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1. Introduction 

The Induction motor is an alternate current (AC) motor that is often used in industry, such as in elevators, conveyors, 

blowers, pumps, et cetera [1]. Due to its reliability, low cost, and ease of maintenance, induction motor is commonly used 

worldwide. Especially after the development of field-oriented control (FOC) algorithm has made the induction motor 

replace the role of direct current (DC) motor in the industry [2]. Variable speed operation is required to operate the 

induction motor and closed-loop system is commonly used to obtain the variable speed. Therefore, a speed sensor system 

is required. But, the speed sensor system itself has disadvantages, such as inaccurate measurement due to the placement 

of the sensor system which is too far from the control system making it is ineffective for a control system with a big plant 

[3].  

In last few years, FOC that had been applied in induction motor had gained high popularity worldwide, in its 

application of electric drive. For more than two decades, a significant effort has been put into AC drives field to remove 

the speed sensor which is on the motor shaft [4]. FOC control technique can be said to have a similarity to the DC motor 

control technique because it is possible to control flux and torque separately [2]. The sensorless control is considered as 

an important goal in the industry to obtain good performance at low cost [5], especially for operation on low performance 

and normal performance, sensorless control has been a standard in the industrial field. The advantages of speed sensorless 
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which can control torque and flux separately enables the motor to replace many roles of DC motors. Induction motor 

speed control can be done by using a close loop system which requires a speed sensor. Referring to the speed sensor 

weaknesses such as less accurate of the measurement, this is due to the placement of the sensor system that is too far 

from the control system. Therefore, a speed sensorless method was developed which has various advantages. In this 

study, the speed sensorless method using an artificial neural network with recurrent neural network (RNN) as speed 

observer on three-phase induction motor has been discussed. The RNN can maintain steady-state conditions against 

a well-defined set point speed, so that the observer is able and will be suitable if applied as input control for the 

motor drives. In this work, the RNN has successfully estimated the rotor flux of the induction motor in MATLAB 

R2019a simulation as about 0.0004Wb. As based on speed estimation error, the estimator used has produced at about 

26.77%, 8.7% and 6.1% for 150rad/s, 200rad/s and 250rad/s respectively. The future work can be developed and 

improved by creating a prototype system of the induction motor to get more accurate results in real-time of the 

proposed RNN observer. 

 

Keywords: Induction motor, speed sensorless, recurrent neural network 

 

Keywords: Keyword 1, keyword 2, number of keywords is usually 3-7, but more is allowed if deemed necessary 

http://publisher.uthm.edu.my/ojs/index.php/jeva


A. I. Ridhatullah et al., Journal of Electronic Voltage and Application Vol. 2 No. 2 (2021) p. 23-35 

 24 

on the induction motor driver reduce the complexity of the device, low cost, and reduce the size of the machine drive, 

replace the cable sensor, does not make any noises, and reduce the cost of maintenance [6].  

The artificial neural network (ANN) has shown a good result in becoming an alternative system modeling and 

parameter observer for induction motor. It can be seen that there are big differences based on ANN structure for each of 

the tasks [7]. The ANN is suitable for a non-linear control system where it can use approximation abilities for observing 

specific tasks [8]. The memory on the ANN is dependent on its weights and biases and can be classified into three 

categories base on how the weights and biases are obtained, such as fixed-weight, supervised, and unsupervised [9]. 

Regarding on this, this paper has discussed about speed sensorless induction motor control using ANN. The ANN types 

used is the recurrent neural network (RNN), which has been applied as a replacement for the speed observer of three-

phase induction motor.  

 

2. Three-Phase Induction Motor Modeling 
The modeling of three-phase induction motor in this work is based on equation circuit which comprises of a-b-c 

coordinate system and d-q coordinate system. 

 

2.1  a-b-c Coordinate System 
The equivalent circuit of the three-phase induction motor is symmetrical if viewed by the rotating frame of the rotor 

circuit is as shown in Fig. 1. The stator circuit is described as the as, bs, and cs axes, while the rotor circuit is described as 

ar, br, and cr axes. 

