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ABSTRACT

In the industrial environment, the induction machine is generally the most used, given its low cost, its efficiency,
and its reliability. To obtain optimal operation, it is essential to collect values of its parameters (stator and rotor resistances
and inductions). This data can be used to prevent breakdowns and ensure these machines’ rational use. In this context, this
article proposes a new method to estimate the internal parameters of these machines using the KALMAN FILTER.
Simulations under the MATLAB environment have been developed. Their results show that the estimated parameters are

close to the nominal ones.
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1. INTRODUCTION

The Induction Machine (IM) is used in different
applications such as conveyors and wind turbines [1], and
their demand will increase with the massive orientation
towards electric vehicles. Despite the well-known qualities
of these machines, they are subjected during their
operation to electrical, magnetic, mechanical, and thermal
constraints, which cause changes in the internal
parameters of the motor. These changes, and their effects,
are reflected in their magnitudes, mainly on flux, currents,
speed, and torque, which can be used for parameter
estimation. Note that having the exact values of the
internal parameters of the IM will improve the control
performance [2] [3], and help monitor the health of the IM
[4].

The parameters of the IM are traditionally
estimated using three well-known offline methods. The
DC test, the no-load test, and the locked rotor test [5].
These offline methods are straightforward but highly
approximate. In addition, since the machine is coupled to a
mechanical load, proceeding with those tests in an
industrial environment is quite challenging. Furthermore,
the service must be interrupted while these tests are being
carried out [6]. To overcome these challenges, a wide
range of techniques for determining induction motor
parameters can be found in the literature [7]. Based on [8],
these techniques can be categorized into five classes:

=  Parameter calculation using construction data,

= Parameter estimation based on the steady-state model
of the IM.

=  Frequency-domain parameter estimation,

= Time-domain parameter estimation

= real-time parameter estimation.

Because it is fast, efficient, and easy to
implement, the recursive least square (RLS) is a popular
identification technique. Several studies for estimating IM
parameters based on the RLS algorithm have been

developed in this area. In [9], the RLS is used to estimate
the parameters in the steady state of the IM. In [10], a
Butterworth filter is used to reduce the effect of noise and
improve the estimation. In [11] and [12][13], the RLS
algorithm is used with the FOC controller to estimate the
time-varying parameters of the IM and improve the
control performance. Those methods provide good results.
However, the RLS algorithm is known for its sensitivity to
noise, and these studies are performed in the steady state
of the IM while the speed is considered constant.

This work is devoted to the estimation of the
internal parameters of the IM which includes, stator
resistance Rg, rotor resistance R,., stator leakage induction
L, rotor leakage induction L,, and magnetizing inductance
M. Compared to the previous works, the present study
aims to estimate the parameters of the IM while the speed
is variable using a linear Kalman Filter (KF). In the first
section, we were interested in modeling the IM in the aff
frame in by considering the different simplifying
hypotheses. This model is used to develop a new
regression equation for the estimation of parameters. In the
second section, the KF used for the estimation of
parameters is introduced. The third section contains the
results of the performed method. A conclusion will end the

paper.

2. MODEL OF SQUIRREL CAGE IM FOR
PARAMETER ESTIMATION

The first step of the estimation is to define a
suitable system model. This model will have to reflect as
accurately as possible all the phenomena that the designer
seeks to highlight, to predict the behavior of the physical
system in dynamic and static regimes. However, electrical
machines are too complex to be able to take into account
in modelling all the physical phenomena that they
undergo. Thus, it is then essential to introduce some
conventional simplifying assumptions which do not alter
the validity of the machine model. In this manner, we
model the squirrel cage IM, in the af stator frame, in a
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healthy operation, neglecting the effect of magnetic
saturation, Foucault's current, and the skin effect according
to the following equations [14].

The electrical dynamics of the IM are described
by the equations (1) and (2):

d@sa .
% = Vsa - Rslsa (L.1)
des .
7’* =V,p — Ryisp (1.2)
: . dorg
Vi =0 = Rylpqg — WrPrp + (gt (1.3)
. . doy
Veg = 0 = Rylpg + Gprg +—0 (1.4)
were
@sq = Lsisqg + Miyq 2.1
Psp = Lsisﬁ + Ml?‘ﬁ 2.2)
Pra = Misq + Lyiyg (2.3)
Orp = Misg + Lyirgp 24)
(@saPsp) are the stator flux in @f frame.
(@ra» 9rp) are the rotor flux in aff frame.
(isq » Lsp) are stator currents in aff frame.
(irq» iyp) are rotor currents in aff frame.
w, is the rotor pulsation.
From (2.1) and (2.2), we have

