size is larger [24].
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Permanent Magnet motors are known to offer excellent torque control, maintenance costs are
minimal, and they are characterized by their significantly high efficiency levels and relatively higher
power density. In addition to the excellent torque control and efficiency levels, the smooth operation
of such motors also improves the comfort levels of the driver. Even though PM motors are largely
employed in electric vehicles, the major disadvantages of such motors include relative high costs and
lower production volumes. In addition to that, the use of rare earth materials that are highly susceptible
to the effects of higher temperatures and are prone to demagnetization increases costs to a large extent
[25].

Recently, there has been growing interest in reluctance motors, thanks to their cost-effective
nature and ability to provide a high torque density. Advances in modern control theory and power
electronics have made it possible to overcome the limitations associated with constant speeds, thereby
controlling motor speeds, which was difficult due to the rigidity of the motor [26]. In fact, the
efficiency and compactness of brushless DC motors are notable advantages, adding to their increased
appeal for use within electric vehicles. Another method for the propulsion of electric vehicles could
be variable reluctance motor drives [27]. Comparative Analyses of Electric Vehicle Drive Systems as
Attractive Technology. The fault tolerance, cost-effectiveness, lightweight characteristics, and
relatively high efficiencies of an SRM motor are some of the benefits of this type of electric vehicle
drive system as shown in comparison analyses performed by numerous researchers [28]. These are
reliable, cost-effective, and capable of operating in harsh environments; this has made their popularity
high in a wide range of applications. Their open platform with no magnets and flexible controls is of
great benefit to electric vehicles. However, some of the challenges that are worth focusing on in
modern research fields include torque ripple, vibration noise, and drag caused by their speed [29].
Reluctance motors rely on differences in magnetic reluctance to create torque, making them inherently
simple and economical. However, their biggest disadvantage is the low power factor, which requires
complex control algorithms to achieve maximum performance. In fact, transverse flux machines are
also believed to be very suitable for electric vehicle applications due to the preliminary comparative
study, which revealed them to have among the highest power density at low speeds [30].
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Fig. 2. Types of traction motors for electric vehicles [31]

2.2. Motors Comparison

Electric vehicles need high starting torque and minimal power consumption at higher speeds.
From Fig. 3, the relationships between torque, speed, and power of an electric traction motor are
identified. The major factors that need to be taken into consideration while choosing a motor in an
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electric propulsion system are listed in Table 1. These factors include cost, size, speed range,
efficiency, power density, maximum torque, reliability, and maturity of technology [32]. The
comparison study focuses on five types of motors: brushless DC motors, synchronous reluctance
motors, variable reluctance motors, induction motors, and permanent magnet synchronous motors.
Analyzing these factors in detail, as presented in Table 1, helps to highlight the pros and cons of each
technology [33]. It must be stated that induction motors, permanent magnet synchronous motors, and
so forth have come up as serious competitors that perform much better compared to other options and
are among those best suited for electric propulsion [34].

A

| Base Speed | 3 |Maximum Speed |
: £ Speed
Constant torque Constant power. > Reduced power
region region region

Fig. 3. Performance Attributes of Electric Traction Motors [35]

Table 1. Electric motors criteria [36]

Parameters BLDC SynRM SRM PMSM IM

Cost 3 2 3 2 4

Size 2 2 1 4 3
Efficiency 2 3 3 4 2
Fault tolerance 1 4 4 3 2
Overload capacity 2 2 1 2 3
Power density 1 3 2 4 2
Speed range 1 3 4 2 2
Torque ripple 4 3 1 3 4
Control simplicity 4 2 2 3 4
Noise level 3 3 1 4 3
Reliability 2 4 4 3 4

Low =1: Medium = 2: High = 3: Very high=4

3. Theoretical Basis and Algorithmic Approaches of DRL

Reinforcement learning represents the third major paradigm of machine learning. Unlike
supervised or unsupervised learning, it does not necessarily rely on a pre-established dataset: the agent,
modeled here by a neural network, learns directly from its interactions with its environment. As
illustrated in Fig. 4, the agent observes the environment, generates an action, and receives a reward
value in return that evaluates the relevance of that action [37]. This exchange mechanism forms the
basis of the learning process: the reward function simultaneously encodes the overall objective and
the characteristics of the environment, gradually guiding the agent toward optimal behavior. One of
the key advantages of RL is the absence of fixed input data, since learning emerges directly from
accumulated experience. However, the performance of the algorithm depends heavily on the quality
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of the environment modeling and the definition of the reward function, the design of which often
remains one of the main challenges [38].

