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Abstract— Induction machines (IM) are still widely used in
the industry due to their advantages, such as low maintenance
requirements and improved robustness. The field-oriented
control (FOC), direct torque control (DTC), and model
predictive control (MPC) techniques are used to control IM in
high-performance control applications. The common
disadvantage of these control techniques is that the control
performances are negatively affected by changes in machine
parameters, and machine parameters vary non-linearly
depending on the magnetic saturation and temperature. To
solve this negative affect, the control technique can be optimized
by using a parameter estimation methods. Another solution to
eliminate these negative effects is to design a reinforcement
learning (RL)-based controller that regulates the control
variables without the knowledge of machine parameters. In this
study, IM speed control is performed using a twin-delayed deep
deterministic policy gradient (TD3) agent. The dynamic and
steady-state performance of the designed controller are
compared with the traditional control techniques. Extensive
simulation results have shown that the dynamic and steady-
state performance of the designed controller is better than other
control techniques.

Keywords—Induction motor, parameter estimation, reinforcement
learning, TD3 agent

L INTRODUCTION

Nowadays, high-performance control of electric machines
is becoming increasingly popular as these machines are used
in transportation, industrial, and household applications. IMs
are one of these machines and are still widely used in these
applications due to their advantages, such as not having rare-
earth magnets in their rotors, being robust, having lower
maintenance requirements, and having cost-effective
production [1], [2]. In order to achieve high-performance
control of IM in the abovementioned applications, speed or
torque control must performed with control techniques such as
FOC, DTC, and MPC [3].

The two techniques have been used in high-performance
control applications of IM since the late 20™ century. One is
FOC, and the other is DTC [4], [5]. FOC is a linear control
strategy and uses linear controllers to generate reference
voltages. The motor then generates reference voltages by
switching the inverter using the space-vector pulse width
modulation (SVPWM) or sine pulse width modulation
(SPWM) technique. The system has a constant switching
frequency, and therefore the steady-state performance of the
system is good. However, the inner and outer controllers are
cascaded, so the system is complex. The coefficients of these
controllers are difficult to adjust. Also, these coefficients are
adjusted using machine parameters, and these machine
parameters vary depending on the magnetic saturation,
temperature, and skin effect [6], [7]. Controller coefficients
need to be readjusted due to changes in machine parameters.
In DTC, switching vectors are selected and applied to the
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inverter using a predefined look-up-table (LUT) without using
modulation block and inner linear controllers. The system has
a fast dynamic response due to these features. However, due
to the absence of the modulator block, the steady-state
performance of the system is poor. Also, the dynamic models
of the machine are used in the torque and flux estimators in
DTC. These dynamic models consist of motor parameters that
vary due to the magnetic saturation and temperature, as
mentioned before [8], [9]. The machine parameters must be
estimated to control the machine properly; these estimations
must be used in torque and flux estimators. After the discovery
of FOC and DTC technologies, research on non-linear
controllers increased with innovations in digital signal
processors (DSPs) technology in the early 21% century. One of
these non-linear controllers is the finite-control set model
predictive control (FCS-MPC) technique [10]. FCS-MPC
utilizes the discrete-time dynamic model of the system to
estimate the control variables for each feasible control input
and evaluates the cost function. For drive system applications,
the control variables are electromagnetic torque, rotor speed,
and stator currents. The control input that gives the minimum
cost value is selected and applied to the system [11]. FCS-
MPC technique is a promising control technique for drive
system applications due to fast dynamic response, simple
implementation, ability to control multi-variables using a cost
function, and inclusion of system non-linearities and
constraints via the discrete-time dynamic model of the system
[12]. However, the disadvantages of this technique are that due
to the absence of the modulator block, the system has a
variable switching frequency and, therefore, has a poor steady-
state performance [13]. One solution to this problem is to
decrease the sampling time of the system. However, this
increases the mathematical burden on the DSP [14]. Another
solution is to add a modulator block into the system. The
control technique using this solution is known as modulated
model predictive control (M?PC). This technique is indeed
improves the steady-state performance of the system
compared to FCS-MPC [15], [16]. However, since the
discrete-time dynamic equations are used in FCS-MPC and
M?2PC techniques, the performance of these control techniques
depends on the accuracy of the machine parameters as in FOC
and DTC techniques. Ignoring these parameter changes
adversely affects the performance of the control techniques.
This may even result in the machine not being controlled [17],
[18]. In order to solve the adverse effects of machine
parameter changes on control performance, in the literature,
there are parameter estimation methods in which the
parameters of IM are estimated using model reference
adaptive system (MRAS), recursive least squares (RLS), and
extended Kalman filter (EKF) methods. The estimated
machine parameters are then used to optimize the control
technique [19], [20], [21]. Another solution is to use RL, one
of the types of machine learning, as a control technique.
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RL-based methods solve the control problem in an entirely
data-driven manner. The block diagram of RL and the drive
system is given in Figure 1. In RL methods, agents, the
learning process is performed using a so-called reward
function. The agent interacts with the environment, that is,
everything except the RL agent, and takes action to maximize
the predefined reward function, according to the information
the agent obtains from the environment. Then, the agent
determines the optimal policy of the control technique based
on the actions the agent performs [22]. The environment for
the drive system application is the inverter and IM. The agent
interacts with the environment using signals from the inverter
and IM. In this study, the selected RL agent is TD3, which can
give continuous action output [23]. In the literature, a study
conducted in 2020 showed that the current control of
permanent magnet synchronous motor (PMSM) can be
achieved using an actor-critic-based RL agent [24]. In the
study in 2021, torque control of PMSM is performed in the
simulation environment using another RL agent, deep Q
learning (DQN). The results are compared with the FCS-
MPC-based controller, and it has been shown that the dynamic
and steady-state performances of the designed controller with
the DQN agent are better than the FCS-MPC-based controller
[25]. In [26], the speed control of IM is performed with the
TD3-based FOC. However, the TD3 agent does not replace
the inner controllers; the outer controller replaces the agent.
Thus, the agent is a g-axis reference current. In [27], four
different controllers, TD3-based, deep deterministic policy
gradient (DDPG), linear quadratic Gauss (LQG) based, and
BP network-based, are designed, and the speed control of
PMSM using these controllers is performed. Simulation
results show that the TD3-based controller gives better results
than other controllers in dynamic and steady-state.