 
Fig. 1 - Stator and rotor of induction motor in a-b-c coordinate system 

 

Stator and rotor voltage equation can be described as referring to Fig. 1 as: 

 

   𝑉𝑎𝑏𝑐𝑠 = 𝑟𝑠𝑖𝑎𝑏𝑐𝑠 + 𝑝𝑎𝑏𝑐𝑠    (1) 

 

   𝑉𝑎𝑏𝑐𝑟 = 𝑟𝑟𝑖𝑎𝑏𝑐𝑟 + 𝑝𝑎𝑏𝑐𝑟    (2) 

 

where 

 

   𝑝 =
𝑑

𝑑𝑡
      (3) 

and 

 

   𝑝𝑎𝑏𝑐𝑠 = 𝐿𝑠𝑖𝑎𝑏𝑐𝑠 + 𝐿𝑠𝑖𝑎𝑏𝑐𝑟    (4) 

 

   𝑝𝑎𝑏𝑐𝑟 = 𝐿𝑟𝑖𝑎𝑏𝑐𝑠 + 𝐿𝑟𝑖𝑎𝑏𝑐𝑟    (5) 

 

Ls and Lr matrix can be constructed as: 

 

   𝐿𝑠 =

[
 
 
 
 𝐿𝑙𝑠 −

1

2
𝐿𝑚𝑠 −

1

2
𝐿𝑚𝑠

−
1

2
𝐿𝑚𝑠 𝐿𝑙𝑠 + 𝐿𝑚𝑠 −

1

2
𝐿𝑚𝑠

−
1

2
𝐿𝑚𝑠 −

1

2
𝐿𝑚𝑠 𝐿𝑙𝑠 + 𝐿𝑚𝑠]

 
 
 
 

  (6) 

 

and 
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𝐿𝑟 =

[
 
 
 
 𝐿𝑙𝑟 −

1

2
𝐿𝑚𝑟 −

1

2
𝐿𝑚𝑟

−
1

2
𝐿𝑚𝑟 𝐿𝑙𝑠 + 𝐿𝑚𝑟 −

1

2
𝐿𝑚𝑟

−
1

2
𝐿𝑚𝑟 −

1

2
𝐿𝑚𝑟 𝐿𝑙𝑠 + 𝐿𝑚𝑟]

 
 
 
 

  (7) 

 

 

2.2 d-q Coordinate System 
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Fig. 2 - Equivalent circuit of d-q coordinate system of induction motor 

 

Based on equivalence circuit in Fig. 2, the transformation of the a-b-c coordinate system to the d-q coordinate 

system of an three-phase induction motor can be calculated as given in equation 8 where f can be referred to as voltage, 

current or flux. 

 

   𝑓𝑞𝑑𝑠 = 𝑇(𝜃)𝑓𝑎𝑏𝑐𝑠     (8) 

 

The equation of stator voltage is 

 

   𝑉̅𝑠 = 𝑅𝑠𝐼𝑠̅ +
𝑑

𝑑𝑡
λ̅𝑠 + 𝑗𝜔𝑠λ̅𝑠    (9) 

 

where 

 

   𝑉̅𝑠 = 𝑣𝑑𝑠 + 𝑗𝑣𝑞𝑠     (10) 

 

   𝐼𝑠̅ = 𝑖𝑑̅𝑠 + 𝑗𝑖𝑞̅𝑠     (11) 

 

   λ̅𝑠 = λ̅𝑑𝑠 + 𝑗λ̅𝑞𝑠     (12) 

 

The equation of rotor voltage is 

 

   𝑉̅𝑟 = 𝑅𝑟𝐼𝑟̅ +
𝑑

𝑑𝑡
λ̅𝑟 + 𝑗(𝜔𝑠 − 𝜔𝑟)λ̅𝑟   (13) 

 

where 

 

 

   𝑉̅𝑟 = 𝑣𝑑𝑟 + 𝑗𝑣𝑞𝑟      (14) 

 

   𝐼𝑟̅ = 𝑖𝑑̅𝑟 + 𝑗𝑖𝑞̅𝑟     (15) 

 

   λ̅𝑟 = λ̅𝑑𝑟 + 𝑗λ̅𝑞𝑟     (16) 
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The equation of electromagnetic torque can be calculated as: 

 

   𝑇𝑒 =
3

2

𝑝

2

𝑀

𝐿𝑟
(λ𝑟𝑑𝑖𝑠𝑞 − λ𝑟𝑞𝑖𝑠𝑑)   (17) 

 

The motor angular speed is a function of electromagnetic torque and load torque is: 

 

   
𝑗

𝑝

𝑑𝜔𝑟

𝑑𝑡
+ 𝐾𝑔𝜔𝑟 = 𝑇𝑔 − 𝑇𝐿     (18) 

 

where,  

 

Kg = the friction constant (kg.m2/dt)  

J = inertia moment (kg.m2)  

wr = rotor angular speed (rad/dt)  

 

 

Linkage flux is described as a magnitude of rotating field on the coil within N winding. 

