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ABSTRACT

Parameter estimation has found its applications in various
domains. In this paper, it is applied for fault severity
estimation. A method, using particle filter approach, for
estimating unknown constant fault parameters in stator
winding inter-turn short is proposed. These parameters are
insulation resistance and percentage of shorted turns. The
method uses only measurements of stator voltages and
currents. In order to effectively estimate the parameters,
firstly, a sequence components-based approach is applied to
derive an equality constraint on the magnitude of a state
variable, which works as additional information for
estimation algorithm based on state-state model. Secondly,
the variance reduction technique is applied to increase the
accuracy of the method.

1. INTRODUCTION

Induction machines are widely used in modern industries
due to its rugged construction. They are subject to faults due
to aging, severe operating conditions, and harsh
environments. These faults can be categorized into different
groups, including stator-related fault, rotor electrical fault,
rotor mechanical fault, and power electronic component
fault in the drive system (Henao et al., 2014). From amongst
this list, the winding inter-turn short is seen to be a common
fault, which can cause catastrophic damage to the electrical
machines and the associated systems. Once this fault has
occurred, it can result in severe faults such as phase-to-
phase, phase-to-ground faults (Arkan et al., 2001). This fact
highlights the importance of the diagnosis of this fault.

Condition-based maintenance requires the diagnosis process
to not only detect fault, but also evaluate the severity of the
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fault condition. In addition, the development of advanced
condition-based monitoring requires the incorporation of the
degradation prediction and remaining useful life (RUL)
estimation into an integrated health monitoring system. The
estimation of severity information becomes the enabler for
this development. Even though the fault detection for stator
winding inter-turn fault has been matured, the techniques for
its severity estimation remain limited. While various
quantities have been proposed to detect the fault, such as
those based on stator currents (Seshadrinath et al., 2014, De
Angelo et al., 2009, Tallam et al., 2002), fluxes (Henao et
al., 2003, Lamim Filho et al., 2014), vibration signals
(Lamim Filho et al.,, 2014, Jin et al, 2015), their
applications to severity estimation are limited. Firstly, it
lacks a physical link between these quantities and the fault.
Secondly, due to the influence of voltage imbalance, load
variation, and inherent asymmetry, these quantities may not
represent monotonic trend when fault progresses. The fault
parameters, which are the insulation resistance and fraction
of shorted turns, are closely related to the degradation
process, and hence the estimation of these parameters is
considered in this paper. Since fault develops and progresses
slowly, fault parameters can be considered as constant for
each fault severity level. The severity estimation, therefore,
becomes the problem of estimating constant parameters.
The fraction of shorted turns is estimated using observer and
parameter estimation techniques, as proposed in (Kallesoe et
al., 2004) and (Bachir et al., 2006), respectively. In (Angelo
et al., 2009), a severity factor is proposed for assessing fault
condition using sequence component analysis. It is
considered as an indicator combining the effects of both
fault parameters. However, they are tested for only small
values of fault loop resistance. In (Nguyen et al., 2015), a
closed-form solution for fault parameters based on the
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steady-state analysis of a faulty machine is proposed, but the
estimation accuracy can be influenced by the inherent
imbalance of voltage supplies. Also, since the closed-form
expression depends on angle information, it can be sensitive
to measurement errors. In (Nguyen et al., 2016), an
approximate equality constraint on fault parameters has
been applied to simplify the state-space model, so that only
one unknown parameter is estimated, and the other
parameter is determined using the constraint. In this paper,
an equality constraint, the magnitude of a state variable in
state-space model, is directly used as prior information for
the parameter estimation process. Both unknown parameters
are estimated simultaneously and no measurements, other
than voltages and currents, are required.

Particle filter (PF) has been proven to be a suitable
technique for parameter estimation (Orchard and
Vachtsevanos, 2009, Zio and Peloni, 2011). It can be
applied to nonlinear systems of non-Gaussian noise since it
does not require analytical forms of probability density
function (pdf). Also, considering parameter estimation for
modeling and prediction of the degradation process, there is
a set of different particles of which each will propagate on
their own trajectories. The significant convenience of the PF
based approach lies on its statistical nature, in which the set
of trajectories can be employed to manage the uncertainty of
data modeling and RUL estimation results. PF will be
applied to show the feasibility of PF-based approach for
parameter estimation, which is used directly for severity
estimation in this work, and can be applied for degradation
process modeling and RUL estimation, if required.

