©2024 IEEE. Personal use of this material is permitted. Permission from IEEE must be
obtained for all other uses, in any current or future media, including reprinting/republishing
this material for advertising or promotional purposes, creating new collective works, for
resale or redistribution to servers or lists, or reuse of any copyrighted component of this

work in other works.



Reinforcement Learning for Intelligent Control of
AC Machine Drives: A Review

Nabil Farah Gang Lei Jianguo Zhu
School of Electrical and Data School of Electrical and Data School of Electrical and Information
Engineering Engineering Engineering
University of Technology Sydney University of Technology Sydney University of Sydney

NSW, Australia
nabil.farah@student.uts.edu.au

NSW, Australia

NSW, Australia
jianguo.zhu-@sydney.edu.au

Youguang Guo
School of Electrical and Data
Engineering
University of Technology Sydney
NSW, Australia
youguang.guo-1(@uts.edu.au

Abstract— Permanent magnet synchronous motors
(PMSMs) are widely used in various industrial applications
due to their high efficiency, compact size, and precise control
capabilities. However, traditional control techniques often
struggle to handle the nonlinearities and uncertainties
associated with PMSM drives. Reinforcement learning (RL)
based control approaches have offered a promising solution
to address these challenges. This article reviews RL-based
control of PMSM drives, delving into fundamental concepts,
machine learning types, and RL frameworks. Challenges,
drawbacks, and future directions for enhancing RL-based
control methods are also discussed.
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I. INTRODUCTION

Permanent magnet synchronous motors (PMSMs) are
widely used in various industrial applications due to their
high efficiency, compact size, and precise control
capabilities. Ensuring precise and efficient control of
PMSM drives is essential to optimise system performance
and minimise energy consumption. However, the inherent
complexities and uncertainties in PMSM dynamics present
significant challenges for traditional control methods,
leading to suboptimal performance in varying operating
conditions[1].

Conventional control techniques, such as field-oriented
control (FOC), direct torque control (DTC), model
predictive control (MPC) and other deterministic
approaches, often struggle to handle the nonlinearities and
uncertainties associated with PMSM drives[2]. These
uncertainties arise due to variations in motor parameters,
temperature  changes, external disturbances, and
uncertainties in the load. As a result, the performance of
traditional control methods can be limited, leading to
reduced accuracy and robustness[1].

In recent years, reinforcement learning (RL) based
control approaches have offered a promising solution to
address the challenges posed by uncertainties in PMSM
drives[3]. RL is a data-driven control technique that does
not require explicit knowledge of the motor parameters.
Instead, RL agents learn optimal control policies through
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interaction with the environment, making them robust to
uncertainties and disturbances[4]. RL-based control
methods can adapt to changes in motor parameters and
optimise control performance in real-time. Furthermore,
RL-based control methods offer computational efficiency
compared to some other data-driven control techniques,
such as model-free control. RL agents can learn offline
optimised policies, which eliminates the need for online
optimization during operation[5].

RL can be employed to enhance the performance of
standard PMSM control strategies (i.e., FOC, DTC, and
MPC). For instance, [6] utilized RL to obtain the weight
coefficients of an improved MPC for PMSM drives, and
[7, 8] implemented deep RL to optimize the parameters of
active disturbance rejection control of PMSM.
Furthermore, RL can replace the standard control methods
of PMSM drives entirely. RL-based current control [3] and
torque control [9] of PMSM drives were implemented by
training a deep Q-learning network to learn optimal
controllers. These learned-based controllers were then
deployed to a real-world drive system and demonstrated
comparable performance to the standard controllers[4].
RL-based speed control was trained to achieve optimal
speed tracking and replace standard speed control [10].