 

   λ̅𝑠 = 𝐿𝑠𝐼𝑠̅ + 𝑀𝐼𝑟̅      (19) 

 

   λ̅𝑟 = 𝐿𝑟𝐼𝑟̅ + 𝑀𝐼𝑠̅     (20) 

 

 

The induction motor equation in the form of state variable equation can be simplified as: 

 

   
𝑑

𝑑𝑡
[
𝑖𝑠
λ𝑟

] = [
𝐴11 𝐴12

𝐴21 𝐴22
] [

𝑖𝑠
λ𝑟

] + [
𝐵1

0
] 𝑣𝑠 = 𝐴𝑥 + 𝐵𝑣𝑠  (21) 

 

where 

𝐴11 = − {
𝑅𝑠

𝜎𝐿𝑠
+

1−𝜎

𝜎𝜏𝑟
} 𝐼 = 𝑎𝑟11𝐼    (22) 

 

𝐴12 =
𝑀

𝜏𝐿𝑠𝐿𝑟
{

1

𝜏𝑟
𝐼 − 𝜔𝑟𝐽} = 𝑎𝑟12𝐼 + 𝑎𝑖12𝐽   (23) 

 

𝐴21 = (
𝑀

𝜏𝑟
) 𝐼 = 𝑎𝑟21𝐼     (24) 

 

𝐴22 = −(
1

𝜏𝑟
) 𝐼 + 𝜔𝑟𝐽 = 𝑎𝑟22𝐼 + 𝑎𝑖22𝐽   (25)  

 

𝐵1 =
1

𝜏𝐿𝑠
𝐼 = 𝑏1𝐼      (26) 

 

𝐶 = [𝐼 0]      (27) 

 

𝐼 = [
1 0
0 1

]      (28) 

 

𝐽 = [
0 −1
1 0

]      (29) 
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2.3 Induction Motor Simulation Model 
 

 
Fig. 3 - Block diagram system of induction motor simulation model 

 

The block diagram of Fig. 3 was developed into a system modeling simulation in this work using the m-file from 

MATLAB R2019a. The three-phase motor specifications used for the simulation are: 

 

115 Volt, 2 pairs of poles, 60 Hz.  

Rs =    176Ω; stator resistance  

Rr =    190Ω; rotor resistance  

Ls =    3.79H; stator inductance  

Lr  =    3.31H; rotor inductance  

M =    3.21H; coupled inductance  

J =    1.05e-5kg.m2; inertia momen  

Kd =    1.49e-5kg.m2/s; friction constant 

 

The equations used in the two-phase to three-phase coordinate transformation block are:  

 

       eqsedsds iii  sincos* -     (30)  

 

       eqsedsqs iii  cossin*      (31) 

 

and 

    **

qsas ii         (32) 

 

    ***

2

1

2

3
qsdsbs iii --      (33)  

 

    ***

2

1

2

3
qsdscs iii -      (34) 

 

The PWM Inverter model has been made after making the induction motor model. The rotation vector concerning 

magnetizing current and torque current produces a reference phase current which is used for the inverter PWM control 

signal. The switching procedure applied in this work is as shown in Fig. 4, where the input of the pwm inverter has been 

set to 230V, -230V or 0V based on the error currents.  
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Fig. 4 - PWM inverter 

 

2.4 Recurrent Neural Network 

Recurrent neural network (RNN) is an ANN that can provide feedback to the neuron itself or other neurons. RNN 

has at least one feedback, where this feedback loop can affect the learning ability and performance of the network. In 

addition, the output of the RNN depends not only on the input at current time but also on the input of the previous time. 

This condition is intended so that the network can accommodate several events in the past, which are followed by a 

calculation process. This is important for more complex problems, the output of the neural network is time-varying so 

that the neural network has a time-sensitive response to past memory conditions.  

 

 
Fig. 5 - RNN structure 

 
Based on RNN structure in Fig. 5, the output of the RNN can be calculated with the following equation: 

 

𝑦(𝑘) = 𝑥(𝑘 + 1) − 𝐴𝑥(𝑘) − 𝑉1
0𝜎[𝑊1

0𝑥(𝑘)] − 𝑉2
0∅[𝑊2

0𝑥(𝑘)]𝑢(𝑘) (35) 

 
The flowchart of the RNN training used in this study is as shown in Fig. 6. The training is conducted in order to 

determine the suitable parameters of the RNN structure that best fit the rotor fluxes of the induction motor which has 

been simulated without the RNN estimator. 
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Fig. 6 - RNN training flowchart 

 

2.5 Recurrent Neural Network Estimator 

The flux estimation and identification of the speed of a three-phase induction motor in this work is based on neural 

network technique. The learning algorithm chosen is the back-propagation while the neural network structure used is the 

RNN. This network consists of three layers, namely the input layer, hidden layer, and output layer. The configuration 

during off-line training is to train the neural network observer using calculated rotor speed and direct and quadrature 

fluxes from an induction motor modeling. The configuration used can be seen in Fig. 7 and Fig. 8. 

