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Abstract:

Induction  motors  have  always  been  and  will  be  the  forefront  of  the  industrial  process.  From

construction  to  automated  and  electric  vehicles,  induction  motors  are  the  first  choice.  The  rotor

speed  is  an  essential  property  in  the  efficiency  of  an  induction  motor  which  can  be  measured

directly through an optical encoder which is placed on the motor shaft. However, the system cost,

volume and weight of the motor are increased, moreover, the reliability and efficiency of the sensor

are jeopardized in harsh environments. This paper proposes a method using an Extended Kalman

Filter (EKF) to estimate the rotor speed with or without a sensor while reducing the noise created

by a harsh environment. Furthermore, with the implementation of the Particle Swarm Optimization

algorithm (PSO), a more accurate estimation has been achieved. Simulation in MATLAB Simulink has

been done to further emphasize on the efficiency of the EKF-PSO framework.

Keywords: Extended Kalman Filtering, Particle Swarm Optimization, Induction Motor.

Tóm tắt:

Động cơ cảm ứng luôn đóng vai trò tiên phong trong quá trình công nghiệp hóa. Từ xây dựng đến

các phương tiện tự động và xe điện, động cơ cảm ứng luôn là sự lựa chọn hàng đầu. Tốc độ rotor là

một thuộc tính thiết yếu ảnh hưởng đến hiệu suất của động cơ cảm ứng, có thể được đo trực tiếp

bằng cách sử dụng bộ mã hóa quang học gắn trên trục động cơ. Tuy nhiên, việc sử dụng cảm biến

này làm tăng chi phí, kích thước và trọng lượng của động cơ, đồng thời độ tin cậy và hiệu quả của

cảm biến có thể bị ảnh hưởng trong môi trường khắc nghiệt. Bài báo này đề xuất một phương pháp

sử dụng Bộ lọc Kalman mở rộng (Extended Kalman Filter - EKF) để ước tính tốc độ rotor với hoặc

không cần cảm biến, đồng thời giảm nhiễu gây ra bởi môi trường khắc nghiệt. Hơn nữa, với việc triển

khai thuật toán Tối ưu hóa Bầy đàn Hạt (Particle Swarm Optimization - PSO), độ chính xác trong ước

tính được cải thiện đáng kể. Mô phỏng trong MATLAB Simulink đã được thực hiện để nhấn mạnh

thêm hiệu quả của khung EKF-PSO.

Từ khóa:  Bộ lọc Kalman mở rộng, Tối ưu hóa Bầy đàn hạt, Động cơ cảm ứng.
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Abstract:

Induction motors have always been and will be the forefront of the industrial process. From 

construction to automated and electric vehicles, induction motors are the first choice. The rotor 

speed is an essential property in the efficiency of an induction motor which can be measured 

directly through an optical encoder which is placed on the motor shaft. However, the system cost, 

volume and weight of the motor are increased, moreover, the reliability and efficiency of the sensor 

are jeopardized in harsh environments. This paper proposes a method using an Extended Kalman 

Filter (EKF) to estimate the rotor speed with or without a sensor while reducing the noise created 

by a harsh environment. Furthermore, with the implementation of the Particle Swarm Optimization 

algorithm (PSO), a more accurate estimation has been achieved. Simulation in MATLAB Simulink has 

been done to further emphasize on the efficiency of the EKF-PSO framework. 

Keywords: Extended Kalman Filtering, Particle Swarm Optimization, Induction Motor

Tóm tắt: 

Động cơ cảm ứng luôn đóng vai trò tiên phong trong quá trình công nghiệp hóa. Từ xây dựng đến 

các phương tiện tự động và xe điện, động cơ cảm ứng luôn là sự lựa chọn hàng đầu. Tốc độ rotor là 

một thuộc tính thiết yếu ảnh hưởng đến hiệu suất của động cơ cảm ứng, có thể được đo trực tiếp 

bằng cách sử dụng bộ mã hóa quang học gắn trên trục động cơ. Tuy nhiên, việc sử dụng cảm biến 
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cảm biến có thể bị ảnh hưởng trong môi trường khắc nghiệt. Bài báo này đề xuất một phương pháp 

sử dụng Bộ lọc Kalman mở rộng (Extended Kalman Filter - EKF) để ước tính tốc độ rotor với hoặc 

không cần cảm biến, đồng thời giảm nhiễu gây ra bởi môi trường khắc nghiệt. Hơn nữa, với việc triển 

khai thuật toán Tối ưu hóa Bầy đàn Hạt (Particle Swarm Optimization - PSO), độ chính xác trong ước 

tính được cải thiện đáng kể. Mô phỏng trong MATLAB Simulink đã được thực hiện để nhấn mạnh 

thêm hiệu quả của khung EKF-PSO. 
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1. INTRODUCTION

