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Abstract—In this paper, we have tried to reduce the
induction motor losses by controlling the magnetic currents
in different torque loads. Reinforcement learning is a
method where an agent considers the environment state
chooses one action among all possible actions, and the
environment returns a numerical signal as a reward for
that action. The agent aims at finding a policy by trial-anderror method to reach the maximum sum of rewards. The
main proposed idea of this paper is implementing QLearning algorithm to find the optimal action in every state
of the environment. In this method, quantized amounts of
electromagnetic Torque and motor speed are considered as
states, and magnetic current is considered as action.
Simulation results shows that this method can reduce the
power loss about 50% in comparison with the standard
driver of motor (FOC) when the motor works in low loads. 
Index
Terms—reinforcement
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I.

what to do, but it tries the possible actions and discovers
the action with maximum reward [6]. One of the
reinforcement learning methods with a simple
implementation is Q-Learning method, which was
presented in 1989 by Watkins [7]. This algorithm is used
by the agent to learn through experience or training.
Every repetition equals a training course. The aim of
training is to create the brain of the agent, which is
displayed by Q matrix. More training will lead to a better
Q matrix that can be used by the agent to move in the
optimal direction. This way, by having a Q matrix, the
agent can choose the best state by referring to the state
matrix and selecting the maximum choice, rather than
doing a lot of exploration and searching [6]. In this paper
we have focused on controlling induction motor drive.
To designate this system, it is assumed that the agent has
no information about the drive system. On the other hand,
here we have assumed that the agent can collect states
and actions of the system during the real behavior of the
motor. Learning through interaction with real system has
some advantages such as:
1. There is no need to have initial knowledge about
the learner's policy [6].
2. There is no need to have ideas about the controlling
law [8].
3. There is no need to have leaning data, which is
significantly superior to [9]-[13]. In fact, the agent is not
told what to do in each state, and goodness or badness of
an action is displayed for the agent by a scalar measure
called reinforcement signal. Having gained this
information, the agent is required to learn how to find the
best action. This characteristic is one of the special
advantages of the reinforcement learning algorithm.
This paper is organized as follows. In Section II, the
basics of reinforcement learning and Q-Learning and єgreedy algorithms is described briefly. In Section III, the
induction motor model with loss is described on the basis
of equivalent circuit of the rotor magnetic current. In
Section IV, according to Sections II and III, we present
some suggestions and use reinforcement learning method
to reduce the loss of an induction motor. In Section V,
the simulation results are investigated by MATLAB

Q-Learning

INTRODUCTION

Electric motors involve about 40 percent of the whole
electric power consumption in the world. Widespread
using of induction motors show that if their loss
decreases to several percentages, it will play an important
role in total power consumption in the world. Therefore,
the motor efficiency is an inevitable approach of motor
development [1]. Motor loss mostly relates to the control
strategy and substantially acts in lower load time which
is improved through optimized selection of the flux level
[2], [3]. Search control (SC) and Loss Model control
(LMC) are two strategies of flux level control. LMC is
faster and have no torque ripple but it has a disadvantage
that is when the parameters change. There are many
researches to overcome this problem by use of softcomputing techniques [4], [5]. In this paper, a
Reinforcement Learning algorithm was used which was
posed on the induction motor drive FOC 5hp.
Reinforcement learning means routing from situation
to action in a way that the numerical reward of the action
is the maximum. In this method the learner is not told
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software. Section VI presents the general conclusions of
this paper.

increases the possibility of quality-based selection [6],
[18].

II. THE BASICS OF REINFORCEMENCE LEARNING

III. INDUCTION MOTOR MODEL

In reinforcement learning, the main objective of
learning is to do something to achieve a goal, without
feeding any external direct information to the learner
agent [6], [14]. In this method, the only information
source for the agent is through a reward and/or
punishment signal [6], [15]. In this state, the agent aims
at maximizing the received reward that is varying in a
time interval. This way, the agent learns the mode of
action by concentrating on the received reward [16]. The
interaction between the agent and the environment in
reinforcement learning is shown in Fig. 1.

In this paper, we use an equivalent circuit that refers
to rotor magnetic current. An iron loss resistor Rf is
added in parallel with magnetic inductance in rotor flux
reference frame, also we define the field angels in phasor
diagram which has been shown in Fig. 2, [1]-[4].