In RL-based controllers, since the agent interacts with the
environment in a data-driven manner using only the signals it
receives from the environment, the controller is independent
of machine parameters [28]. The agent performs control
according to these parameter changes since the change of
machine parameters will affect the signals the agent receives
from the environment. In this study, IM speed control is
performed using a TD3-based controller. Proportional-integral
(PI) controller is chosen as the outer controller, and the TD3
agent is defined as the inner controller. It is assumed that the
parameters of the IM vary depending on the magnetic
saturation and temperature. According to this assumption, the
dynamic and steady-state performance of the controller with
the TD3 agent is compared with other control techniques,
FOC, FCS-MPC, and M2PC, through extensive simulations.
The simulation results have shown that the dynamic and
steady-state performance of the TD3-based controller is robust
against parameter changes depending on magnetic saturation
and temperature. In addition, it has been shown that the
dynamic and steady-state performance of the designed
controller gives better results than other control techniques.
The first part of this study presents a literature review of IM
and the control methods. In the second part, mathematical
expressions of the environment, which consist of the inverter
and IM, are given. In the third part, mathematical expressions
of the TD3 agent are presented. The fourth section shows the
simulation results of the control with the TD3 agent and
discusses the comparison results of this control with FOC,
FCS-MPC, and M?PC.
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Fig. 1. The block diagram of RL
II. SYSTEM MODEL

A. Voltage-source inverter model

This section gives mathematical expressions of the
environment in which the agent interacts. For this reason, the
three-phase two-level voltage source inverter (VSI), whose
circuit schematic is shown in Figure 2, is used as a power
converter in the system. The VSI is assumed to be ideal and in
a balanced load state. The phase-to-neutral voltages of phases
A,B,C, respectively, of the inverter are given in (1) [29].

VAn V, 2 -1 —1] 51
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Ven =3 -1 2 —-1{[Ss (1
Ven -1 -1 211lSs

where switch position S; € {0,1}.
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Fig. 2. A voltage-source inverter connected to IM

B. Dynamic Model of Induction Motor
In this study, the dynamic model of the IM in rotor flux
orientation is used. Park transformations are applied to three-

phase stator currents, and the d-¢ axis stator currents are given
in (2)-(3) [30].
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where vy, Vg, are d-g axis stator voltages, 54, [sqare dg- axis
currets, Y,q,Ppq are d-q axis rotor fluxes, Lg, Ly, Ly, are
stator, rotor and mutual inductances respectively, 7, = L,./R,
is rotor time constant, ¢ = (L,.Lg — L%,)/L,Lg is leakage
constant, w, is synchronous angular speed, w, = Pw,, is
electrical angular speed where P is the machine pole pair
number, and w,, is mechanical angular speed. The dynamic
expressions of rotor fluxes with respect to d-g axis are given
in (4)-(5), and electromagnetic torque expression is given in