The contribution of the paper is threefold. The first is the PF
approach to fault parameter estimation of an induction
machine under inter-turn fault. The second is the derivation
of an equality constraint on a state variable in state-space
model, which helps reduce the range of the parameter
domain. Thirdly, the paper demonstrates the variance
reduction technique for estimating constant parameters. For
the filter-based approach, a constant parameter is modeled
as a random process in which the value in the next time step
is the sum of the current value and a random noise. The
value of this variance will have effect on the convergence
rate and range of the estimated parameters. In this paper, the
variance is reduced over time in the estimation duration to
improve its convergence and accuracy. The paper is
organized as below. Section 2 presents the qd model and
state-space model of a machine under fault. Section 3
discusses the PF approach. Section 4 derives the equality
constraint based on the sequence component model of the
faulty machine. Section 5 presents the estimation method
using the equality constraint. Section 6 provides simulation
results and discussions, and Section 7 concludes the paper.
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2. ANALYTICAL MODEL OF AN INDUCTION MACHINE
UNDER STATOR WINDING INTER-TURN FAULT

2.1. Description of Stator Winding Inter-Turn Short
Circuit Fault and Fault Parameters.

Fig. 1 shows the stator winding of a star-connected three-
phase induction machine under inter-turn fault in phase a.
The fault is represented by two parameters, the fraction of
shorted turns u, and fault loop resistance 1y, described as

Nan

N (M

#:

where N 5 and N, are the number of turns in the faulty

portion asy and the total winding as of the faulty phase
winding, respectively, and rf is the insulation resistance of
the stator winding fault loop portion.

b

c

Figure 1. Stator winding under inter-turn short circuit fault
in phase a.

2.2. qd Model of an Induction Machine under Stator
Winding Inter-Turn Short Circuit Fault

In this section, the model of a faulty machine under fault
occurring in phase a is described. The set of equations
describing the faulty machine is as follows (Tallam et al.,
2002, Nguyen et al., 2015).

da
Vgas = Rslgas + d—ids — URif [2/3 0]" ()
da —
. qdr 0 1
0= Ryigar +—i + [1 0 | R E)
Aqu = Lsiqu + Lmiqdr - HLsif [2/3 O]T 4)
Agar = Linigas + Lyigar — MLy [2/3 0] (5)
da
Trip = MR (igs = if) + d—tf ©)
A = u(Lyigs + Liniqr) — iy (Lls 5 ,uLm) )
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T, = TLm( iqsidr - idsiqr) E#Lmifidr ®)

dw, P
dt ZZ(TE _TL _Bwr) (9)
In the equations above, Vg4 =[Vas Vas]", iz =
ligs las]" . Aqas = [Aqs Aas]” . igar = llgr tar]” ,
Agar = [Agr  Aar]™ . vy, vy are the q-axis and d-axis
components of stator voltages. Ay, 445 are the q—axis and
d—axis components of stator flux linkages. A4, A4, are the

q—axis and d—axis components of rotor flux linkages. iy, igs
are the q—axis and d—axis components of stator currents.
igr lar are the gq—axis and d—axis components of rotor
currents. Ag is the flux linkage of the faulty winding portion.
[r is the fault loop current. Ry, R, are the stator resistance
and rotor resistance. L, Ly, L,, L,, are the stator inductance,
stator leakage inductance, rotor inductance, and magnetizing
inductance. T,is the electromagnetic torque. T is the load
torque. w, is the rotor speed. P is the number of poles. J is
the rotor inertia, and B is the friction coefficient.

2.3. State-Space Model of an Induction Machine under
Stator Winding Inter-Turn Short Circuit Fault

In order to estimate fault parameters, the state-space model
is augmented to incorporate the parameters as the new