 

 
Fig. 7 - RNN observer offline training for flux estimation 

 

 

 
Fig. 8 - RNN observer offline training for speed identification 
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Fig. 9 - RNN observer for flux estimation and online rotor speed identification 

 

The rotor speed identification when operating the simulation of the three-phase motor known as online, developed 

in this work can be seen in Fig. 9. In this work, the RNN observer has been used as a flux estimator so that the rotor flux 

which is a state variable of the induction motor model can be known and utilized in the control system. The observer of 

the RNN will use the variable equation of state of the induction motor to imitate the dynamics of the equation of the 

variable of the induction motor so that by studying the data obtained, the RNN can obtain the estimation values of flux 

and rotor speed. 

 

3. Results and Discussion 

In this study, the direct and quadrature fluxes of the rotor in the induction motor simulation without observer system 

(actual) and with RNN observer (blue) are as shown in Fig. 10 ̶ Fig. 15. Referring to these figures, the estimation of these 

rotor fluxes as made by the RNN seems to overlap with the actual signal. These results show that the use of the RNN 

estimator has perfectly estimated the flux of the rotor.  

 

 

Fig. 10 - Rotor direct flux calculation at 150 rad/s 
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Fig. 11 - Rotor direct flux calculation at 200 rad/s 

 

 

 

Fig. 12 - Rotor direct flux calculation at 250 rad/s 

 

 

Fig. 13 - Rotor quadrature flux calculation at 150 rad/s 
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Fig. 14 - Rotor quadrature flux calculation at 200 rad/s 

 

 

Fig. 15 - Rotor quadrature flux calculation at 250 rad/s 

 

Based on the speed of the induction motor simulation with and without RNN estimator, the output speed from the 

RNN estimator has produced a constant speed profile with no ripple as compared to the speed calculation of the induction 

motor without controller system. This can be referred to Fig. 16-Fig. 18. Referring to the rotor speed calculation between 

the simulation with and without the RNN estimator in Fig. 16, the speed of the rotor at 150 rad/s without the estimator 

has produced transient at 450, 1100 and 1700 of sample number. As referring to the rotor direct flux calculation in Fig. 

10, the transient can be observed to be happening as the polarity of flux changes from a negative value to a positive value 

which showing the changing state of the machine and to observe the transient condition when the machine operates out 

of the RNN working operation area. However, the transient did not occur when the machine runs at 200 rad/s and 250 

rad/s. This is due to the initial parameters setting of the induction machine used in this study which can be said to be 

within the boundary of the RNN working operation area. 
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Fig. 16 - Rotor speed calculation at 150 rad/s 

 

 

Fig. 17 - Rotor speed calculation at 200 rad/s 

 

 

Fig. 18 - Rotor speed calculation at 250 rad/s 
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Table 4.1 - Recurrent neural network observer test online data at different speeds 

 
 

Referring to Table 4.1, the mean square error (MSE) of the rotor rotational speed as estimated by the RNN observer 

is relatively small. Flux estimation in induction motor simulation using RNN observer with different speeds setting 

obtained the MSE value of the rotor direct flux ranging from 0.0004309 Wb to 0.0003745 Wb. Meanwhile, the MSE 

value for the rotor quadrature flux ranging from 0.0004308 Wb to 0.000407 Wb. Simulation of rotor speed identification 

using RNN observer applied in induction motor simulation with different speeds setting has obtained the MSE value 

ranging from 15.3456 rad/s to 40.1556 rad/s. The error percentages obtained through the RNN method of controlling are 

6.1% at speed of 250 rad/s, 8.7% at speed of 200 rad/s, and 26.77% at speed of 150 rad/s. 

 

4. Conclusion 

Simulation of an induction motor controller using RNN estimator using MATLAB software has been successfully 

developed. Based on the results of the simulation the fluxes of the rotor has been perfectly estimated by the estimator 

with error value at about 0.0004 Wb. Referring to the speed profile of the induction motor simulation in this study, it is 

known that the result of MSE speed is relatively large because it exceeds 5%. As for improvement, the RNN estimator 

can be retrained or modified in term of its training algorithm and structure. However, the RNN can maintain steady-state 

conditions against a well-defined set point speed, so that the observer is able and will be suitable if applied as input 

control for an induction motor drives.  
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