The induction motor (IM) was invented 
in the end of the 19th century and more 
than a century later, it still remains at the 
forefront of multiple industrial processes. 
Due to its simplicity, versatility, reliability 
and economical nature [1][2], it is still the 
first choice among in numerous industrial 
processes [3] and developing industries [21]. 
Rotor speed is an essential parameter of an IM 
and has been the subject of numerous articles 
[5][6]. However, the most obvious method 
to measure the speed of a rotor is to mount a 
sensor on the motor shaft which can be costly 
and can increase the weight and the volume 
of the induction motor [7]. Moreover, in 
rough environments, the measurements could 
be inaccurate due to the noise. In this paper, 
we will examine the use of a Kalman Filter 
in order to reduce the noise and estimate the 
rotor speed. In literature, the Kalman Filter 
(KF) has been a hot topic to be used to reduce 
the environmental noise [8] [9]. But due to the 
non-linearity nature of the dynamic model, 
the Extended Kalman Filter (EKF) will be 
used instead of a KF.  

An EKF is a stochastic observer for non-linear 
systems [10][11]. It is especially efficient 
when dealing with multivariate non-linear 
systems as it uses linear approximations to 
deal with this non-linearity. Furthermore, the 
EKF can accurately model a system that is 
burden by system and measurement noises. 
Indeed, these disturbances are effectively 
modelled in the filter through covariance 

matrices dubbed the system noise and 
measurement noise covariance matrices.  
The values of these matrices are crucial to 
the accuracy of the system. These values are 
however not determined by using a formula 
and are not known. Therefore, they must 
be tuned accurately in order to achieve an 
accurate estimation. 

Indeed, in the past, the covariance matrix 
could be tuned either manually [12] and the 
process could be extremely laborious or by 
applying mathematically tuning methods [13]
[14][15].  So, in order to reduce the long and 
rigorous process of tuning the EKF, methods 
such as the Ant Colony Optimization [16] or 
the Genetic Algorithm [17] have been used. 
But we will be using the Particle Swarm 
Optimization (PS.O) [18] due to its simplicity, 
its relatively easy implementation and its fast 
convergence.

Developed in 1995 by James Kennedy and 
Russel C. Eberhart, the PSO is based on a 
simplified social model. It is used in image 
processing [19], in air route optimization 
[20], in acoustic filters optimization [21].  
However, we will be using the PSO in order 
to optimize the system noise covariance 
matrix and the measurement noise matrix. 
By optimizing these matrices, we will be 
able to have an accurate estimation of the 
rotor speed despite of the environmental and 
measurement noise. PSO have been used to 
estimate the rotor speed [22][23] offline but 
this paper will propose a method in which 
the stator current will be estimated in order to 
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estimate the rotor speed.

The goal of the paper is to show the efficiency of 
the EKF to accurately estimate a measurement 
despite the noises that burden the system. In 
addition, it will also show the improvement 
that the P.S.O will bring to the EKF model in 
a model in which a speed sensor is used [23] 
and improve upon it in a model in which there 
is no speed sensor. 

The rest of the paper will be divided as follows: 
Section 2 will present the mathematical 
on which the EKF is based. The Simulink 
model of the AC induction motor will then be 
described in section 3. Afterwards, section 4 
will cover the core concept of PSO. Section 
5 will depict the implementation of PSO in 
the EKF model. Simulation results will be 
analysed in section 6 and finally conclusions 
are presented in section 7. 