. . . . a
variables.  Define  z; =iy, 2, = ig5,23 = —lgs + ;Aqs,

_ . a _ 1 . _ _ _
Zy = —lgs +Z/1d5’ Zs = JUif, 26 = 15,27 = U, Zg = W, and

state vector z = [z, Z, Z3 Z, Zs Zg Z7 Zg|T, input vector u
.. qT

[vgs vas To)™ . and output vector y = [igsigs| . the

corresponding state equations are

dz

== (A, + A, )z + B, + By, u + Bu (10)
y=Cyz (11
where
A=
bc —2a— % _ L
ALy, ;szz Ly z,(1—2z,/3)L 0,53
0
2R, 22,
Blyx, Blyy, |:L_ls + z,(1 — 227/3)Lls] 023 (12)
0
R Ze
052 012 L. Za=22/3)L, 013
02><2 OZXZ 02><1 02><3
BP
U o oo -3
ce ce 0
—J o B o
Ap, = _ ce _ ce (13)
(1+=)1 —(1+=)) 0u
L 04 O Ogal
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07x1
B, = |3cL,, P? (14)
? TZ} (2124 — 223 — 2325 — Z475)
2z, 0
3(1-22,/3)ys °
0 012
2z, 0
B, = 3(1-2z,/3)L, (15)
0 01x2
3(1-22,/3)ys °
L 0 05, |
glaxz 03
—9glxz 021
B, = 03y 034 (16)
0 -
| O1x2 2 ]
C, = [Izx2  O2x6] (17)

I,y is the n-by-n identify matrix, 0,,x,, is the n-by-m zero

. _[0 -1 _ (_Reld %)
matrlx.]—[1 0],a— ( v v )C
R‘er'd — _&'e =L_m’g =k'A = (a+E),B
LyV Ly v v a

(d - %) and V= L,L, — 2.

= Rrlm
Ly ’

3. PARAMETER ESTIMATION USING PARTICLE FILTER

PF is a generic technique for parameter estimation. It is a
sequential Monte Carlo technique that has been proven as an
effective technique for various prognosis problems (Orchard
and Vachtsevanos, 2009, Zio and Peloni, 2011). It can be
applied to nonlinear systems of both Gaussian and non-
Gaussian noise since it does not require analytical forms of
pdf. Instead, it approximates pdf by using a set of particles
and the associated weights (Arulampalam et al., 2002).
Moreover, compared to other estimation methods applicable
to nonlinear systems, such as extend Kalman filter, it does
not require linearization using Jacobian matrix.

PF is a nonlinear Bayesian filter which recursively estimates
posterior pdf through two steps, the prediction step to
estimate the prior pdf, and the update step to estimate the
posterior pdf using the current measurements. A pdf is
represented by a set of random particles along with
associated weights.

N

p(ZWly(1:0) = Y w0 8@ - 2000)  (18)
i=1

where z(k) means the value of z at instant k, z¥(k),i =

1: N, denotes a set of random particles drawn from

p(z(k)|y(1:k)), N is the number of particles, w® (k) is

the weight associated with particle z (k), and () is the
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Dirac delta function. Hence, the prediction and update steps
of a pdf become that of particles and weights in PF
approach. The particles and weights are chosen using the
principle of importance sampling (Doucet et al., 2000), and
hence the corresponding filter is called sequential
importance sampling (SIS) particle filter. A common
problem with the SIS particle filter is the degeneracy
phenomenon. That is, after few recursions, most of particles
converge to negligible weights. Other types of particle filter
such as auxiliary sampling importance resampling (Pitt and
Shephard, 1999), regularized particle filter (Musso et al.,
2001), and sequential importance resampling (SIR) (Gordon
et al., 1993) have been proposed to overcome this problem.
SIR technique is applied in this paper due to its intuitive and
simple implementation. The steps of SIR particle filter are
described in Fig. 2.

The discrete state-space model can be derived from the
model in Section 2.3 using the Eular method presented
(Braun, 1975).

z(k + 1) = f(z(k), u(k)) + v(k)
y(k) = C;z(k) +n(k)

where v and n are process and measurement noises with
variance matrices Q and R, respectively.

(19)
(20)

SIR particle filter algorithm
1. Initialize z®(0) and associated weights w@(0),i=1:N.and setk = 0.
2. Predict next state variables using the process model

2Dk + 1]k)~ p(z(k + 1|20 (K)),
ie. 2Ok + 11k) = F(29 (k|K), u(k)) + v O (k).
3. Calculate likelihood

wO(k +1) = p(yU) 2D (k + 1]k)).

4. Normalize weights

w Ok + 1)

wO(k +1).

wl(k +1) =
o

5. Resample
index = resampling(w'(k + 1)),
2Ok + 1]k + 1) = 29 (k + 1]k) (index).

6. k =k + 1, and start the iteration process again from Step 2 above.