. —Lgi
i = fﬂszstlsoc (31)
. _ 9sp—Lrisp
g == (3.2)
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50:_ r-s S risa—pQrisﬁ— T Sf lsadt—}- r
dt oLsL, oLsL; Jg oLsL,
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oLg 0 oLg
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By integrating equation (8), we have

R.Lg + RSerT fT R.R ITJT
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Equation (9) doesn't use the rotor flux signals,
which are considered hard to measure, and it is linear in

replacing (3.1) in (2.3) and (3.2) in (2.4), we obtain.

Ly LyLg\ .
Pra = E(psa + (M - T) lsq “4.1)
Ly LrLg\ .
Prp =3, Psp T (M - 7) isg 4.2)
replacing (4.1) and (4.2) in (1.3):
dise _ RyLs*+Rsly . , Ry POy
a oLsLy lsag — pnrlsﬁ + oLsLy Psa T+ U_Ls(psﬁ +
e )

olLg
Replacing (4.1) and (4.2) in (1.4):

disg . RyLs+RsLy . p2 R
=P —p0.i. A —LssT _ BT + - +
dt Piirlsq oLsLy sB olLs Dsa oLsLy (psﬁ

VSB
oL (6)
With:

MZ
=(1-
- (1)

w, = pll,

£,Is the rotor speed, and ¢ is the leakage factor.

By integrating (2.1) et (2.2), one has

T, T
Psa = —Rs [ isqdt + [| Vegdt + C; (7.1)
T, T
Psp = —Rs [y ispdt + [ Vogdt + C, (7.2)
And using (7.1) and (7.2) in (5):
JTV dt—p—RSQ jTi dt (8)
o sa GLS r o sB
Rr T T
V,, dt 9
) | v ©

the coefficients 8 and can be expressed in the form of the
equation (10).
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This motor model's liner form enables the KF
identification procedure discussed in section 3 to calculate
the motors' electrical parameters.

Y=%¥ -0 (10)
Where:

VY= Vi Vo VW3 V¥, Vs Vg V; Vo Vg Vi)
0=[-0; —0, —03 0, —05 05 0; 69 0y 010]T
Y =g

We = t (13.9)
Yio=1 (13.10)

Finally, we can obtain the formulas for the motor
parameters, stator and rotor resistances ﬁs and ﬁr, leakage
inductance L, L, and the mutual inductance M and
magnetic leakage coefficient by assuming Lg = L,.And
using the above coefficients@ relationship formulas.

an  5=4, (14.1)
Were N 3
R, = =2 (14.2)
[
R R
0, =(—=+-L (12.1)
(G'LS a’Lr) ﬁ _ ﬁ _ % (14 3)
T %, :
6=p (12.2)
Fo_f _ 7 _ 0:106-658;
9, = RsRy (12.3) Ly=1L,=Lg = A (14.4)
oLgLy
Ry 5 = 040607 14.5
6y = - (124) 9= 55,-0.5, (14.5)
2 (1 _ \7F2
0 zcar_IL?s (12.5) M? = (1—-o0)Ls (14.6)
S
3. KALMAN FILTER FOR REGRESSION MODELS
O¢ ULL (12.6) Parameter estimation is the mathematical process
s of estimating the parameters of a system from its
0 1 127 measurements. This is done by minimizing or maximizing
77 oLs (12.7) a criterion using an estimation algorithm based on the
figure below.
0y = 22 (12.8) ()
u(t e .
Its () Studied System ‘ "
6y = C; (12.9) e(t)
910 = Cz (1210) L =
Maogel
And A y(t)
T [
= [ isdt 13.1
Yy fg sa (3.1 . Algorithm <
estimated
Y, =[] Dyipdt (13.2) parameters
T T. Figure-1. Parameter estimation method.
s = [y [y isedt? (13.3)
In this section, we describe the KF algorithm
Py = fOT fOT Voqdt? (13.4) used for the estimation as follows:
We consider a stochastic system defined by:
T T,
Ys = fo (-Qr fo lsﬁdt) dt (13.5) y(k) =T (k)6 + v(k) (15)
Pg = fOT (.Qr fOT Vsﬁdt) dt (13.6) . Wher§ y(k)is the observation, v(k)isthe noise
signals, (k) is the regressor, O (k)are the parameters of
T the system.
¥ 0 Voadt (13.7) To estimate the unknown parameters 6 we
- introduce the following recursive KALMAN filter [15]
W = [, Qpdt (13.8)  [16].
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Pk-1)yT (k)