2. EXTENDED KALMAN FILTER

The extended Kalman Filter is in essence an 
amelioration of the Linear Kalman Filter. The 
Linear Kalman Filter is only limited to linear 
problems, however most real-life problems 
are in fact non-linear. The Extended Kalman 
Filter uses linear approximation to study non-
linear dynamic systems. Indeed, this filter is 
developed upon a first-order Taylor Series 
approximation of the state transition and 
the measurement function. The EKF is an 
algorithm where we constantly extrapolate or 
“predict” our system state and the uncertainty 
of the next step as shown in Figure 1.  And 
once the measurements are received, the 

EKF updates or “corrects” the predictions 
and we repeat these procedures until the end 
of the sample period. It is governed by the 5 
following equations.

The state extrapolation equation:

x f x ,un 1,n n,n n=+ ^ hV V (1)

Whereas, f() is the state transition function 
based on the state dynamics,  is the control 
input.

The covariance extrapolation equation:

P x
f
P ( x

f
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T

n= +
d
d

d
d

+

With x
f
d
d

 as the partial derivative of the state 
transition function obtained per first order 
Taylor series expansion. And Qn is the system 
noise covariance matrix.

The Kalman gain equation:

K P ( x
h ) ( x

h P x
h R )n n,n 1

T
n,n 1
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n
1#= +

d
d

d
d

d
d

- -
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d
d  is the partial derivation of the observation 

function obtained by using a first order Taylor 
series expansion and  is the measurement noise 
covariance matrix. 

The state update equation:

x x K (z h(x ))n,n n,n 1 n n n,n 1= + -- -V V V
x n,n 1-V  is the priori state prediction vector 
of x n,nV , Zn is the measurement and h() is the 
observation function. 

The covariance update equation:

110 | Số 36



108 | Số 36

TẠP CHÍ KHOA HỌC VÀ CÔNG NGHỆ NĂNG LƯỢNG - TRƯỜNG ĐẠI HỌC ĐIỆN LỰC
(ISSN: 1859 - 4557)

estimate the rotor speed.
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that the P.S.O will bring to the EKF model in 
a model in which a speed sensor is used [23] 
and improve upon it in a model in which there 
is no speed sensor. 

The rest of the paper will be divided as follows: 
Section 2 will present the mathematical 
on which the EKF is based. The Simulink 
model of the AC induction motor will then be 
described in section 3. Afterwards, section 4 
will cover the core concept of PSO. Section 
5 will depict the implementation of PSO in 
the EKF model. Simulation results will be 
analysed in section 6 and finally conclusions 
are presented in section 7. 
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The extended Kalman Filter is in essence an 
amelioration of the Linear Kalman Filter. The 
Linear Kalman Filter is only limited to linear 
problems, however most real-life problems 
are in fact non-linear. The Extended Kalman 
Filter uses linear approximation to study non-
linear dynamic systems. Indeed, this filter is 
developed upon a first-order Taylor Series 
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the measurement function. The EKF is an 
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of the next step as shown in Figure 1.  And 
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P (I K x
h )Pn,n n n,n 1=
d
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Pn,n 1-  is the priori prediction vector prediction 
of Pn,n . 
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Figure 1. Simplified diagram of the EKF
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As the Extended Kalman Filter can model 
a dynamic system despite of the noises and 
uncertainty, the Qn system noise covariance and 
the Rn measurement noise covariance matrix 
which are the mathematical modelling of the 
noise are extremely important. All covariance 
matrix takes the form of E = (eeT). So, Qn= E(
W Wn n

T ) and R (V V )n n n
T=  with Wn  being the 

process noise and Vn  is the measurement error. 

3. Induction motor model and discretization 

The induction motor model has been modelled 
in MATLAB, Simulink in the stationary 
reference frame αβ. The stator and rotor 
fluxes and the stator and rotor currents have 
been modelled. Moreover, system noise 
and measurement noise have been added to 
the system as seen in the subsystem “stator 
current” in Figure 2,  in order to have an 
accurate simulation. From the simulation, 
only stator currents and the voltages would 

 

