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Abstract— Induction machines (IM) have been used daily 

since the 19th century. The induction machine should be 

effectively controlled to achieve high performance. Since the 

late 20th century and 21st century, field-oriented control (FOC), 

direct torque control (DTC), and model predictive control 

(MPC) techniques have been used in high-performance control 

applications. However, these techniques are dependent on the 

motor parameters and inverter model. These parameters 

change non-linearly depending on magnetic saturation, 

temperature, and operating point which negatively affects the 

performance of the system. In order to eliminate the negative 

effects of parameter changes, reinforcement learning (RL)-

based methods have become increasingly popular in the 

literature in recent years. In this study, for the first time, the 

speed control of IM is performed using TD3 agent, which is one 

of the RL-based methods. The dynamic and steady-state 

performance of the control system designed with the TD3 agent 

is compared with the traditional FOC technique. Extensive 

simulation results have shown the robustness of the proposed 

drive system. 

Keywords—Induction motor, model predictive control, 

reinforcement learning, TD3 agent 

I. INTRODUCTION  

IMs are very popular in electric vehicles like Tesla Model 
S and Audi E-tron S, and industrial and household applications 
because of their high reliability due to the absence of magnets 
in their rotors, low maintenance costs, and cheaper compared 
to the permanent magnet synchronous machines (PMSMs) 
[1], [2]. The machine must have high efficiency and a wide 
operating range in previously mentioned applications. 
Therefore, the control of the machine must be performed with 
modern control techniques such as FOC, DTC, and MPC [3].  

FOC and DTC were discovered by F. Blaschke and 
Takahashi&Noguchi in 1972 and 1986, respectively [4], [5]. 
In FOC, the torque and flux components of the machine are 
controlled indirectly using dq- axis currents. However, in 
DTC, the torque and flux components of the machine are 
controlled directly by estimating the torque and flux produced 
by the machine using an estimator [6], [7]. The advantages of 
the FOC are that the system has a constant switching 
frequency and good steady-state response due to modulators 
such as sine pulse width modulation (SPWM) and space-
vector PWM (SVPWM). The advantages of DTC however, 
this technique is easier to apply than FOC and the dynamic 
response of the system is faster due to direct control of the 
torque and the flux of the machine [8], [9]. However, the 
disadvantages of the FOC are that the system has a slow 
dynamic response due to the indirect control of the torque and 
the flux of the machine, the inner and outer controller 
coefficients are complex to adjust, and these coefficients vary 
when the machine parameters are changed due to magnetic 
saturation and temperature. Disadvantages of the other 
technique, DTC are that the system has a variable switching 
frequency due to the absence of a modulator block, and the 
current or voltage observer used in the system is dependent on 

the machine parameters [10], [11]. The discovery of FOC and 
DTC coincided with the period when digital signal processor 
technology was not as widespread as it is today. However, in 
recent years, the application of control techniques used in 
different fields for motor controllers has been opened due to 
developments in digital signal processor technology. One of 
these control techniques is finite-control set model predictive 
control (FCS-MPC), and this control technique has been 
successfully applied to power electronics and motor 
controllers in recent years [12]–[14]. FCS-MPC uses the 
discrete-time model of the system to predict the state variables 
for all system inputs. These estimated state variables are 
evaluated with their references in the cost function to find the 
optimum input to be applied to the system [15]. Among the 
advantages of this method are that it is easy to use, multi-
variable control can be performed via cost function, the 
dynamic response of the system is fast due to the absence of 
the modulator block, non-linearities and system constraints 
can be included via the discrete-time mathematical model of 
the system [16]. However, the disadvantage of this technique 
is that the system has no modulator block. Thus, the same 
voltage vector is applied to the inverter at consecutive 
sampling times. This reduces the steady-state performance of 
the system [17]. This drawback can be eliminated by 
decreasing the sampling time of the system. However, this 
increases the mathematical burden on the controller [18]. 
Another method to eliminate this drawback is to include a 
modulator block. The technique that combines the FCS-MPC 
and modulator block is called the modulated model predictive 
control (M2PC) [19]. M2PC has improved the steady-state 
performance of the system, and it has been shown extensively 
in studies in the literature [20]–[22]. However, the machine 
models are used in the previously mentioned control 
techniques. The machine model contains non-linear 
parameters depending on the magnetic saturation, 
temperature, and operating region [23]. If the machine model 
and parameters are not defined correctly in these control 
techniques, this may cause the system not to work properly 
[24], [25].  As an alternative solution to the previously 
mentioned problems, the current control of PMSM was 
performed for the first time in 2020 with actor-critic based 
deep machine learning, one of the reinforcement learning 
methods [26].  