However, there are some challenges that must be
addressed when applying RL to PMSM drives. One major
challenge is the complexity of the control problem, which
involves balancing conflicting objectives such as torque
regulation, speed control, and energy efficiency.
Additionally, the PMSM drive system has many
interconnected components that must be considered,
including the motor, power electronics, and control
algorithms. Another challenge is the difficulty of training
RL algorithms in real-time. Training an RL algorithm
requires a large amount of data, which can be time-
consuming and computationally intensive. Additionally, the
training process can be sensitive to the choice of
hyperparameters, such as learning rate and discount factor,
which can affect the stability and convergence of the
algorithm[11].
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This article reviews RL-based control of PMSM drives,
delving into fundamental concepts, machine learning types,
and RL frameworks. The formulation and RL application in
PMSM control are examined. Challenges, drawbacks, and
future directions for enhancing RL-based control methods
are also discussed. The paper aims to enhance the
understanding of RL's potential in optimizing PMSM drive
control and serves as a benchmark for future advancements
in RL-based control techniques.

The rest of the paper is organized as follows: Section II
discusses the fundamental concept of RL; Section III
presents RL based PMSM drives. Sections IV and V discuss
the challenges and future perspective of RL based PMSM
drives. Section VI presents the conclusion.

II. FUNDAMENTALS OF RL

Machine learning is a branch of artificial intelligence
that involves the use of algorithms and statistical models to
enable computer systems to learn from data and improve
their performance on a specific task over time[12]. It has
brought significant advancements to fields such as natural
language processing, computer vision, and robotics,
enhancing the capabilities of machines to perform tasks that
once seemed beyond their reach[13]. Among the myriad of
applications, machine learning finds a compelling use case
in controlling AC motor drives, where its versatile types can
be harnessed to optimize motor performance, energy
efficiency, and overall system operation[14]. There are
different types of machine learning, including supervised,
unsupervised, and reinforcement learning, each with its
unique characteristics and applications[15].

Supervised Learning: Supervised learning is one of the
fundamental types of machine learning, where the
algorithm learns from labelled data to make predictions or
decisions [16]. In contrast, unsupervised learning involves
training the algorithm on unlabelled data to discover
patterns and relationships within the dataset. For AC motor
drives, unsupervised learning can be used for clustering
similar motor operating states or identifying anomalies in
motor behaviour. This aids in predictive maintenance, as it
allows the system to detect potential faults or irregularities
before they escalate into major issues.
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Fig. 1. Types of Machine Learning

Reinforcement learning (RL) is an interactive learning
approach where an agent learns to take actions in an
environment to maximize a cumulative reward. When

applied to AC motor drives, RL can optimize control
strategies by exploring various control actions, observing
the motor's responses, and adjusting its decisions to achieve
specific objectives, such as energy efficiency or torque
regulation[9, 17]. RL differs from supervised and
unsupervised learning because it operates in a dynamic
environment and learns from collected experiences rather
than static datasets. During training, RL agents gather data
through trial-and-error interactions, eliminating the need for
data collection, preprocessing, and labelling. RL methods
can autonomously learn behaviours without human
supervision, making them adaptable to complex
environments. Due to these advantages, RL methods are
preferred for AC drive control [14, 18].

A. RL Workflow

The learning process aims to maximize a predetermined
cumulative reward through decisions based on input
signals of observations and rewards. Observations are a set
of signals that define the process, while rewards measure
the success of actions. Actions are controlled process
quantities, and observations are measured signals, their rate
of change, and associated errors visible to the agent[19].
Fig. 2 shows the RL process's general block diagram,
which includes an agent, environment, action,
observations, and rewards. At each time step £, the agent
executes an action, receives observations O, and rewards
R}. The environment receives an action A , and emits
observation Oy, and scalar reward Ry, ;. RL is based on
the reward hypothesis, and the agent's job is to maximize
g which is the discounted future rewards:

Jr = ZyiRk+i+1 €Y

i=0

Another part of the RL is the history and state. History
is the sequence of observations, actions, and rewards.

Hk = OliRl’All""Ak—l'Ok'Rk (2)

The state is the information used to determine what
happens next; it is a function of history: S; = f (H;).