_) ——

Reward Values

|

Neural Network

il ~

Observations Actions

Fig. 4. Reinforcement learning structure [39]

3.1. Fundamental reinforcement learning

After presenting reinforcement learning, which belongs to the field of artificial intelligence, as
well as the three main categories of neural networks, it is now time to introduce a more in-depth
theoretical framework dedicated to this learning paradigm. This framework will serve as the basis for
the following sections of this article. The general configuration of a reinforcement learning system is
illustrated in Fig. 5. A reinforcement learning system is essentially based on two elements: the
environment and the agent. The environment represents, often in a simplified but sufficient manner,
the real system that we wish to model and control [40]. At each time step t, it provides a state s, and a
reward 1, which serve as inputs to the agent. It is important to distinguish the state from the
observation: the state corresponds to the complete set of information characterizing the environment’s
situation, while the agent generally perceives only a subset of it, called the observation o:. Depending
on the amount of information available, the environment may be fully or partially observable, which
directly influences the agent’s performance during learning. By convention, most works use the state
notation rather than the observation notation, a choice we follow here. Based on the received
information, the agent generates an action a; that it sends to the environment in order to modify its
evolution. This decision is produced by a policy mg(s;), a function parameterized by 6 and
continuously optimized based on the rewards obtained. The policy can be deterministic, one action
for a given state or stochastic, in which case actions are sampled from a learned distribution, and the
log-likelihoods logmy (a | s) then play a central role in the optimization. The reward function, defined
by 1+ = R(s;, at, S¢+1) It depends on the current state, the action performed, and the state obtained in
return [41]. This function, specific to each application, formalizes the objective to be achieved and
guides the agent toward the desired behavior. The agent's objective is to maximize the cumulative
reward obtained along a trajectory T = (Sg, g, S1, @1, -.. ). Generally formulated within a finite, non-
discounted time horizon or according to other equivalent criteria depending on the application. Two
types of cumulative rewards are generally distinguished: the finite-horizon undiscounted return and
the infinite-horizon discounted return [42].

The first is simply the sum of rewards over a fixed time window:

T
R@® =D (1)
t=0

For the infinite-horizon cumulative reward, we introduce a discount factor y € (0,1), which
gives less weight to rewards obtained farther in the future:
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t=0

Using a discount factor is justified by two simple reasons. First, as in real life, an immediate
reward is more valuable than a delayed one. Second, an infinite sum may not converge; discounting
ensures convergence and allows the expression to be used in mathematical derivations [43].

After establishing the fundamental definitions of RL, it is time to introduce the core problem:
finding a policy that maximizes the expected return when the agent acts according to it. If both the
policy and the state transitions are stochastic, the probability of a trajectory can be written as follows:

T-1
P 1m) = po(s0) | [P (st Isesa) e 150) G)
t=0

From this, the expected return J(r) is expressed as:

J@) = [P @ 1M RE) = Eeerl R @
T
The fundamental objective of RL can now be summarized in a single line:

" = argmax/ (1) (5)
s
where 7™ is the optimal policy, we seek.

Using this formal framework, multiple valuable functions can be established. They play a key
role in the RL algorithms presented in the next section, as they evaluate the quality of a state or state
action pair in terms of the expected future reward when the agent follows a given policy [44].

These value functions quantify the value of a state or a state action pair, defined as the expected
return obtained when starting from that position and following a given policy thereafter. Four
fundamental types of value functions are commonly distinguished, each forming the basis of a major
class of RL algorithms.

The first is the On-Policy Value Function, V;(s), which represents the expected return when
starting in state s and consistently acting according to policy 7:

Vi(s) = Err[R(7) | 59 = 5] (6)

The second is the On-Policy Action-Value Function, Q;(s,a), which extends the previous
definition by considering an arbitrary initial action a that may not come from the policy itself:

QT[(S' a) = IE‘r~7‘l:[R(T) | 50 =S, aO = a] (7)

From these definitions, one can also introduce the optimal counterparts. The Optimal Value Function,
V*(s), represents the maximum expected return achievable from state s when following the optimal
policy thereafter:

Vi(s) = mT?XIET~n[R(T) | so = 5] (8)
Similarly, the Optimal Action-Value Function incorporates an arbitrary initial action:
Q*(5,0) = maxE,_4[R(?) | 5o =5, @ = a] ©)

Two important relationships linking value and action-value functions follow directly from their
definitions:
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Vi(s) = Eq-rlQn(s, @)l, V' (s) = maxQ"(s, a) (10)

There is also a key relationship between the optimal action-value function and the action selected by
the optimal policy. Since the optimal policy always chooses the action that maximizes the expected
return in state s, the optimal action a*(s) can be directly obtained from the optimal Q-function:

a*(s) = argmfo*(s, a) (11)
Multiple actions may achieve the same maximal value; in such cases, all are considered optimal,
though there always exists at least one optimal policy that selects deterministically [45].