Figure 2. Simulink model of Induction motor
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be transfer back to MATLAB to be used as 
values for the measurement input matrix and 
the control input matrix. The state variables, 
the control input and the measurements input 
are therefore the following:

x(t) x x x x x
i i

u v v
z i i

1 2 3 4 5
T

s s r r
T

n s s
T

n s s
T

=
=

=
=

} } ~a b a b

a b

a b

6
6

6
6

@
@

@
@

This would enable us to estimate the speed 
and compare it with the real system speed 
(plagued by noise) and the theoretical physical 
speed which is not burden by noise at all. 
Once the state variables, the control input and 
the measurement input are selected, the state 
transition function and its Jacobian matrix 
can now be constructed. The state transition 
function is therefore the following:

f(x ,u ) [x x x x x ]n,n n 1,n 1 2,n 1 3,n 1 4,n 1 5,n 1

T= + + + + +

f (x ,u )

a x a x a x x a u
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4 1,n 5 3,n 6 4,n 5,n

4 2,n 5 4,n 6 3,n 5,n

7 5,n 8 2,n 3,n 1,n 4,n 9 L
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+ + +
+ +
+
+ +
+

-

-

- -

R

T

SSSSSSSSSSSSSSSS

V

X
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Once the state transition function is achieved, 
its Jacobian matrix is then derived:
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Since, h() is the observation function which 
links the state variables with the measurements. 
So, the measurement matrix is the following:

zn = h(xn,n)

With, h(x )
x
xn,n 1
1,n 1

2,n 1
=-

-

-

= G

The discretization of the system’s dynamics is 
now finished and the system is given by the 
following discrete general system:

( ) ( ), ( )

( ) ( ( ))

x t f x t u t

z t h x t

1+ =

=

^ h*

4. Particle Swarm Optimization

Particle swarm optimization developed by 
Eberhart and Kennedy in the late 20th century 
is an optimization algorithm. Derived from the 
study of birds’ foraging behaviour, it is based 
on the behaviour of birds when scavenging for 
food. They don’t know the location of the food 
and only know the distance to the food and 
the bird whose the closest to the food so they 
converge on said bird. The PSO algorithm 
aims to replicate this social phenomenon in 
order to search for an optimized solution for 
a problem [24]. The algorithm first initialize 
a population or a group of particles which is 
called a swarm. 

The number of particles can vary and 
depending on the size  of the swarm. On one 
hand, when the swarm is large, it will provide 
a better coverage of the search space, enhance 
its exploration capability and reduce the risk of 
getting trapped in a local optima.  However, it 
may result in a slower convergence since there 
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be transfer back to MATLAB to be used as 
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the control input and the measurements input 
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This would enable us to estimate the speed 
and compare it with the real system speed 
(plagued by noise) and the theoretical physical 
speed which is not burden by noise at all. 
Once the state variables, the control input and 
the measurement input are selected, the state 
transition function and its Jacobian matrix 
can now be constructed. The state transition 
function is therefore the following:
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its Jacobian matrix is then derived:

x
f

a

a

a x

a

a
a x

a
a x

a
a x
a x

a x
a

a x
a
a x

a x
a x
a x
a x

a

0

0

0

0

, ,

,

,

,

,

,

,

,

,

,

,

n n

n

n

n

n

n

n

n

n

n

n

0

4

8 4

0

4

8 3

1

2 5

5

6 5

8 2

2 5

1

6 5

5

8 1

2 4

2 3

6 4

6 3

7

d
d
=

-

-
-

-

-
-

R

T

SSSSSSSSSSSSSS

V

X

WWWWWWWWWWWWWW

Since, h() is the observation function which 
links the state variables with the measurements. 
So, the measurement matrix is the following:

zn = h(xn,n)

With, h(x )
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The discretization of the system’s dynamics is 
now finished and the system is given by the 
following discrete general system:
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=

^ h*

4. Particle Swarm Optimization

Particle swarm optimization developed by 
Eberhart and Kennedy in the late 20th century 
is an optimization algorithm. Derived from the 
study of birds’ foraging behaviour, it is based 
on the behaviour of birds when scavenging for 
food. They don’t know the location of the food 
and only know the distance to the food and 
the bird whose the closest to the food so they 
converge on said bird. The PSO algorithm 
aims to replicate this social phenomenon in 
order to search for an optimized solution for 
a problem [24]. The algorithm first initialize 
a population or a group of particles which is 
called a swarm. 