00 = 00k = 1) + e tor iy

YAk - 1))

(v -
(16)
P(k=1)Yhpk)P(k—1)
P(k) =Pk —1) - Py (k)If(k—l)l[)T e 17)

= Q=Ew()wT(k)is obtained by considering the
following model of the system's parameters

(k) =0(k—1)+w(k)
= R=Ev?k)

(18)

Where Q >0, R > 0, 6(0)and P(0) are
deterministic and can be arbitrarily chosen. Based on [16],
we can estimate the time-varying parameters by estimating
Q and R. However, in this paper, we supposed that the
parameters are constant.

Note if Q = 0 and R = I, we obtain the recursive
least square algorithm.

4. SIMULATION AND RESULTS

The simulation of the proposed estimation
method is carried out with MATLAB by using the
numerical values of the parameters as follows:

Table-1. Nominal parameter values of the IM.

Parameter Nominal value
Ry 0.436
R, 0.8160
0.0693
Ly =1L, 0.0713

Next, the inputs (Vi,,Vsg) and the outputs
(isqr isp, Q) of the IM were measured with a simple time
of 10™*s and polluted with a white noise signal. The
obtained signals are illustrated in Figures 3, 4, and 5.
Those signals are used to construct the regressor W
described by equation (9) using the trapezoidal integration.

Afterward, the Linear Kalman Filter algorithm,
which is discussed in section 3, is used to estimate the IM
coefficients. A description of the estimation technique is
given in Figure-2. The obtained results are displayed in
Figures 6 to 12.

The simulation results for the estimated and
nominal values of coefficients 6; to 8, values are shown
respectively in Figures 6 to 12. This later indicates that the
estimates converge to the nominal values at steady-state
with little estimation error.

vV i
- ’ - 1 Lsh >
Vb »| Squirrel Cage i >
Ve > IM >
Yyvyy YYY
ap ap |
Vsa + ¢ Vs,ﬁ’ I.scr ‘ * is;’:’
Regressor <«
I v

Kalman filter

v0

Figure-2. The principle of the estimation of the machine
parameters
By estimating the coefficients 8, we obtain the
estimated parameters R, R,,Lg, L, and M by using the
equations in section 2. The obtained results can be seen in
the table below.

Table-2. Comparison between the estimated and nominal
parameters of the IM.

Nominal Estimated | Estimation
Parameter
value value Error
Ry 0.436 0.4342 0.4128 %
R, 0.8160 0.8166 0.0735 %
Ly =1L, 0.0713 0.07433 4.2496 %
M 0.0693 0.7229 4.3290 %

vsa
— vsb
TITITITITN

0 0.005 0.01 0.015 0.02 0.025 003

Figure-3. Measured voltage (V) in alpha-beta frame.
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zoom in

Figure-4. Measured currents ig,, i, (A) in alpha-beta
frame.
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1501 1

1001 1

Figure-5. Measured speed in rad/s.
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Figure-6. Comparison between the estimated and
nominal parameter 6;.

T T T T T
151
‘ estimation of theta2
10} Theta2 i
5| |
s f
-5 -
-10 1
-5k ‘ . ‘ . . ‘ L
0 0.2 0.4 0.6 0.8 1 12 14
Figure-7. Comparison between the estimated and
nominal parameter 6.
1500 ! B
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theta3
500 1
0 |
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Figure-8. Comparison between the estimated and
nominal parameter 6.
3000 .
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thetad
2000 8
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Figure-9. Comparison between the estimated and
nominal parameter 6,.
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Figure-10. Comparison between the estimated
and nominal parameter Os.
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Figure-11. Comparison between the estimated and
nominal parameter 6.
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Figure-12. Comparison between the estimated and
nominal parameter 6.

5. CONCLUSIONS

In this work, the electrical parameters of an
induction motor were effectively identified using an
approach based on the KALMAN Filter algorithm, using
stator currents, voltages, and the rotor speed. The linear
regression equation that is constructed from the dynamical
machine model in the alpha-beta frame serves to estimate
the model coefficients, those later, are used to estimate the
electrical parameters. The results demonstrate that the
obtained estimated parameters are close to the references
of the considered IM. This shows that the suggested
identification method for estimating induction motor
parameters is accurate.
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