With these definitions in mind, we can now bring in the formalism that pervades all reinforcement
learning algorithms the Bellman equations. The Bellman equations formalize the consistency principle
that the value of a state is equal to the discounted reward received in that state and the value of the
next state.

For on-policy value functions, the Bellman equations are:

Vrr(s) = IEa~1't, s’~P[r(s' a) + )/VH(S,) ]
Qn:(sl a) = ]Es'~P[T(S' a) +vy ]Ea'~n: [QT[(S,! a,)]]

where s' ~ P(:| s,a) denotes sampling the next state from the environment dynamics; a ~ (-] s)
denotes sampling an action from the policy; and a’ ~ w(:| s") denotes the next action under the same
policy.

(12)

The Bellman equations for optimal value functions are written as:

Vi(s) = maxEy_p[r(s,a) +yV'(s)]

(13)
Q*(5,@) = Eg_p | (s, @) + ymaxQ*(s', a)]

The key distinction here is the presence of the maximization operator, which reflects the requirement
that an optimal agent must always select the action yielding the highest value. Solving these equations
is the central objective of reinforcement learning algorithms, making them fundamental to the training
of any RL agent [46].

RL Algorithm Loss Function Neural Network

S £

@ 2
Ti4q Environment

Control Task Interface Definition Parameters

Fig. 5. Fundamental architecture of the RL environment [47]
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3.2. Algorithms for reinforcement learning

After introducing the fundamental concepts of reinforcement learning, it is useful to briefly
review the algorithms based on these formulations. Fig. 6 provides an overview of their classification,
as well as some of the most commonly used algorithms in each category.

RL methods can be divided into two main categories depending on whether or not they use an
internal model of the environment. Model-based approaches rely on a model of the environment,
either provided before learning or learned gradually during learning. Their main advantage is greater
learning efficiency; however, obtaining a model that accurately reflects real dynamics is often
complex, a well-known problem in conventional model-based control techniques. Furthermore, when
the model is learned in parallel with training, the desired accuracy and convergence speed can be
significantly affected. Because of such shortcomings and the increased complexity of electric control,
model-free solutions are considered preferable in general [48].

Model-free reinforcement learning solutions can be divided into three categories depending on
the strategy of the agent to select the next action. The first category is value-based methods. These
methods seek to estimate the value function defined beforehand and use the value function as a basis
to build the policy. A good representation of value-based methods is Q-learning [49]. This solution is
based on the use of Q-tables and a value function that is estimated through the Temporal-Difference
learning method. It makes a calculation of the difference between the estimated value and the value
expected by the next state, which makes it a more efficient sampling strategy. It has good convergence
properties but lacks the ability to be applied to a continuous state space [50]. In that respect, the Deep
Q-Network approach was proposed to make use of neural networks and the Q-learning strategy to
estimate policy in continuous state spaces. However, DQN is inclined to overestimate the value of Q.
To remove such a drawback, the Double DQN strategy [51] was proposed. In that strategy, a neural
network is utilized to estimate the value of Q. In short, value-based reinforcement learning algorithms
are highly efficient and robust against getting trapped at local optima.

However, the approach faces challenges when applied to the continuous state space. The second
predominant reinforcement learning approach is policy-based methods. As the name signifies, the
methodology focuses on learning the optimal policy without making use of any value function. The
reinforcement learning approach [52] is the most prominent example: the approach makes use of
Monte Carlo learning to estimate the gradient value regarding the policy. This helped in achieving
relatively stable learning but low efficiency regarding the sampling updates. It was later improved
through Trust Region Policy Optimization [53] and eventually through the approach called Proximal
Policy Optimization [54], where the hyperparameters were accurately tuned such that the updates
remained within a smaller magnitude. In other words, the approach is guaranteed to show
improvement at every iteration, ensuring that the overall performance would be non-decreasing.
However, compared to value-based approaches, they are less efficient in terms of sampling, exhibit
greater variance, and are more prone to falling into local optima.