RL is a subcategory of machine learning that aims to solve 
various decision-making and control problems in a data-
driven manner. In order to perform the learning process, a 
reward function similar to the cost function in FCS-MPC must 
be defined. Then, the learning process is completed, unlike 
FCS-MPC, when the reinforcement learning agent interacts 
with the environment around it, learns the control actions that 
maximize the defined reward function, and creates optimal 
policy according to these actions [27]. In RL, an agent is 
referred to by the selected RL method, and the policy relates 
to the control technique created by the agent after the training. 
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RL methods can be divided into two categories depending on 
the control action. The first category is the continuous set, in 
which the control actions consist of continuous signals, and 
the second is the discrete set, in which the control actions 
consist of discrete signals. Deep deterministic policy gradient 
(DDPG) and twin delay deep deterministic policy gradient 
(TD3) are the example agents for the first category, and deep-
Q network (DQN) is the example agent for the second 
category [28]. For motor control applications, the environment 
in which the agent interacts is the inverter and electric motor, 
and the agent interacts with the environment using the signals 
received from the inverter and the electric motor. The agent 
interacts with the signals coming from the environment during 
training and learns the control process, which consists of 
optimal control actions with the help of the reward function 
and creates optimal policy [29].  The control technique based 
on the DDPG agent has been compared to MPC and FOC 
techniques [30]. For the first time in 2021, torque control of 
PMSM is performed using a DQN agent in simulation, and the 
agent performance has been compared with the MPC-DTC 
technique in the constant torque and constant speed regions. It 
has been shown that the dynamic and steady-state 
performance of the designed agent is better than FCS-MPC 
[31]. In 2022, the speed control of PMSM is performed using 
a DDPG agent. The speed and current controllers replace the 
agent in the FOC, and the performances are compared. 
Although both controllers show similar results in steady-state, 
the dynamic response of the controller designed with the 
DDPG agent is better [32]. The speed control of PMSM is 
performed in a simulation environment using an FCS-MPC 
based DQN agent. The mathematical burden on the 
microcontroller of the designed controller and the FCS-MPC 
technique is compared with each other. It was shown that the 
designed controller reduced the mathematical burden on the 
microcontroller by %24.8 [33]. In , dq-axis inductances, stator 
resistance and permanent magnet flux linkage of PMSM are 
estimated using offline deep neural network method. The 
performance of the created network is compared with different 
online parameter estimation techniques. 

According to the aforementioned informations, the agent 
incorporates the non-linearities of the inverter and the electric 
motor into the control by interacting with the signals it 
receives from the environment during the learning process. 
Hence, the most important advantage of RL-based control is 
that it is model-independent, as the agent and the environment 
interact directly in a data-driven manner [30]. In this study, the 
speed control of IM with the TD3 agent is performed for the 
first time in a simulation environment. Inner PI controllers are 
replaced with TD3 agent. The dynamic and steady-state 
performances of the designed agent are compared with the 
FOC-based controller. Extensive simulation results have 
shown that the dynamic and steady-state performance of the 
designed agent is better than the FOC. In the introduction, 
which is the first part of this study, a literature review of the 
control methods of IM is given. In the second part, 
mathematical models of the electric motor and inverter and the 
environment the agent will interact with are given. In the third 
part, mathematical expressions of the TD3 agent used as a 
control technique in this study are given. The fourth section 
provides the control with results with the TD3 agent and 
compares this control with FOC. 

 
Fig. 1. A voltage-source inverter connected to IM 

II. ENVIRONMENT 

A. Voltage-source inverter model 

Fig. 1. shows the three-phase two-level voltage source 
inverter (VSI) fed IM. This study uses an ideal inverter, and 
the VSI is assumed to be in a balanced load state. The phase-
to-neutral voltages of phases A,B,C, respectively of the 
inverter are given in (1) [34]. 

����������
� � �	�3 � 2�1�1  �12�1  �1�12 � �������

� (1)

where switch position Sj ϵ {0,1}.  

B. IM Model 

This study gives a dynamic model of the IM in dq-axis 
reference frame where Park transforms are applied to three-
phase stator currents. The stator currents of the machine in dq- 
axis are given in (2)-(3) [35].  

