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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.
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Tom tat:

Dong ca cam ung ludn déng vai tro tién phong trong qua trinh cdong nghiép héa. Ti xay dung dén
cac phuong tién tu déng va xe dién, déng co cam tng ludn la su lua chon hang dau. Téc dé rotor la
mét thudc tinh thiét yéu dnh hudng dén hiéu suat cla déng co cdm wng, c6 thé duoc do truc tiép
bang cach st dung boé ma hoa quang hoc gan trén truc déng co. Tuy nhién, viéc s&r dung cdm bién
nay lam tang chi phi, kich thudc va trong lugng clia dong co, dong thai do tin cay va hiéu qua cla
cdm bién ¢6 thé bi anh hudng trong moi truding khac nghiét. Bai bao nay dé xuit mét phuong phap
st dung Bo loc Kalman m& rong (Extended Kalman Filter - EKF) dé udc tinh t6c do rotor véi hodc
khong can cdm bién, déng thai gidm nhiéu gay ra bgi méi trudng khac nghiét. Hon nira, véi viéc trién
khai thuat toan Toi uu hda Bay dan Hat (Particle Swarm Optimization - PSO), d6 chinh xac trong udc
tinh dugc cai thién dang ké. M6 phong trong MATLAB Simulink da dugc thuc hién dé nhan manh
thém hiéu qua cta khung EKF-PSO.

Tu khéa: B6 loc Kalman ma rong, toi uu héa bay dan hat, ddng co cdm tng.
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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
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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
estimate the rotor speed.
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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\nJrl,n =f‘(/x\n,n, un) (1)
Whereas, f{) is the state transition function
based on the state dynamics, is the control
input.

The covariance extrapolation equation:

of , Of .
+1n = o nnl Q. + n
Broin =5 bnlsy) + 0
.. Of . .
With Sp 38 the partial derivative of the state
transition function obtained per first order
Taylor series expansion. And Q is the system
noise covariance matrix.

The Kalman gain equation:

K, = Pn,n»J(g_i)T X (g_zpn,n-l (%) + Rn)J

g—’; 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\n,n = ;n,nfl + Kn (Zn - h(/x\n,n*]))

Xuns isthe priori state prediction vector of T ,
z 18 the measurement and /() is the observation
function.

The covariance update equation:

P, = (I_Kn g—g)Pn,nI
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Figure 1. Simplified diagram of the EKF
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8—]; will take the form of a Jacobian matrix like
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As the Extended Kalman Filter can model
a dynamic system despite of the noises and
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uncertainty, the 0 system noise covariance
and the R measurement noise covariance
matrix which are the mathematical modelling
of the noise are extremely important. All
covariance matrix takes the form of E =
(ee’). So, Q= E(w.,w,) and R, = (v,v.)
with w, being the process noise and v, 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 of. 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

be transfer back to MATLAB to be used as
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Figure 2. Simulink model of Induction motor
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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) = [XJ X2 X3 X4 X5]T
=lias iss Yo Y @]
U = [v&/»\‘ vlgl\']T

Zn = [ias i,é’s]T

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(Xn,m un) = [Xl,n+l Xon+1 X3n+1 Xan+1 XS,n+l]T

AoX1n t A1 X30 T A2XsnXsn T AUy,
AoXon T A1 X4p — A2 X30X50 T A3Uzn
J(Xnttn) =

AsX1n t AsX30 — As XanXsn

a4x2,n + a5-x4,n + a6-x3,nx5,n

| A7 X5n + as (-x2,n-x3,n - -xl,nx4,n) — n

Once the state transition function is achieved,
its Jacobian matrix is then derived:

[ Qo 0 iy Qa2T5n A2L4an
S 0 Qo — Q250 a, —A2T3n
% = ay 0 as T A6Xs5n T A6Tan
0 Qs A6 Ts,n as W6 T3

| T A8Tan AsT3n AsT2n  — AsTim as

Since, /() is the observation function which
links the state variables with the measurements.

So, the measurement matrix is the following:

With, /1 (x,,-1) =

X2n—1

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

{x(t-l— 1) =#z@),u(t)
2(t) =h(x(t)

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
are more particles to evaluate. On the other
hand, a smaller swarm size provides a faster
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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 x, and a velocity v..
Each particle represents a potential solution.
The best solution of each particle achieved
during the entire optimization process is
named p, =~ (local best position) while the
best solution to the problem of any particle is
named g, = (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.

Initialize swarm

v

[Random initialization of position andj

velocity

Evaluate each pamc[e and assign
gbest and pbest

Target reached?