The last major category of model-free reinforcement learning methods includes actor-critic
algorithms, which currently occupy a central place in reinforcement learning research. Their
fundamental principle is to merge value-based and policy-based approaches in order to combine their
strengths within a single algorithmic framework. An AC algorithm typically relies on two neural
networks: a critic, responsible for estimating and updating the value function via TD-type updates,
and an actor, which optimizes the policy based on the evaluations produced by the critic. Convergence
can be improved using the Deep Deterministic Policy Gradient method [55], which is based on the
DQN algorithm described above while extending it to the AC framework in order to handle continuous
state spaces. However, the DDPG method can suffer from overestimation phenomena, which led to
the development of the Twin Delayed DDPG method [56], a variant that uses six neural networks to
provide more reliable estimates. Another widely used AC algorithm is the Asynchronous Advantage
Actor-Critic algorithm, or A3C for short [57], which was designed to improve the efficiency of
exploration via the reduction of correlation within training data. Taken together, actor-critic
algorithms combine the advantages of value-based methods and policy-based methods, and as a result,
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they are able to achieve a smoother estimate of the value functions and improve the efficiency of
exploration. On the other hand, these algorithms also inherit some disadvantages possessed by the
individual methods, which can be very sensitive to hyperparameter settings. To simplify the process
of implementing an AC algorithm, a set of hyperparameter settings within the RL Zoo database [58]
can be used, depending on the task at hand.

Reinforcement Deep Neural
Learning Network
Y p ¢
( Model-Based RL ’ ‘\ Model-Free DRL }
’ 1
| v v v
Dynamic Programming Policy-Based DRL Value-Based DRL Actor-Critic DRL
—> SPG DQN —> DDPG
—> TRPO DDQN —>» TD3
> PPO —> A3C

Fig. 6. Classification of reinforcement learning algorithms [59]

4. Reinforcement Learning Based Control of Traction Motors

In this section, an assessment of the control techniques suggested in the literature using
reinforcement learning is given in Table 2. The type of algorithms used, the controls selected, and the
developments obtained using RL for the control of traction motors are addressed. In particular, this
section is aimed at recognizing, categorizing, and summarizing the various techniques suggested for
the control of electric machine systems, focusing on the type of controls applied and, on the
algorithms, implemented. This assessment includes a wide range of algorithms, going from classical
reinforcement learning to advanced reinforcement learning techniques using deep Q-Network, Double
Deep Q-Network, Proximal Policy Optimization, Soft Actor-Critic, and TD3. These elements are
summarized using a table that classifies the contributions for a wide range of machine types, namely
induction machines, permanent magnet synchronous motors, brushless DC motors, switched
reluctance motors, and synchronous reluctance motors. In these studies, the machine type, algorithm
type, and type of suggested controller are given. This presentation is focused on presenting the main
trends existing in the literature, particularly on the use of advanced algorithms capable of performing
the optimal controller’s self-learning directly, reducing, to a certain point, the dependency on explicit
machine modeling. In fact, some studies include a combination of the use of conventional controls
(PI, MPC, fuzzy, and optimization) with reinforcement learning to take advantage from the stability
offered by these classical techniques combined with the versatility offered by the self-learning abilities
offered by the RL techniques. The recent increase of the number of studies on TD3 controller applied
to BLDC motors is a good representation of these changes, highlighting the growing interest for these
techniques, particularly for complex conditions. It can be noted that according to the synthesis of the
various studies analyzed, the reinforcement learning represents a particularly appropriate approach for
the advanced control techniques for the current applications related to the electric machine systems.
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Table 2. Summary of reinforcement learning algorithms for traction motor control
Motors RL Algorithm Proposed Solution Reference
Adaptive Q- RL policy replacing the PI controller for automatic torque/speed [60]
Learning adjustment.
Deep Q- . . .
Model-free speed control based on discrete states and online learning. [61]
Network
M DDPG Continuous control learning the torque current law to limit [62]
oscillations.
PPO Policy optimization via proximal g_radlent for robust control under [63]
uncertainty.
Off-policy controller simultaneously learning value and policy to
SAC . . [64]
1mprove transients.
Actor—Critic Actor-critical architecture replacing P_I flow/speed with automatic gain [65], [66]
adaptation.
DDPG Continuous control law learning the optimal torque at different speeds. [67]
PMSM DQN + State observer + RL to compensate for disturbances and parameter [68]
Observer uncertainties.
PPO Stable drive for direct speed control. [69]
i +
Hybﬁ%gL RL for adjusting the horizons/weights of a classic MPC online. [70]
Q-Learning Dynamic Q table to adapt switching according to inertia. [71]
DOQN Sensorless control using deep Q network to select control actions. [72]
DDPG Continuous policy learning ttlz)er :;l;rent waveform to smooth the (73], [74]
BLDC PPO Mandatory policy update to track variable load profiles. [75]
RL + Fuzzy RL adjusts the rules/factors of a fuzzy controller in real time. [76[]%]77]’
A controller using a TD3 agent trained through simulation shows good
TD3 tracking of the target position and good performance for varying [79]
torques, with response times from about 1.2 to 1.9 seconds.
Q-Learning Adaptation of excitation angles via discrete learning. [80]
Actor Critic Torque current control via actuator + evaluator network. [81]
SRM DDPG Continuous policy explicitly managing the nonlinearities of the SRM. [82]
PPO Stabilized update to control speed and torque under disturbances. [83]
RL + RL coupled with optimization to simultaneously adjust speed and [84]
Optimization efficiency.
Actor Critic Learning excitation laws that take rotor variation into account. [85]
DDPG Continuous control aimed at minimizing steady-state error. [86], [87]
SynRM DQN Approach without a model tl;:glciiclgectly learns the speed—current [88]
PPO Stable policy implemented to compensate for network disruptions. [89]
Hybrid RL + PI RL dynamically adjusts PI gains according to the operating state. [90]