������ � � ���� � ��� ��⁄ ���� ��� � !"��#
� ���� ���� $�� � %�� ��
� �� ���� !&$�#  

(2)

���#�� � � ���� � ��� ��⁄ ���� ��# � !"���
� ���� ���� $�# � %�# ��
� �� ���� !&$�� 

(3)

where %�� , %�#  are dq- axis stator voltages, ��� , ��#are dq- axis 
currets, $�� , $�#  are dq- axis rotor fluxes, ��, �� , ��  are 
stator, rotor and mutual inductances respectively, �� � �� ��⁄  
is rotor time constant,  � (���� � ��� ) ����⁄  is leakage 
constant, !"  is synchronous angular speed, !& � *!�  is 
electrical angular speed where P is machine pole pair number 
and !�  is mechanical angular speed. The dynamic 
expressions of rotor fluxes with respect to dq- axis are given 
in (4)-(5), and electromagnetic torque expression is given in 
(6). 

�$���� � ���� ��� � $���� � +!" � !&,$�# (4)
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�$�#�� � ���� ��# � $�#�� � +!" � !&,$��  (5) 

 

-& � 3*2 ���� +$����# � $�#���, (6) 

Rotor flux orientation is one of the field-orientation 
techniques. In this technique, the rotor flux vector is aligned 
with the d- axis rotor flux, and this ensures $�# � �$�# ��⁄ �0 in steady-state. If this term is written into (5), the slip angular 
speed is obtained as given in (7) [15]. 

!�/ � !" � !& � ����$�� ��#  (7) 

Field-orientation is achieved by writing the expression $�# � �$�# ��⁄ � 0 into (4). Thus, the flux values desired to be 
produced in the rotor can be obtained with the d- axis current 
as given in (8).  

��� � $����  (8) 

With the completion of rotor flux orientation, the 
electromagnetic torque expression given in (6) simplifies as 
given in (9). Electromagnetic torque becomes proportional to 
q- axis current, which is the torque-producing current 
component. 

-& � 01��#  (9) 

01 � �2
�

3456736  is the torque constant. Thus, using (9), the 

reference electromagnetic torque value is controlled by ��# . 
After expressing the mathematical model of the environment 
in which the agent will interact, the mathematical model of the 
TD3 agent will be given in the next section. 

III. TD3 AGENT 

TD3 is one of the RL methods, and RL can be defined as 
the problem of learning how to best behave in the environment 
using the trial-error approach. In RL, the agent interacts with 
the environment and discovers the action that will receive the 
highest cumulative reward instead of telling the agent which 
action to perform [36]. In the steps of an RL algorithm, the 
agent examines the current state of the environment, sk, based 
on the observations the agent receives from the environment, 
ok, in time step k, and performs an action, ak, based on this 
interaction. The agent determines the state of the environment 
based on the observations it receives from the environment. 
The agent receives a reward, Rk+1, based on its action. If the 
action performed by the agent is an action that brings the 
environment closer to the desired value, the agent receives a 
positive reward; otherwise, the agent receives a negative 
reward. After receiving the reward based on the action 
performed, the agent moves to the next state, sk+1. The agent 
creates an optimum policy, 8∗, according to these steps, and 
this 8∗ acts as a controller. The first expression that the agent 
uses to find the optimum policy is the Bellman Equation given 
in (10) [31]. 

:; � <(=; , >;) � ?@�;A� � B<(C;A�, D;A�) | C;� =; , D; � >;F 
(10) 

where :;  is cumulative reward, ?[∙] is the expected value, <(=; , >;) is Q value, and B is the discount factor. Using (10), 
Q value is calculated iteratively using the immediate reward 
and discounted future Q values. The resulting Q value 
represents the state-action pair. The optimum action can be 

defined as the action that will give the maximum Q value as 
given in (11) [23].  

>∗ � arg M>N>;A� <(=; , >;A�) (11)

Where >∗  is the optimum action. The agent creates the 
optimum policy by mapping the optimum actions according to 
the state of the environment. This is called Q-learning. 
However, due to the non-linearities of the system and reward 
behavior, it is challenging to map every state action 
corresponding to each state. To overcome this issue, the neural 
network, which <OP   represents the neural network and Q 
represents the weights of the neural network, can be combined 
with Q-learning. This is called DQN agent [37]. In DQN, the 
action that gives the maximum Q value is applied to the 
environment. In order to update the weights of the neural 
network, the loss function given in (12) is used. This 
expression is a mean square error function and <∗R (=; , >;) is 
the optimum Q value [31].  