The number of particles can vary and 
depending on the size  of the swarm. On one 
hand, when the swarm is large, it will provide 
a better coverage of the search space, enhance 
its exploration capability and reduce the risk of 
getting trapped in a local optima.  However, it 
may result in a slower convergence since there 
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are more particles to evaluate. On the other 
hand, a smaller swarm size provides a faster 
convergence however it may not explore the 
search space adequately and could increase 
the risk of premature convergence to local 
optima. Each particle in the swarm of size N 
is designated by a position xi and a velocity vi. 
Each particle represents a potential solution. 
The best solution of each particle achieved 
during the entire optimization process is 
named pbest (local best position) while the 
best solution to the problem of any particle is 
named gbest (global best position). The local 
best position and the global best position are 
determined through a fitness function. The 
process is depicted in Figure 3. 

 

Figure 3. PSO algorithm flowchart

The position and the velocity of each particle 
are updated at each iteration by the following 
equations:

v(t 1) w v (t) c r (p x (t))

c r (g x (t))

x (t 1) x (t) v(t 1)

i 1 1 i,best i

2 2 best i

i i

$ $ $

$ $

-

-

+ = +

+

+ = + +

Whereas, r1 and r2 are random coefficients 
drawn from an uniform distribution of range 
[0,1]. w is the inertia weight which controls 
the effects of a prior velocity on its current 
velocity. The higher the inertia weight, the 
deeper the exploration. Finally, c1 and c2 
are the cognitive coefficient and the social 
coefficient respectively. While a high cognitive 
coefficient can lead to a more localized search, 
a high social coefficient will lead to a more 
broaden exploration of the search space. 

5. Implementation of PSO into EKF

Qn and Rn are extremely important in the 
operation of the EKF however, since they 
represent noises which corresponding 
properties are unknown, determining them 
is extremely difficult. In the past, there were 
techniques to determine these parameters 
however, these techniques are often laborious 
and highly time consuming. So, in order to 
reduce the time required to determine these 
parameters and to avoid unnecessary errors, 
optimization techniques such as the genetic 
algorithm has been implemented into the EKF. 

In this section, a PSO algorithm will be 
applied to the EKF in order to tune Qn and Rn 
parameters which is shown below:
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The four parameters of the system noise 
covariance matrix and the measurement noise 
matrix will be considered as free variable to 
be tuned by PSO. The fitness function used 
to evaluate the parameters will be based on a 
mean squared error (MSE) criteria in order to 
estimate the speed. The mean squared error is 
determined by the following formula:

MSE n Y Y1
i i

i

n
2

1

= -
=

^ hW/

In the following section, two methods of 
implementing PSO into EKF will be presented. 
Firstly, the fitness function will compare the 
measured speed and the EKF estimated speed 
and calculate the MSE between them. This 
method will be done in theoretically offline. 
Nevertheless, it is still a good demonstration 
of the usefulness of the implementation 
of PSO into EKF. The sensor less method 
consists of comparing the stator current β with 
its EKF counterpart and once again comparing 

them to obtain the MSE. This method, on the 
other hand, could theoretically be executed in 
real time hence rendering the need for a speed 
sensor obsolete. 

Figure 4. Block diagram of method 2

6. Simulation results

In this section, the induction motor model 
has been built in MATLAB Simulink as 
shown in Figure 2. The EKF algorithm was 
also written in a MATLAB file, moreover the 

 

Figure 5. Estimation of the speed with method 1
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fitness function which incorporates the EKF 
algorithm is written as a function file.

Band-limited white noise blocks which 
generate normally distributed random numbers 
have been added to the simulation in order to 
simulate noise and show the effectiveness of 
the EKF-PSO system. The induction motor 
has been fed a three-phase sinusoidal voltage 
input with a sample time of 1 10 4$ - seconds. 

The key problem of the EKF has always been 
determining the appropriate covariance matrix, 
since a too high or too low value of covariance 
matrix can lead to different problems which 
will constraint the performance of the EKF. For 
example, if the system noise covariance matrix 
Q is too low, it may causes lag error, while 
a too high Q permits the EKF to follow the 
measurements but produces noisy estimations. 
Furthermore, when the measurement noise 
covariance matrix R is too small, it will lead to 
an unsteady and erratic estimation, and when R 
is too big, it would lead to lag error, similarly 
to a too small value of Q. A classical method to 
determine the value of Q and R is to manually 
input different values for the covariance matrix 
but this method can be highly consuming and 
not very evident for a non-expert user. 