Figure 2. Sequential steps of SIR particle filter.

4. CONSTRAINT OF A STATE VARIABLE USING SEQUENCE
COMPONENT-BASED APPROACH

The equality constraint is derived from the sequence
component model of the faulty induction machine. The qd
model of a faulty machine can be transformed into the
sequence component model (De Angelo et al., 2009) as

- . . 1 = . .
Vsp = (Rs +]wel’s) (Isp - gﬂlf) +]weLmIrp 21

7 i i 1 i i 22
Ven = (Rs +]weLs) (Isn - §#1f> + jwelply (22)
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R 3 I
0= (?T + jweLr) Iy + jweLy, (Isp -3 ulf) (23)
_ (R _ ;1 (24)
0= (m +]weLr) I'rn +]weLm (Isn §Au1f)
(Rf +jweLf)1~f = H(Zp + I7511) (25)

where I7Sp,l75n are positive and negative components of
stator voltages, respectively. I, [, are positive and
negative components of stator currents, respectively. frp, I
are positive and negative components of rotor currents,
respectively. I} is fault loop current phasor. w, is the excited

electrical frequency. s is motor slip. Ry = p (1 - 2—3”) R+ 1y,
2

and Ly = p (1 - ?ﬂ) L.

From Eq. (22) and Eq. (24), the fault-dependent quantity

% ul} and can be estimated as

SHl; = 4, (26)
where
. |14
By = Iy — Z— 27)
. Wi L,
Zon = (Rs +]weLs) + R (28)
2 _rs + jweL,

For applications in which motors are operated near the rated
speed, s is small, and hence %ul} can be calculated
assuming (2 — s) = 2. That is, it is independent of slip.

Further analysis on Eq. (25) provides
Auz (Vsp + Vsn)

uly = o (29)

?) Ry + 15+ jw.pu (1 - 2?“) Lys

It means the magnitude of % ul} depends on both parameters

u(l—

. 1 = .
u and 75. Therefore, magnitude of 3 ul¢, once estimated, can
be used as an equality constraint for the parameter

estimation algorithm.
~ 2 o~ 2
#21 Vsp + Ven

k(1= 2 Ry + 1702 + oo (1 -

|uly| = (30)

2u

)

5.A PROPOSED TECHNIQUE TO ESTIMATE FAULT
PARAMETERS BASED ON EQUALITY CONSTRAINT

The scheme to estimate fault parameters is proposed in Fig.
3. The algorithm is run until the estimate of zs, based on
the state-space model using the PF approach, is close to its
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estimated value using the sequence component approach,
expressed in Eq. (26).

Measure voltages and currents

|

Calculate sequence-based
indicators

|

Estimate magnitude of %ui, based

on sequence-based approach

Estimate zg, pt and 7 using particle
filter based on state-space model

Lo
| ZSIest_l'a'.u‘fle

f5uis

Figure 3. Scheme for estimating u and 7¢.
6. SIMULATION RESULTS

6.1. Simulation Design

The machine used in the simulation is a squirrel cage
induction motor of 1.5 kW, 415 V, and 10.2 Nm. The
parameters of the motor are shown in Table 1.

Table 1. Parameters of the induction machine used for

simulation.
Motor Value Motor Value
Parameter Parameter
R, 7.2050 Q L, 282.0 mH
20.17x 1073
R, 6.8255 Q) ] ke
Lys 13.1 mH B 4
L, 282.0 mH P 10"* Nm.sec
Rated T}, 10.2 Nm Rated w, 1427 rpm
7 1.7 0 u 10%

It is assumed that there are noises in the measurements of
voltages and currents only. Matrices Q and R can be derived
from the simulated Gaussian noise characteristics of
measurement devices. MATLAB® and Simulink® software
is used in the simulation. The simulation system is
organized into three modules. A m-file module generates the
stator currents. A Simulink model calculates the sequence
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components of stator voltages and currents and estimates
g,ul}. Another m-file model utilizes the magnitude of g,uff
as a constraint to estimate p and 7y using PF approach.

6.2. Validation of Equality Constraint

In order to validate the equality constraint, the estimate of
% ul} based on Eq. (26) is compared with the simulated
values under different fault severity conditions. They are
matching, as shown in Fig. 4.