�S � 1|T| U VW�;A�
�

;X�
� BM>N>;A�<O,1Y�"&1Z (=;A�, >;A�)[
� <OP(=; , >;)\

�
 

(12)

where B is the mini-batch size. <O,1Y�"&1Z  represents the target 
neural network, which is the same with <OP. DQN agent is a 
critic-based agent since only the Q values of the actions are 
estimated. TD3 is an actor-critic-based agent. Therefore, in the 
TD3 agent, in addition to the critic network, there is another 
neural network called actor. Thanks to being an actor-critic, 
actions can be continuously taken at the output of the agent. 
The actor creates a policy with continuous actions using the 
policy gradient approach that is given in (13)-(14) [38]. 

∇O^_(8) � ?`∇Ya(=; , >;|QS)|YXb(cd)∙ ∇O^8(=;|Qb)e 

(13)

_;A� � _; � f∇_; (14)
where f is the learning rate. The critic calculates the policy 
value created by the actor with the temporal difference 
approach. There are two critical networks in TD3, also called 
wthe double Q network. These two critic networks reduce the 
overestimation problem of other actor-critic-based agents, and 
the critic evaluates the actor’s policy with a delay [39].  There 
are two target Q networks since there are two Q networks in 
TD3 agent. There is also one target network for the policy 
network. Weight updates for these target networks can be done 
using (15)-(16) [40]. 

Qbgh6ijg ⟵ (1 � l)Qbgh6ijg � lQb
 (15)QSgh6ijg ⟵ (1 � l)QSgh6ijg � lQS
 (16)

where l  is the target smoothing factor. The same 
mathematical expression given in DQN is used to update the 
critic network in TD3. The actor updates the policy according 
to the value calculated by the critic. Then, the optimal action 
that maximizes cumulative reward is selected and applied to 
the environment. The developed drive system with TD3 agent 
and block diagram of TD3 agent are given in Figure 2 and 
Figure 3, respectively. 
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Fig. 2. Block diagram of the drive system with TD3 agent

 

Fig. 3. Block diagram of TD3 agent [40] 

The block diagram of the drive system with the TD3 agent 
is given in Figure 3. As can be seen from Figure 3, the inner 
PI controllers in the FOC technique have been replaced by 
TD3 agents. The normalized observation vector of the control 
system is given in (17). 

=; � mn�6jo , n#6jo , n� , n# , n�j66p6 , n#j66p6 , !�&q , !�  r (17) 

Using the observation vector given in (17), the agent 
creates the policy that will maximize the reward function 
given in (18). The reward function is similar to the cost 
function in FCS-MPC. 

�; � � st�un�,�&q � n�u� � t�un#,�&q � n#u�

� t�>;v�w 

(18) 

The action at the output of the TD3 agent is set as reference 
dq- axis voltages as in FOC. The optimal switching vectors are 
applied to the inverter using space vector pulse width 
modulation (SVPWM) so that the reference voltages 
generated in the output of the TD3 agent can be produced in 
IM. Hence, the system has a constant switching frequency.  

IV. SIMULATION RESULTS 

The drive system given in Figure 3 is developed in 
simulation, and speed control of IM is performed with a TD3 
agent. First, the simulation results with the TD3 agent are 
given. Afterwards, the dynamic and steady-state results of the 
agent are compared with the FOC technique. Parameters of the 
IM and the inverter used in the simulations and 
hyperparameters of the TD3 agent are given in Table 1. 

Table I. SIMULATION PARAMETERS 
Parameter Description Values 

VDC DC bus voltage 150 V 
P Number of pole pairs 2 
Te Nominal torque 7.5 Nm 
Lm Mutual inductance 442.3 mH 
Lls Stator leakage inductance 10.145 mH 
Llr Rotor leakage inductance 10.061 mH 
Rs Stator resistance 3.919 Ω 
Rr Rotor resistance 4.9618 Ω 

Ts Sampling time 100 μs 
fa,c Critic-actor activation function ReluLayer 
B Mini-batch size 512 
D Buffer length 2 x 10y B Discount factor 0.995 l Target smoothing factor 0.005 f Learn rate 1 x 10v� 
K Number of episodes 1500 