Table 1. Manuel inputs of Q and R values

Case Values of Q and R

1 ,q q q r1 10 1 10i i
4 1$ $= = = =} ~
- -

2 , ,q q q r1 10 1 10 1 10i i
4 2 1$ $ $= = = =} ~
- - -

3 , ,q q q r1 10 1 10 1i i
3 2$ $= = = =} ~
- -

4 , ,q q q r1 10 1 10 1 10i i
6 2 2$ $ $= = = =} ~
- - -

5 , , ,q q q

r

1 10 1 10 1 10

1 10

i

i

9 11 5

4

$ $ $

$

= = =

=

} ~
- - -

-

6 , ,q q q r1 10 1 10 1 10i w i
7 2 1$ $ $= = = =}
- - -

7 , , ,q q q

r

1 10 1 10 1 10

10

i

i

3 4 5$ $ $= = =

=

} ~
- - -

8 , ,q q q r1 10 1 10 10i w i
3 4$ $= = = =}
- -

9 , , ,q q q

r

1 10 1 10 1 10

10

i

i

3 4 2$ $ $= = =

=

} ~
- - -

The MSE of each case shown in  is presented 
in Figure 6. The MSE is calculated by 
comparing the value of the measured speed 
and the estimated speed through EKF. The 
worst case in scenario is case 1 where the MSE 
is 53.82 while the best case in scenario is case 
9 where the MSE is 1.30. Case 1 till 9 have 
been put in order of their respective MSE 
however, as seen in Figure 7, the values for  Q 
and R do not exhibit an obvious pattern. This 
renders the process of tuning the covariance 
matrices relatively unintuitive towards 
newcomers. Moreover, the process can be 
extremely time-consuming. The necessity for 
a method to determine the values of Q and R is 
therefore primordial to ensure an accurate 
estimation. The first method mentioned in 
section 5 while can only be operated offline 
where the speed of the rotor can be measured, 
is an good way to show the effectiveness of 
the PSO-EKF framework. The PSO will 
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provide us with a more tuned value of Q and R 
in less time.

 

Figure 6. MSE values according to each case

 

Figure 7. Values of Q and R for each case

Upon running the PSO algorithm,  and  have 
been tuned in order to optimized to MSE 
between the EKF estimation and the actual 
speed. After 7 iterations, a MSE of 0.17 has 
been achieved. Figure 8 shows the evolution 
of the MSE after each iteration. Due to the 
exponential variation of the inertia weight, the 
exploration of the swarm was extensive 
initially, moving forward, the inertia weight 
experienced a rapid decrease which promotes 
a faster convergence. The optimized value for  
and  are shown to be .q 4 8 10i

3$= - ,
.q 7 1 10 5$=} - , .q 2 7 10 3$=~ - , .r 39 4i =  

 

Figure 8. Values for each PSO iterations

As seen in Figure 5, the difference between the 
green line (EKF without PSO) and the cyan 
line (actual speed) shows a clear discrepancy 
while the red line (EKF+PSO) tracks the cyan 
line while being much smoother than the latter. 
error between the EKF model and the actual 
is clearly higher than the error between the 
EKF+PSO model and the actual speed. Figure 
9 reiterates this point.

 

Figure 9. Graph of the error for each model

The sensor less method mentioned in section 
5, unlike the first method mentioned above, 
can theoretically be applied to our problem: 
estimation of rotor speed without a sensor. 
Instead of comparing the EKF’s rotor speed 
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provide us with a more tuned value of Q and R 
in less time.

 

Figure 6. MSE values according to each case

 

Figure 7. Values of Q and R for each case

Upon running the PSO algorithm,  and  have 
been tuned in order to optimized to MSE 
between the EKF estimation and the actual 
speed. After 7 iterations, a MSE of 0.17 has 
been achieved. Figure 8 shows the evolution 
of the MSE after each iteration. Due to the 
exponential variation of the inertia weight, the 
exploration of the swarm was extensive 
initially, moving forward, the inertia weight 
experienced a rapid decrease which promotes 
a faster convergence. The optimized value for  
and  are shown to be .q 4 8 10i

3$= - ,
.q 7 1 10 5$=} - , .q 2 7 10 3$=~ - , .r 39 4i =  

 

Figure 8. Values for each PSO iterations

As seen in Figure 5, the difference between the 
green line (EKF without PSO) and the cyan 
line (actual speed) shows a clear discrepancy 
while the red line (EKF+PSO) tracks the cyan 
line while being much smoother than the latter. 
error between the EKF model and the actual 
is clearly higher than the error between the 
EKF+PSO model and the actual speed. Figure 
9 reiterates this point.