5. Considerations and Limitations

After summarizing the use of reinforcement learning algorithms for the improvement of electric
controllers’ performance, it can be observed that, when considered within the traction motor control
domain, reinforcement learning entails a number of significant advantages, which are contributing to
the increased interest shown by the scientific community within recent times. Specifically, as a data-
driven approach, RL enables the formulation of control methods capable of learning through direct
interaction with the system, without necessarily needing an accurate analytical model. Additionally,
this makes it even more appealing for being applied to electric vehicles’ drive trains, as well as other
industrial applications, wherein nonlinearities, parametric uncertainties, as well as external
disturbances, prevail. Between 2018 and 2025, numerous works have demonstrated the ability of RL
to provide a superior level of adaptability when considering variable circumstances and the capability
of jointly optimizing more-than-one objective, especially within the domain of efficiency, dynamics,
and robustness. Nonetheless, the application of RL within the traction motor domain remains
accompanied by a number of significant challenges, including the difficulty of migrating learning
policies within the simulator setting to the actual system, significant requirements related to safety
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and stability, as well as issues associated with high computational complexity when considering real-
time issues, as well as generalization and scalability challenges. The aforementioned challenges have,
however, currently led to the exploration of novel research trends, which include robust RL methods,
RL and Conventional Control hybrid methods, offline learning, domain randomization, the use of
digital twins, as well as online adaptation methods.

6. Conclusion

Since 2018, the use of reinforcement learning for controlling electric vehicle traction motors has
grown rapidly, driven by the limitations of conventional approaches, which are highly dependent on
precise models and are not very robust in the face of nonlinearities, parametric uncertainties, and
external disturbances. This study shows that value-oriented, policy-oriented, or hybrid methods offer
remarkable potential for multi-objective optimization of dynamic performance, and compliance with
electromagnetic constraints, while benefiting from a largely model-free nature. In parallel with these
advances, major obstacles remain: discrepancies between simulation and reality, stability guarantees,
operational safety, robustness in extreme conditions, and computational complexity for embedded
systems. The theoretical contributions presented, in particular the explicit integration of physical
constraints into the cost function and the comparative analysis of constrained learning schemes, shed
new light on the design of safer and more interpretable RL controllers. Promising perspectives are
emerging around secure RL, offline learning, hybrid models combining RL and predictive control,
and federated learning enabling fleets of vehicles to collectively improve their policies based on shared
driving data, while respecting confidentiality. However, industrial validation of these controllers will
require methodological frameworks that comply with automotive safety standards (ISO 26262,
ASPICE), including formal verification, closed-loop testing, stability testing, and certification of
learning processes. The limitations of this work lie in the fact that the evaluation is still mainly based
on simulation and in the absence of large-scale real-time deployment. Future work will focus on sim-
to-real transfer through domain randomization, extension to multi-engine architectures, overall
vehicle energy management, and interaction with ADA systems. In summary, this article highlights
that, despite scientific and industrial challenges that remain unresolved, reinforcement learning is a
major technological lever with the potential to profoundly transform the control and embedded
intelligence architectures of next-generation electric and autonomous vehicles.
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