(6).
dlprcl _ Lm . l/Jrcl

dt - led - T, + (wg - we)lprq (4)
dlprq Ly, lprq
dt = leq - T, - (wg - we)lprd (5)
3PL, . .
T, = 7? (lprdlsq - qulsd) (6)

In rotor flux orientation, the magnitude of the rotor flux
vector is aligned with the d-axis rotor flux. This gives i, =
di,q/dt = 0 in steady-state. The slip angular speed can be
found by writing this term into (5) [30].

L .
Trlp‘rd lsq (7)
By writing the ¥, = di,.;/dt = 0 into (4), field-orientation is
completed. This way, the rotor flux value becomes
proportional to the d-axis current, as given in (8). Thus, the
flux desired to be produced in the rotor can be controlled by
isq-

wlewg—(ue=

isa = f”i ®)

Electromagnetic torque expression given in (6) becomes as
given in (9) with the completion of rotor flux orientation.
Thus, electromagnetic torque becomes proportional to g- axis.
Using rotor flux orientation, IM can be controlled as a
seperatly-exicted direct current (DC) motor.

T, = Ktisq 9
Kt — Emerd

=5 is the torque constant. Thus, the electromagnetic

torque of IM can be controlled by i,,. In the next section, the
operating logic and the mathematical expressions of the TD3
agent will be given.

III. FUNDAMENTALS OF TD3 AGENT

TD3 is one of the deep RL methods, an extension of the
DDPG agent. DDPG and TD3 agents are actor-critic-based
agents. Because they are director-critic based, these agents can
handle continuous-action problems that other RL agents, such
as DQN, cannot [31]. In order to give mathematical
expressions of TD3, the mathematical expressions of the DQN
agent must first be given. DQN agent is a critic-based agent-
based on the Bellman equation given in (10) [25].

Ik = q(0, ar) = E{Ry11 +¥q(Ops1, Ais1) | Ok
= 0, A = @i}

The Bellman equation gives the possible Q value of acting
an action in an environment. Using neural networks, the DQN
agent selects the action that offers the maximum Q value and
applies it to the environment. For the neural network to learn,

(10)

the weights of the neural network must be updated. For this
reason, the weights of the created neural network, which gy
represents the neural network, and 6 represents the weights of
the neural network, which is updated using the so-called loss
function, which is the mean squared error minimization
problem given in (11) [32].

B
1
Lo = EZ Ri+1
k=1
max
+ yak+1q9,target (0k+1' ak+1) (11)

2
- %(Oki ak))

where B is the mini-batch size. qg qrgec is the target neural
network and it is the same with gg. The critic networks of
DDPG and TD3 agents are the same as the DQN agent.
However, while the DDPG agent uses a single critic network,
the TD3 agent uses a double critic network. Thus, by choosing
the smaller Q value, the overestimation problem in the DDPG
agent is solved [33]. In the TD3 agent, the actor uses the policy
gradient approach to create a policy that consists of continuous
actions. The policy gradient approach is given in (12)-(13)
[34].

Vgn](ﬂ.’) = E[VaQ(Ok. ak|00)|a=ﬂ?(ok) (12)
. Vgnﬂ.'(oklen)]

Jievr = Jik = V] 13)
where 7 is the learning rate. Then, the critic network uses the
temporal difference approach to calculate the value of the
policy created by the actor. Weight updates for the actor target
network and critic target network can be done using (15)-(16)
[35].

QTtarget «— (1 — p)gntarget + pgﬂ' (14)

tharget — (1 _ p)tharget + p@Q (15)
where p is the target smoothing factor. The same
mathematical expression given in DQN is used to update the
critic network in TD3. The actor-network modifies the policy
based on the value the critic network determines. The agent
selects the optimum action that maximizes the cumulative
reward. Then, this action is applied to the environment. Fig. 3
shows the designed TD3 agent-based drive system. As can be
seen in Figure 3, the inner control loop is the TD3 agent, and
the outer control loop is the PI controller. The observation
vector, which consists of the signals that the agent interacts
with the environment, is chosen as given in (16). Due to the
nature of neural networks, normalization must be applied to
these signals.