(a)

Figure 1. The interaction between the agent and the environment

The learner agent acquires a description of its
surrounding environment thorough some sensors. When
the agent performs an action, it receives a reward that can
be positive or negative, depending on goodness or
badness of the action. Equation (1) shows one of the
best-known Q-Learning equations in reinforcement
learning [6].

(b)
Figure 2. The induction motor model. (a) The induction motor
equivalent circuit including iron loss. (b) Phasor diagram of the
equivalent circuit and field angels.

(1)
where α is a number between 0 and 1, which is called
learning rate, and determines the learning speed. It is
obvious that the higher is the amount of α, the higher is
the learning speed. However, it should be noted that too
high amounts of α makes learning instable [17], [18].
Usually, in most applications 0.1 is suggested for
learning rate. γ is also a number between 0 and 1, which
is called discount factor, and during the learning process
prevents the quality function from diverging. In the case
of delayed reward γ chooses about 0.9. The Max of Q(s',
a') is the quality of the optimal action in the new position
of the system, i.e. s'. On the other hand this amount is
regarded as the maximum quality in s' position.

In permanent state, there is no leaking inductance on
the motor and the motor equivalent circuit is like Fig. 3.

(a)

A. є-Greedy Algorithm
Greedy method is a well-known selection method [18].
This method recommends that, in every state, an action
should be selected whose value function is maximum. In
another method, that is known as є-greedy method, a
small є number in [0, 1] interval is determined that states
the probability of an action to be selected randomly [18].
For example, if є equals 0.2, the possibility for the action
to be selected is 0.2 and the possibility for an action with
the highest quality to be selected is 0.8. As such, є can
vary dynamically to have a high amount at the beginning
of learning, which increases the possibility of random
selection, and can decrease by learning progress, which
©2016 Journal of Automation and Control Engineering

(b)
Figure 3. The motor equivalent circuit in permanent state. (a)
Equivalent axis of d axis. (b) Equivalent axis of q axis.

In order to develop loss model, a simple and normal
method has been used in previous researches [5].
2
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where

Rd and Rq are defined as:

As can be seen in (2), the total loss of the induction
motor is attributed to ωr, Te and imr current. This equation
states that by controlling imr current, motor loss can be
controlled.
IV. PROPOSED ALGORITHM
In this method ωr and Te of electrical motor are
measured in all time steps and are considered as states
then appropriate imr is determined as action for each state.
After applying the defined imr in each state a reward or
punishment is considered based on the measured power
loss specified in Table I. and the Q-table will be updated
according to (1). The suggested algorithm of this paper is
as follows:
1. First, Q(s,a) amount is assumed zero for all states
and actions.
2. The present state of the system (T e, ωr) is obtained.
3. According to є-greedy (Fig. 4), algorithm an imr
action is selected.
4. The imr action is applied to the motor and we await
our action's score reward (r).
5. The new state of the system after performing the
action imr is obtained.
6. According to (1), Q(s,a) amount is updated.
The score after performing imr action in (2) is
investigated. In this paper the received reward is
considered as follows:
TABLE I.

V. SIMULATION RESULTS
The proposed algorithm is implemented in 3 steps. In
the first step, the applied reference torque is between 0
and 2 Nm, speed is 100 rad/s and imr current is between 0
and 5 A (this amount of current is considered according
to motor model [5]). The electromagnetic torque of
output is divided into 1000 separate chunks. As such, imr
current is divided into 50 chunks. In the second step, the
Q-table is completed offline using Q-Learning algorithm.
The rows of this matrix are the possible states and the
columns of this matrix are the possible actions (id). In
this step, the agent has no information about the motor.
In fact, for each imr current, the output torque and motor
speed is calculated based on the model of motor and Ptotal
is calculated using (2) then the reward signal is sent to
the agent based on Table I. According to this reward, the
agent decides how this imr has been appropriate. The
second step is summarized in Fig. 5, The motor speed is
considered constant and equals the speed of stable state.
In the following tables some results related to the
second step are presented. Q matrix is obtained here as a
1000×50 matrix. That is it has 1000 states and 50 actions.
In each table, the learner agent chooses an action 25000
times among 50 actions that has the maximum amount of
Q.