RL based control workflow involves creating an
environment, defining rewards, creating the agent,
comprising the policy and the RL training algorithm, and
deploying the trained policy as a standalone decision-
making system[20].
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Fig. 2. General block diagram RL process.
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B. RL Agent

An RL agent consists of essential components that
allow it to interact with and learn from the environment.
The policy, which determines the agent's behaviour or
strategy, can be deterministic or stochastic. In a
deterministic policy, the agent directly chooses an action



based on the state, while in a stochastic policy, actions are
selected probabilistically, considering the current state.

Secondly, the value function assesses the potential
future rewards that an agent can expect to accumulate. It
serves as a measure to evaluate the goodness or badness of
states and helps the agent make decisions about which
actions to take in different situations. There are two
primary types of value functions: the state-value function
(v (5)), which represents the expected return starting from
a specific state and following a policy @, and the action-
value function (g, (Sg, Uy )), which represents the expected
return when taking a particular action (u;) in a particular
state (s ) and then following the policy = thereafter.

Lastly, the model is an essential component that
represents the agent's understanding or prediction of how
the environment behaves. It acts as a simulation of the
environment and can predict the next state and the
immediate reward when given the current state and an
action. Furthermore, RL agents can be categorized based
on the presence and absence of policy and value function
components. These categories encompass value-based,
policy-based, and Actor-Critic agents, each serving a
unique role in the RL landscape.

C. RL Formulation

RL is a fundamental machine learning approach based
on a Markov decision process (MDP) represented by a tuple
(S,4,P,r,y). In this setup, the environment defines the
state space (S), while the agent has the action space (A). The
agent interacts with the environment to update its policy,,
which maps states to actions. At each step, the agent selects
an action (a; € A) based on its policy m, and the
environment generates the next state (Sp,;) using a
transition probability function (P). The environment also
provides the agent with a reward (r) as feedback. This
process continues until the agent finds the optimal policy
(™), that is expressed as follows:

n* € argmax /() = EZ ¥* R (i, ay) 3)
" k=1
where y represents the discounting factor, and J(z)
denotes the infinite horizon discounted reward.

The optimal policy ensures that the agent accumulates
the maximum possible reward from the environment. To
estimate how good a state is, either a state value function
V (s) or a state-action value function Q (s, a) is used. When
using the V function, value iteration aims at finding the
optimal values V" based on Bellman optimality equation:

Vi(s) = mgx r(s,a) +y Z P(s,a,y)V+)| 4)
yES

where 7 (s, a) is the reward obtained by taking action a
in state s,P (s, a,y) is the probability of reaching state y
when taking action, a in state s.

The state-action value function Q(s,a) defines the
value of being in state s, taking action a then following
policy m. The Bellman optimality equation for Q™ is:

Q'(5,0) =r(5,0) +7 ) P(5,a,) max Q" (7,a) (5)
y

The policy iteration algorithm is more complicated
than value iteration. Given a MDP and a policy =, policy
iteration iterates the following steps:

e Evaluate: compute V or Q based on the policy .
e Improve: compute a better policy based on V or Q.

This process is repeated until convergence. When
using V, V™ (s) is the expected return when starting from
state s and following policy @ is processed based on the
Bellman optimality equation for deterministic policies:

V() = r(s.m(9) +7 ) P13 V() (6)

YyES

When using Q, the Q equation with policy © becomes:

Q"(s,a) =r(s,a) +y Z P(s,a,y)Q™(y,n()) (7)

Yy €S
III. RL BASED PMSM DRIVES

A. State of Art

RL has emerged as a powerful paradigm for the control
PMSM, offering significant advancements in the field of
motor control. PMSMs are widely utilized in various
applications, ranging from electric vehicles to industrial
robotics, where precise and efficient control is essential.
Traditional control methods for PMSMs, such as PI
controllers, have limitations in handling complex and
nonlinear motor dynamics, making RL an attractive
alternative[21].