O = [Idref’ I‘Zref' Id' IQ' Iderror' I‘Zerror‘ (‘)refﬁ W ] (16)

As the agent interacts with the environment using (16), it
creates a policy consisting of actions that maximize the reward
function given in (17). The reward function is designed
similarly to the cost function in the FCS-MPC technique.

Ry =— (C1|Icl,ref - Icl|2 + C2|Iq,ref - Iq

+ C3ak—1)

|2

a7
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Fig. 3. Block diagram of the designed control system

Reference d-g axis voltages were selected as the action to be
taken by the agent. The optimum switching vectors are
generated using the SVPWM technique and applied to the
switches in the inverter. Thus, the reference voltage value
produced at the output of the TD3 agent is produced in the
machine.

IV. SIMULATION RESULTS

The speed control of IM using the TD3 agent is performed
in a Matlab© environment. First, the simulation results of
controlling IM with the TD3 agent, whose parameters have
been changed, are given. Then, the dynamic and steady-state
results of the agent are compared with FOC, FCS-MPC, and
M?2PC techniques. The simulation parameters are presented in
Table I.

Table 1. Simulation Parameters

Parameter Description Values
Vbe DC bus voltage 150 V
P Number of pole pairs 2
T, Nominal torque 7.5 Nm
L Mutual inductance 442 3 mH
Li Stator leakage inductance 10.145 mH
Ly, Rotor leakage inductance 10.061 mH
R, Stator resistance 3919Q
R, Rotor resistance 49618 Q
Ts Sampling time 100 ps
B Mini-batch size 512
D Buffer length 2 x 106
y Discount factor 0.995
p Target smoothing factor 0.005
n Learn rate 1x10°8
K Number of episodes 1500

The simulation time is set to t=6 s, and the simulation
scenarios are the same for all simulations. At t=0-1.5 s, the
reference speed is set to =300 rpm, and the load torque is
set to Tr=1.5 Nm. During this period, the parameters of the
machine are kept at their nominal values, as given in Table 1.
At t=1.5 s, the reference speed of the machine is increased to
®rer=500 rpm. Thus, the performance of the control system to
the step increase in speed is examined. Considering that the
temperature of the motor is increased at t=2.5 s, the rotor
resistance (R;) is reduced by %50 from its nominal value by
using a step function [36]. At t=4 s, the load torque is increased
to Tr=2.5 Nm. Thus, the response of the system to the load
step is examined. As a result of magnetic saturation at t=5 s,
the mutual inductance (L) is increased by %30 from its
nominal value using the step function [36]. The simulation
results are shown in Figure 4.

) ®

©@

©

Fig. 4. Results of the designed control system: a) Rotor speed, b)
Electromagnetic torque, ¢) Phase currents, d) Zoom-in
phase currents, ¢) Normalized d-q axis currents

As can be seen in Figure 4, the control system reaches the
reference speed value of w=300 rpm in ~0.5 s, without any
unwanted undershoot or overshoot at the start-up. As the outer
PI controller adjusts the loading torque as a result of the speed
error, the electromagnetic torque produced by the machine is
equal to the load torque of Tr=1.5 Nm in ~0.5 s, and then the
system becomes steady-state. When speed step increase is
demanded at t=1.5 s, the TD3 agent increases the frequencies
of the phase currents, and the system reaches the new
reference speed value of =500 rpm in ~0.5 s without
overshoot and undershoot. At t=2.5 s, due to the decrease in
R: due to the temperature increase of the machine, there is an
oscillation in speed and, therefore, in torque. After an
undershoot of ~10 rpm, the agent increases the magnitude of
the phase currents, and the system becomes steady-state in
~0.35 s. As a result of the step increase in the load torque at
t=4 s, there is a ~9 rpm decrease in the speed of the machine.
However, by adjusting the new reference torque value, the
outer loop PI controller quickly reacts to the decrease. Then,
the TD3 agent adjusts the current magnitudes according to this
new reference torque value of Ty=2.5 Nm. Due to the increase
in Ly, at t=5 s, there are very small oscillations in the speed and
electromagnetic torque of the system that would not affect the
system. d-g axis reference currents that change depending on
this increase in the system. The d- axis current increased, and
the ¢- axis current decreased due to this increase. Overall, the
designed control system with TD3 agent is robust against
parameter changes, and the dynamic and steady-state
performance of the system is good against step changes in load
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torque and speed. The performance of the control system
designed with the TD3 agent is compared with FOC, FCS-
MPC, and M?PC techniques in terms of speed,
electromagnetic torque, stator phase A current magnitude, and
total harmonic distortion (THD) as given in Figure 5, Table 2
and Table 3, respectively. The sampling time of FCS-MPC is
chosen as T¢=50 ps, and for other techniques, the sampling
time is selected as Ts=100 ps.