ωref=500 rpm, and the demanded electromagnetic torque from 
the machine is set to TL=1.5 Nm between t=0-2 seconds. At 
t=2 s, the reference speed is increased to ωref=750 rpm, and the 
demanded electromagnetic torque is kept the same until t=3 s. 
At t=3 s, the demanded electromagnetic torque from the 
machine is increased by %100 to TL=3 Nm. The dynamic and 
steady-state performances of the TD3 agent are evaluated by 
applying step changes for speed and electromagnetic torque. 
TD3 agent is trained for K=1500 training steps by creating the 
environment according to the information. The agent with the 
highest average reward is the optimum agent and, therefore, 
the controller. The simulation results are presented in Fig. 4. 
When the system operates under the transient conditions at the 
time interval t=0-0.5 s, there is no overshoot in rotor speed. As 
shown in Figure 4, the drive system controlled by the TD3 
agent reaches the reference speed of ωref=500 rpm and an 
electromagnetic torque of Te=1.5 Nm in ~0.5 s, and then the 
system becomes the steady-state. At ωref=500 rpm and Te=1.5 
Nm torque, total harmonic distortion (THD) of the phase A 
current is %1.36 which is quite good. When the speed step is 
applied to the system at t=2 s, and the speed command is 
increased to ωref=750 rpm, TD3 agent reacts to this increase 
by increasing the frequency of phase currents. As seen in 
Figure 4, the system's settling time is ~0.5 s, and there is no 
overshoot in the system's dynamic response. When the 
demanded torque value of the system is increased from Te=1.5 
Nm to Te=3 Nm in t=3 s, the TD3 agent responds to this step 
change by adjusting the phase currents magnitudes. There is a 
slight decrease in the speed of the motor in response to this 
increase in torque. However, the outer PI controller changed 
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the reference torque value, and the agent adjust the magnitude 
of the currents. Then, the speed rapidly reached the reference 
value ωref=750 rpm. When the system operates at these 
reference values, the THD of phase A current is %0.63, which 
is significantly low. In summary, the dynamic response of the 
drive system using the TD3 agent at different speeds and 
torque steps is fast, and there is no overshoot. In the steady-
state response of the system, the THD of the phase currents 
and the ripple in electromagnetic torque are very low, as can 
be seen in Figure 4. These responses increase the power 
quality of the system and extend the life of the motor.  

 

Fig. 4. Results of the drive system with TD3 agent; a) Rotor speed, 
b) Electromagnetic torque, c) Phase currents, d) Zoom-in 
phase currents, e) dq- axis currents 

The speed control of IM with the TD3 agent has been 
successfully performed in the simulation environment. In 
Figure 5, the dynamic and steady-state response of the drive 
system with the TD3 agent are compared with the FOC 
technique. The scenario in the simulation performed with the 
FOC technique is the same as that in the simulation performed 
with the TD3 agent. The settling time of the motor for both 
techniques is ~0.5 s at the start-up, and there is no overshoot. 
THD of the motor phase A current is %1.14 in the FOC 
technique. The FOC technique has a small overshoot when the 
speed step is applied. Although the TD3 agent reaches the 
reference speed value later than the FOC technique, there is no 
unwanted overshoot.  When the torque step is applied, there is 
a smaller decrease in motor speed for the drive system using 
the TD3 agent compared to the FOC technique. In addition, 
the overshoot in the electromagnetic torque is greater, and the 
system reaches the reference speed, while torque values are 
slower in the FOC technique. At this torque, the THD of the 
phase A current is %0.74 and is greater compared to the drive 
system using the TD3 agent. THD comparison of controllers 
are summarized in Table 2. The drive system with TD3 agent 
gives better results than the FOC technique in overshoot and 
steady-state performance at higher torque values.  

Table II. THD Comparison 
Control 

Technique 
Torque (Nm) THD (%) 

TD3 1.5 / 3 1.36 / 0.63 
FOC 1.5 / 3 1.14 / 0.74 

 

V. CONCLUSION 
In this study, speed control of IM has been performed in a 

simulation environment with a TD3 agent, which is one of the 
RL methods. The designed TD3 agent was trained in an 
entirely data-driven manner and independent of system 
parameters, and the agent with the highest average reward was 
selected as the controller with the optimum policy. It has been 
shown through extensive simulation results that the agent can 
successfully control the system when the speed and the torque 
steps were applied. Comparisons of the designed drive system 
with the FOC technique have shown that the designed system 
gives better results than the FOC technique in terms of 
overshoot when the speed step is applied. When the torque 
step is applied, it has been shown that the system gives better 
overshoot and settling time results than the FOC technique. 
Thus, it has been shown that motor control can be performed 
independently of parameters with RL-based methods. 

 

Fig. 5. TD3 agent and FOC comparison; a) Rotor speed, b) 
Electromagnetic torque 
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