 

Figure 9. Graph of the error for each model

The sensor less method mentioned in section 
5, unlike the first method mentioned above, 
can theoretically be applied to our problem: 
estimation of rotor speed without a sensor. 
Instead of comparing the EKF’s rotor speed 

Số 36 | 115

TẠP CHÍ KHOA HỌC VÀ CÔNG NGHỆ NĂNG LƯỢNG - TRƯỜNG ĐẠI HỌC ĐIỆN LỰC
(ISSN: 1859 - 4557)

estimation with the actual rotor speed which 
we would need a sensor on the motor shaft 
to retrieve, we would compare the already 
measured stator current and the EKF’s 
estimation of the stator current. As before, 
the PSO will algorithmically determine the 
optimized value for  and  in order to reduce 
the optimized value of the MSE between the 
measured stator current and the estimated 
stator current. After the PSO has been ran, the 
following values of Q and R: .q 8 4 10i

3$= -

, q 1 10 4$=} - , .q 4 0 10 3$=~ - , .r 38 2i =  have 
been achieved. The MSE between the actual 
stator current and the estimated stator current 
is 0.46 while the MSE obtained between the 
actual rotor speed and the estimated rotor 
speed is 0.23. It is noted that the lower the MSE 
between the stator current and its estimation 
does not necessarily induce a better estimation 
of the rotor speed. Another important aspect 

is the smoothness of the estimation as seen in 
Figure 10.

 

Figure 10. Estimation of the stator current 
(zoomed in)

A more “accurate” estimation of stator current 
with lower MSE but higher variation from step 
to step does not lead to an accurate estimation 
of the speed. In fact, it creates much higher 
degree of error in the estimated rotor speed. 

Figure 11. Estimation of speed with the sensor less method
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By using the PSO algorithm, a lower MSE 
between the stator current and estimation 
can be achieved: 0.389 which gives us better 
tracking of the stator current as shown in 
Figure 12. It may follow the measured stator 
current in closer fashion but does not lead to 
a more accurate estimated speed as shown in 
Figure 13.

 

Figure 12. Estimation of stator current  
(0.389 MSE)  

 

Figure 13. Estimation of speed according to the 
MSE of stator current estimation

Figure 13 emphasizes the fact that not only 
the MSE of the estimation of the stator current 

plays a role in the speed estimation process. 
Another important factor is the smoothness of 
the estimation. 

In order to use the smoothness of the estimation 
as a factor in the tuning process, the fitness 
function must therefore be changed to take 
into account the smoothness of the curve. The 
fitness function will then be the following:

( & ) ( )Fitness MSE i i Var iestimated measured estimated$ $a b= +

Whereas, 

( )Var i N i1
1

,estimated estimated i i
i

N

1

2

estimatedn= - -
=

/

With, α and β being weighted coefficients. This 
is extremely important, as mentioned before, 
a too small MSE lead to a noisy estimation of 
the stator current so a weighted coefficient will 
emphasize the importance of the smoothness 
of the estimation. After trial and error, α=1 
& β=2 have been chosen. Unlike, the fitness 
where the smoothness of the estimation was 
not taken into account, the position bound 
of the PSO had to be extremely narrow, the 
position bound using a weighted coefficient 
where the smoothness of the estimation is 
taken into account can be widen, for example 
the search space for q}  initially set stricter than 
in method 1 (from 0 till 0.0001) can now be 
widen (from 0 till 0.1).

To determine the desired criteria, the reference 
will be the MSE of 0.46 and a variance of 
iestimated of 1.93. So, the fitness function should 
be smaller than 4.32. The chosen criteria is 
then selected to be 4.3. 