RL leverages its ability to learn optimal control policies
through interaction with the system. This interaction
typically involves an agent, which represents the controller,
taking actions in an environment, represented by the PMSM
drive, and receiving feedback in the form of rewards based
on the achieved performance. Over time, the agent learns to
make decisions that maximize cumulative rewards,
effectively optimizing the motor control strategy[17].

RL can be used to tune or enhance the performance of a
conventional PMSM drives (i.e., FOC,DTC,MPC) strategy
such as [6] which implement RL to tune the weighting
factor of MPC. RL also can be used to replace these
strategies such as RL-based current control[3] , torque
control [9] , and speed control [10] of PMSM drives. To
develop RL-based control of PMSM, environment,
observation, rewards, action, and agent must be defined.

The effectiveness of RL-based controllers heavily relies
on the quality and quantity of training data. Standard RL
controllers aim to learn optimal policies for specific task
conditions and parameter sets, making them vulnerable to
poor performance or instability when faced with new
conditions or parameter mismatches[22]. This challenge of
adapting to new scenarios is addressed through meta-RL[5],
which efficiently leverages prior experience on similar
tasks. In this approach, a dataset of diverse motor
parameters is utilized to model each motor's environment as
a partially observable Markov decision process (POMDP),



where additional contextual variables capture momentary
environmental information, to improve adaptability.

RL-based PMSM drives comprise key components,
including the environment, observation, action, and reward.
In this context, the environment is embodied by the PMSM
system itself, serving as the dynamic framework within
which the control operates. Observations, on the other hand,
encompass the data and information collected from the
system, while actions denote the decisions and control
inputs made by the RL agent. The reward signal guides the
learning process, providing feedback to the agent based on
its actions in pursuit of optimal motor control. This
interconnected framework forms the basis for developing
adaptive and efficient PMSM drive controllers through
reinforcement learning techniques[17].

B. RL Environment

The RL environment serves as a platform for the
interaction between an RL agent and its surroundings. In
the case of PMSMs, the RL environment represents the
operational context in which the motor operates. In general,
RL-based current control of PMSM drives is trained offline
using a simulation model represented by mathematical
equations that describes the dynamics of the PMSM:

. dig .
Vg = Rgig +LdE—qulq (8)
) dig .
Vg = Rslq-I-LqE-l-deld-l-w?’pm 9)
dig Ry L, 1
=i+ L wi +— 10
at T Lgetp, Yt e (10)
di R L ¥ 1
q S . d . pm
— =g wig-—ow+—y, (11)
dt L, Lg Lq Lq

C. Observation,Rewards and Action

The selection of appropriate observations, rewards, and
actions is a crucial factor in determining the effectiveness
of the RL-based controller. For current control of PMSM
drives, standard observations are measured and reference
dq currents, measured and reference speed, measured
position, and dg voltages, expressed as:

ok = [w*, ,0,i4,i% i3, ik vE Lok T (12)

Rewards are an essential part of the RL learning
process; it tells the agent how good or bad the selected
action is. Therefore, rewards must be appropriately
calculated to help the agent learn an optimal policy. In
current control, the objective is to minimize the current
error, and the quadric objective function can be written as:

g = (i — i) + (i5 — i)’ (13)

The objective function g* , along with constraint
violation penalty are employed as a reward signal for RL
agent as follows:

r* = —(wy g* + w, P*) (14)

where w; and w, are the reward gains, P* is a penalty
term to ensure safe operation and discourage overcurrent
region during the training by penalizing the agent when the

. . 1\ 2
measured current ¥ = [(i%)2+ (iX)" exceeds the
nominal current i,,, and can be calculated as the following:

. kN2 ok .
Pk:{(ln_ls) s > lp (15)
0 ,otherwise

RL agents can have either discrete or continuous action
spaces. Q-learning and deep Q-network (DQN) agents
have a discrete action space, while deep deterministic
policy gradient (DDPG) and twin-delayed deep
deterministic policy gradient (TD3) agents have a
continuous action space. PMSM drive based RL with
discrete actions, the power electronic converter's nature is
considered, and the action can be one of the possible
switching vectors, s;. With a two-level three-phase
inverter, eight possible vectors can be applied:

a¥=s5€[0,12....7] (16)