Electromagnetic Torque

[ —

9
8
7
6

-\ i

Torque (Nm)

0 1 2 3 4 5 6
Time (s)
(@)
Rotor Speed

Time (s)
(®)

Fig. 5. Performance comparison of different control techniques; a)
Electromagnetic torque, b) Rotor speed

As shown in Figure 5, there is no unwanted overshoot or
undershoot in any of the speed responses of the control
techniques at the start-up. The settling times of FCS-MPC and
FOC techniques are the fastest and closest to each other. Next
comes the TD3 agent with a difference of ~0.3 s, and finally,
the M?PC technique. The same comment is made for the
electromagnetic torque responses of control systems at the
start-up. When the reference speed is increased to mr=500
rpm, it can be seen that there is a ~10 rpm overshoot in the
speed responses of the control systems with FCS-MPC and
FOC techniques. Also, there is an undershoot in the
electromagnetic torque responses of these control systems.
There is no overshoot or undershoot in the speed and torque
responses of control systems with the TD3 agent and M?PC
technique. The settling time of the control system designed
with the TD3 agent is ~0.3 s slower than the control systems
with FOC and FCS-MPC techniques. However, as an
advantage, there is no unwanted undershoot or overshoot in
the speed and electromagnetic torque responses of the control
system designed with the TD3 agent. When R; is decreased
depending on temperature, it can be seen in Figure 5 that the
control system with the lowest overshoot-undershoot and
fastest response is the control system designed with the TD3
agent. When the load torque increased to Ti=2.5 Nm, the
system with the lowest undershoot in speed response is the
control system with the TD3 agent. In addition, the control
system with the TD3 agent shows the fastest response in speed
and electromagnetic torque responses. In control systems with
FOC and FCS-MPC techniques, it can be seen that there is
undershoot and overshoot in the speed responses when the
load torque is increased. When L, is increased depending on
the magnetic saturation, the responses of the control systems
are almost the same. When comparing the THD of control
techniques, it is necessary to look at Table 2 and the current

magnitudes of the stator phase A given in Table 3. It can be
seen from Table 2 and Table 3, the current drawn by the
machine in the control system with TD3 agent is lower than
other techniques. Also, at both electromagnetic torque values,
the phase A current THD value of the TD3 agent is only %0.02
greater than the M?PC technique. At the same current
magnitudes, one can say that the THD value of the TD3 agent
will be lower than other techniques. The TD3 agent draws
lower current at the same electromagnetic torque values,
making the control system more efficient than other
techniques. Overall, the control system designed with TD3
agent shows better performance in dynamic and steady-state

than other techniques.
Table I1. Comparison Results in terms of THD

Electromagnetic Torque 1.5 Nm 2.5Nm
Control Technique (t=3.85) (t=5.8 5)
FCS-MPC %2.25 %1.32
M?PC %0.58 %0.39
FOC %0.58 %0.5
TD3 %0.6 9%0.41

Table I11. Comparison Results in terms of magnitude of Phase Current A

Electromagnetic Torque 1.5 Nm 2.5 Nm
Control Technique (t=3.8s) | (t=5.85)
FCS-MPC 328 A 545 A

M?PC 3.265 A 542 A

FOC 327A 542 A

TD3 3.125 A 522 A

V.  CONCLUSION
In this study, firstly, the dynamic and steady-state control
performances of the TD3 agent against varying machine
parameters were examined. Secondly, the control performance
when the machine parameters vary of the TD3 agent was
compared with FOC, FCS-MPC, and M?PC. Extensive
simulation results have shown that the control system
designed with the TD3 agent was robust according to varying
machine parameters. Also, it has been shown that the dynamic
and steady-state performance of the TD3 agent was more
robust than other control techniques, that it did not cause any
undesirable overshoots and undershoots, and that the system
response was faster. In summary, the dynamic and steady-state
performance of the TD3 agent-based controller is better than
the other techniques. Moreover, the machine draws a lower
current in the control system with the TD3 agent; thus, it is
evident that the control system is more efficient than the other

techniques.
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