118 | Số 36



116 | Số 36

TẠP CHÍ KHOA HỌC VÀ CÔNG NGHỆ NĂNG LƯỢNG - TRƯỜNG ĐẠI HỌC ĐIỆN LỰC
(ISSN: 1859 - 4557)

By using the PSO algorithm, a lower MSE 
between the stator current and estimation 
can be achieved: 0.389 which gives us better 
tracking of the stator current as shown in 
Figure 12. It may follow the measured stator 
current in closer fashion but does not lead to 
a more accurate estimated speed as shown in 
Figure 13.

 

Figure 12. Estimation of stator current  
(0.389 MSE)  

 

Figure 13. Estimation of speed according to the 
MSE of stator current estimation

Figure 13 emphasizes the fact that not only 
the MSE of the estimation of the stator current 

plays a role in the speed estimation process. 
Another important factor is the smoothness of 
the estimation. 

In order to use the smoothness of the estimation 
as a factor in the tuning process, the fitness 
function must therefore be changed to take 
into account the smoothness of the curve. The 
fitness function will then be the following:

( & ) ( )Fitness MSE i i Var iestimated measured estimated$ $a b= +

Whereas, 

( )Var i N i1
1

,estimated estimated i i
i

N

1

2

estimatedn= - -
=

/

With, α and β being weighted coefficients. This 
is extremely important, as mentioned before, 
a too small MSE lead to a noisy estimation of 
the stator current so a weighted coefficient will 
emphasize the importance of the smoothness 
of the estimation. After trial and error, α=1 
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not taken into account, the position bound 
of the PSO had to be extremely narrow, the 
position bound using a weighted coefficient 
where the smoothness of the estimation is 
taken into account can be widen, for example 
the search space for q}  initially set stricter than 
in method 1 (from 0 till 0.0001) can now be 
widen (from 0 till 0.1).
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Figure 14. Error values for PSO

 
Figure 15. Zoomed in estimation of stator current 

(0.47 MSE)

As shown in Figure 14, after 4 iterations of the 
PSO, a fitness value of 4.25 has been achieved. 
The MSE between the estimated current and 
measured current is 0.47 higher than the MSE 
achieved with the prior fitness function. To 
compensate for this fact, the estimation is then 
smoother as seen in Figure 15.

 

Figure 16: Zoomed in estimation of speed with 
sensor less method (Smoothness taken into 

account)

The following covariance matrices are 
obtained: .q 4 9 10i

3$= - , .q 6 2 10 5$=} - , 
.q 3 8 10 3$=~ - , .r 39 0i =  . The MSE between 

the measured speed and the estimated speed 
is 0.2086 which is even smaller than when the 
smoothness of the stator current estimation 
wasn’t taken into account. As depicted in 
Figure 16, the estimated speed still tracks the 
actual speed while reducing the noise of the 
actual speed. 

In summary, with both methods, the PSO 
algorithm have significantly increased the 
accuracy of the speed estimation. While the 
sensor less method couldn’t reach the same 
accuracy as the first method, it nevertheless 
remains a good option for speed estimation 
without a need for a speed sensor. The 
estimation of the speed through PSO still 
tracks the speed whilst reducing its noise as 
seen in Figure 5, Figure 11 and Figure 16 for 
the first method and the sensor less method 
respectively. 
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7. Conclusion

This paper advocates for the importance 
of speed estimation in induction motors. 
An accurate speed estimation is extremely 
important when using induction motors. The 
Extended Kalman Filter is primordial in order 
to estimate the speed of the rotor and to filter out 
the environment’s noise. Along with the PSO 
algorithm which optimizes the  and  covariance 
matrix, which is essential to the operation 
of the EKF, an accurate speed estimation of 
the rotor has been achieved. Simulations in 
MATLAB Simulink have proven that the PSO 

algorithm can significantly improve upon the 
EKF by optimizing  and . Furthermore, two 
methods of implementing the PSO into the 
EKF have been demonstrated. On one hand, 
in the case where the actual speed is measured, 
the PSO+EKF framework can efficiently and 
accurately estimate the speed and reduce its 
noise. While, on the other hand, in the case of 
the sensorless induction motor, the PSO+EKF 
can still estimate the speed accurately, albeit 
with a lesser degree of accuracy than the 
former.
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