For continuous action space, the agent actions can be

the d- and g-axes voltage components:

ak = [vé‘ U;]T an

IV. Challenges AND LIMITATIONS OF RL

While RL has shown promise in improving the control
of PMSM drives, there are several drawbacks and
disadvantages to existing RL-based methods, including:

1. High computational requirements: RL algorithms can
require high computational resources, particularly
when using deep neural networks to approximate the
Q-function or policy. This can make RL-based
control methods impractical for real-time with limited
processing power or strict latency requirements[23].

2. Difficulty in generalizing to different operating
conditions: RL agents are trained on specific
operating conditions and may not generalize well to
new or unexpected conditions. This can lead to poor
performance or instability in the controlled system.
Ensuring that the RL agent is robust and able to
handle a range of operating conditions is an ongoing
challenge[5].

3. Sensitivity to hyperparameters: RL algorithms often
have many hyperparameters that need to be carefully
tuned to achieve good performance. This can be time-
consuming and requires expertise in RL methods,
making it difficult for non-experts to use RL in
practice[24].

4. Need for extensive training data: RL algorithms
require large amounts of training data to learn
effective control policies, particularly when using
deep neural networks. Collecting and annotating this
data can be expensive and time-consuming[25].

V. FUTURE PROSPECTIVE

The future direction of RL is likely to involve
advancements in areas such as Deep RL, Multi-Agent RL,
transfer learning, and explainable RL. These advancements
will enable agents to learn more complex behaviors, make
decisions based on more complex inputs, and improve trust
and transparency in their use[26]. In the context of PMSM
drives, RL-based control methods are ongoing research
area with some potential future directions:

1. Online Learning: Integrating online learning into RL-
based PMSM drives can enable the system to
continuously adapt to changing conditions and
variations in the motor's characteristics. Online
learning algorithms would allow the control policy to
be updated in real-time, ensuring better performance
and responsiveness to dynamic environments[27-29].



Transfer Learning: Applying transfer learning to RL-
based PMSM drives can enhance their efficiency and
reduce the training time for new control tasks. By
leveraging knowledge learned from previous motor
control tasks, the agent can start with a more informed
policy and fine-tune it for new drives, leading to faster
convergence and improved control performance[30].
Multi-Task Learning: RL-based PMSM drives can
benefit from multi-task learning, where the agent
learns to control multiple motors with different
characteristics simultaneously. This approach can
lead to better generalization and resource utilization,
as knowledge acquired from one task can be
leveraged to improve the performance in the related
tasks [31].

Explainable Reinforcement Learning: explainable RL
is an emerging focus in the development of RL-based
PMSM drives. It addresses the need for transparency
and interpretability in the decision-making process of
these systems. By making the actions and choices of
RL-controlled PMSM drives more understandable, it
enhances safety, trust, and compliance with
regulatory standards. It also aids in diagnosing issues,
improves human-robot collaboration, and facilitates
knowledge transfer, ensuring that these advanced
control systems are not only efficient but also
comprehensible  and  reliable in  practical
applications[32].

Hybrid Control Strategies: Combining RL-based
approaches with traditional control methods can
potentially address some of the drawbacks of pure RL
techniques. Hybrid strategies can offer stability
guarantees and better system understanding, while
RL can handle adaptability and optimization in non-
linear or uncertain motor control scenarios[33].

VI. CONCLUSION

RL-based control methods offer a promising solution to

address the challenges posed by uncertainties in PMSM
drives. RL agents can learn optimal control policies
through interaction with the environment, making them
robust to uncertainties and disturbances. However, there
are challenges that must be addressed when applying RL to
PMSM drives, such as the complexity of the control
problem and the difficulty of training RL algorithms in
real-time. Future research should focus on enhancing RL-
based control methods to optimize PMSM drive control
and improve system performance.
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