—

gbest is the
i optimized solution

v

Compute new velocity and new
position

'

Obtain pbest and gbest ]

Figure 3. PSO algorithm flowchart

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

’l)(t+1) =w "Ui(t) +ciore (pi,best_xi(t))
+comye (gbcst_xi(t))
z(t+1)=ax(t) +o(t+1)

Whereas, r and r, are random coefficients
drawn from an uniform distribution of range
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[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, ¢, and c,
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

Q. and R are extremely important in the
operation of the EKF however, since they
which
properties are unknown, determining them

represent  noises corresponding
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 Q and R
parameters which is shown below:

(¢: 0 0 0 O]

0g 000 0
Q.=10 0 ¢4 0 Oland R,= 01T

000¢g O :

000 0 g

The four parameters of the system noise
covariance matrix and the measurement noise
matrix will be considered as free variable to
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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 =13 (v, V)
i=1

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  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.

Induction motor +
control input
I v
Extended Kalman Filter| Measured stator Covariance matrixes
(EKF) current tuned
I I Yes !
Estimated stator EKF with optimized
current MSElevaluator covariance matrixes €
Particle Swarm ¢ Optimized speed
Optimization No estimation

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
fitness function which incorporates the EKF
algorithm is written as a function file.

7 (D el e S ]
;' —EKF
( EKF+PSO
jl Theorical speed
w 100 - } Actual speed N
=) .
© f
s |
= |
@ |
3 J
50 - | |
0 ! | | | | |
0 05 1 1.5 2 25 3
time [s]

Figure 5. Estimation of the speed with method 1
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which
generate normally distributed random numbers

Band-limited white noise blocks

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 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
0 1is 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 qi:qw:]_.10747qw:7f-i:1.]_071

2 |g=¢=110"¢=1-10%rn=1-10"

3 ¢=110"¢=¢=110%rn=1

(ISSN: 1859 - 4557)

4 |1¢=¢=110%¢g=1-10"r=1-10"

5 | g=110"¢=1-10"¢=1-10"
r=1-10"

6 |¢g=¢=1107¢=1-10%7r=1-10"

7 ¢=1-10%¢=1-10"¢,=1-10",
r=10

8 |g=¢=110%¢=1-10"7r=10

9 l¢=110"%¢,=1-10"¢g,=1-107
r, =10

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 O 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 O 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 provide us with a more tuned
value of O and R in less time.
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Figure 6. MSE values according to each case
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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
QO and R are shown to be q1:48-1073,
¢@=71-10",¢,=2.7-10",7n =394

Error values
(=} =] =] o (=] (=]
> @ ~ © ©

o
w

02

01

Test No

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.

Not optimized
Optimized

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.
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Instead of comparing the EKF’s rotor speed
estimation with the actual rotor speed which we
would need a sensor on the motor shaft toretrieve,
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: ¢;=8.4-107,
g=1-10", g,=4.0-10", =382 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. Itis 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

(ISSN: 1859 - 4557)

1s the smoothness of the estimation as seen in
Figure 10.

250 (i
2+ -
)

151

0; [ ’ | ". i '

! {f J 1| H
00w nNn

25
127 128 129 13 131 132 133 134 135 136

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.

1' Eﬂ B .'l = ’V——:-n---.—dl-_ e, . S B S pa— ~
| EKF
| EKF+P30
a — Theorical speed
w 1001 | Actual speed 1
o [
& [
3
3 ) ]
50 i
0 | 1 1 1 1
0 0.5 1 1.5 2 25 3
time [s]

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.

T T T
m— gstimate | |
measure

Stator current (A)

i i L i i i i i .
132 133 134 135 136 137 138 139 14
time (s)

Figure 12. Estimation of stator current

(0.389 MSE)
160 — -
| L.-.,\, P g o R 3 A o
140 | & =
| MSE: 0.46
1200 MSE: 0.389 ||
| Actual speed
100 ; 1
iy [
5 80}
£ /
T 60|
3 \
40 -J‘
20 |
D ‘,
-20 L ' L L L
0 0.5 1 1.5 2 25 3
time [s] 10

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 =a- MSE (ieslimale(l &imeu,sm‘ed) + B ) Va/’r (ieslimale(l)
Whereas,

1 N
Va’f' (iestimated) - N — 1 Z
=1

2

Za@timatedti - /‘[iﬁstimamd

With, a and B 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, a=1
& B=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 ¢, initially set stricter than
in method 1 (from O 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
i of 1.93. So, the fitness function should
be smaller than 4.32. The chosen criteria is
then selected to be 4.3.
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Figure 14. Error values for PSO
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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.
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EKF
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Theorical speed
Actual speed

150 - |

151
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146

114 116 118 12 122 124 126 128 13 132
time [s]

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

The following covariance matrices are obtained:
¢=49-10", ¢=6.2-10", ¢,=3.8-107,
7:=39.0. 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

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

to estimate the speed of therotor and to filterout | & While, on the other hand, in the case of

the sensorless induction motor, the PSO+EKF
can still estimate the speed accurately, albeit

the environment’s noise. Along with the PSO
algorithm which optimizes the and covariance
matrix, which is essential to the operation i . jesser degree of accuracy than the
of the EKF, an accurate speed estimation of

former.
the rotor has been achieved. Simulations in
MATLAB Simulink have proven that the PSO
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