THE RECEIVED REWARD AFTER PERFORMING THE
ACTIONS

If ploss == 0

, reward = 100

elseif (ploss < = 10 & ploss > 0) ,

reward =

elseif (ploss >10 & ploss <= 0)

,

elseif (ploss > 0 & ploss<= 0)

, reward=2

else

Figure 4. є-greedy algorithm

reward = 0

, reward=0

end

The agent tries to behave in a way that maximizes the
reward function. For electromagnetic torque, rotor speed
and rotor magnetic current, we have:
Te = 0 to 2 Nm

ωr = 150 rad/s

imr = 0 to 5 A

Given the motor presented in Appendix A, the
appropriate amount of imr magnetic current is regulated
according to [5].
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Figure 5. Completing Q table in second step.
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In Table II, for the state Te=0 and ωr =100, the best
current that can be applied is imr=0.2. In this state the
total loss of the motor is obtained 0.0735 W. In Table III,
for the state Te=0.8 and ωr =100, the most appropriate
current is imr=0.2. In this state the total loss of the motor
is obtained 9.5510 W. In Table IV, for the state Te=1.2
and ωr =100, imr=2.5 current is selected as the best
current. In this state the total loss of the motor is obtained
14.6534 W. In Table V, in the state Te=0.8 and ωr =100,
imr=3.8 current is selected by Q-Learning algorithm. In
this state the total loss is obtained 30.3372 W.

Fig. 7 shows the output speed of the motor. From the
figure it can be seen that the speed has reached its
reference amount, 100 rad/s, in no time, less than 0.02
seconds.

CALCULATING Q FOR THIS STATE: TE=0, ΩR =100

TABLE II.

action

imr=

imr= .

imr=

Q=
 .

Q=
.

Q=
.
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imr=

imr=.

Q=
.

Q=
.

Figure 7. Output speed of the motor
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.

Q=
.

The motor loss is compared in two scenarios, with the
FOC controller and with RL method and is shown in Fig.
8.

TABLE III. CALCULATING Q FOR THIS STATE: TE=0.8, ΩR =100
action
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TABLE IV. CALCULATING Q FOR THIS STATE: TE=1.2, ΩR =100
action
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TABLE V. CALCULATING Q FOR THIS STATE: TE=2.0, ΩR =100
action
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Figure 8. Power loss of motor with FOC and RL controllers.

From the results of Fig. 8, it can be seen that using the
reinforcement learning approach has lower loss. We
could reduce the loss about 100 watts in 0 to 2 Nm
torque. In stable state (permanent motor), rotor magnetic
current equals the current of stator d axis (imr=id). The
mean current of stator d axis can be seen in Fig. 9, this
current varies between 2 and 4 Ampere.

states
Te= & Wr=

Q=
 .

In the third step, using the obtained results from the Q
table of the second step, we complete the structural
model of Fig. 6. In this structure, motor torque and speed
are obtained momentarily from feedback output, and for
each speed and torque, Q-Learning algorithm will apply
an imr current to the motor online. Applying such a
current to the motor will result in loss reduction and
output improvement. The simulation results for this
approach are shown in Fig. 8-Fig. 9.

Figure 9. The mean current of stator d axis

VI. CONCLUSION
In this paper, a different approach was conducted on
inductive motor drive. The algorithm employed for this
purpose was Q-Learning algorithm. The motor used to
optimize the loss was a 5hp induction motor with input

Figure 6. The suggested structure (the third scenario)
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torque of 0 to 2 Nm. Since motor has the highest loss in
low loads, in this paper we considered the motor loss
reduction algorithm in 0 to 2 Nm intervals. The proposed
method for motor loss reduction applied in three steps. In
the first step drive modeling was performed. In the
second step, Q-Learning approach was conducted to
complete the optimum Q table according to the model in
the first step. And finally, in the third step this Q table
was employed in an online manner to reduce the
induction motor loss. The simulation results shows that
this method can reduce the power loss about 50% in
comparison with the standard driver of motor (FOC)
when the motor works in low loads.
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motor 5 hp , 1750 rpm , 460 v
rotor resistance =1.083

Stator resistance =1.115

rotor inductance =0.0059

stator inductance =0.0059
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Mutual inductance= 0.2037

friction factor= 0.005752
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