0.8 !
— Magnitude of’ A,

W= 10%, 7,
0.7 |—Magnitude ul'ul‘ﬂ'}

25Q

0.6

-

P
Yo,1.=3.6CQ
f

f

ul/3 (Ampere)

A and

11.7 <3

0%, 1
= 0%, 1,

5

25¢
-

0%. ©
01 u=1 %o, 1,

0 0.5 I 1.5 25 3
T'ime (sec.)

"~

Figure 4. % ul} is estimated correctly using A,,.

6.3. Estimation of Fault Parameters without
Variance Reduction Technique

Using

The progression of fault parameters is expressed in the
equations below.

re(k + 1) = 1:(k) + qo(k) (31)

p(k +1) = p(k) + g, (k) (32)
where, gg~ N(0; 1078) and q,~N(0; 1071%). The estimate
of %,uff without using the constraint is shown in Fig. 5. PF
algorithm runs at 100 times with N = 100. The algorithm
can converge to wrong values of % uly. The corresponding
estimate of p is shown in Fig. 6. It can take values in large

range.

8
— Simulated _ul,ji!

o
(X}

o

\ _ulﬂ‘3 (Ampere)

=
LX)

—D.Eo

100

200

300
Tim step

400 500 600

Figure 5. Estimate of % /JI} without using equality constraint.
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0.16

—Simulated p

e

Fraction of shorted turn p

0.04

00 400 500 600
Time Step

Figure 6. Estimate of 4 without using equality constraint.

When the constraint is applied, the estimates of %,uff and p

are depicted in Fig. 7 and Fig. 8, respectively. p is estimated
correctly in a small range around the true value. As seen in
the figure, the algorithm converges fast to the estimated
values but without much adaptation.

0.2
—Simulated yl/3

o

) 100 200 300 400 500 600
Time Step

Figure 7. Estimate of % ,ul} using equality constraint.

—Simulated u

Fraction of Shorted Tum u
S e
8 =
. S

Oﬁ 100 200 400 500 600

300
Time Step
Figure 8. Estimate of y using equality constraint.

6.4. Estimation of Fault Parameters Using Variance
Reduction Technique

In this section, variances of q¢ and g, are varied according
to qg~N(0; 1073 — 4.999 x 1077 X kand q,~N(0; 1075 —
4.999 x 1079 x k. This provides large adjustments at the
early stage and ensures the convergence at the later stage.
Without using equality constraint, the estimate of % ,ul} is

still correct, as shown in Fig. 9. This is the advantage of
variance reduction technique. Estimate of p is depicted in

Fig. 10. Equality constraint helps increase the accuracy of
the estimation process, as shown in Fig. 11 and Fig. 12 for
estimates of p and 75 , respectively

—Simulated ul;i!

ul/3 éAmpere)
wm o o

o

-2

2 50 200 400 600 800 1000 1200
Time Step

1400 1600 1800 2000

Figure 9. Estimate of % yl}, using variance reduction,
without using equality constraint.

—Simulated

o o [ o
o

Fraction of shorted turn u

o

0 200 400 600 800 _ 1000 1200 1400 1600 1800 2000
Time Step

Figure 10. Estimate of u, using variance reduction, without
using equality constraint.

05 ~—Simulated value

0.45 -~ Estimate of u (Result 1)
Estimate of p (Result 2)

o
=

0.35

o
w

025 |

o
o

P

e 5 VS P VDU S PR 9= G G S
N

0.15,¢

Fraction of shorted turn u

e

0.05
00 200 400 600 800 1000 1200 1400 1600 1800 2000
Time step
Figure 11. Estimate of u, using variance reduction and
equality constraint.

—Simulated value
-.- Estimate of T (Resuit 1)

Estimate of A (Result 2)

Fault loop resistance n (€)
|
i
|
i
i

] 200 400 600 800 1200 1400 1600 1800 2000

1000
Time Step

Figure 12. Estimate of 7y, using variance reduction and
equality constraint.
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7. CONCLUSION

In this work, a parameter estimation method using particle
filter is proposed for estimating fault parameters of
induction machines under stator winding inter-turn short
fault. The estimation results are improved by applying an
equality constraint and variance reduction technique. The
equality constraint is derived from the sequence component
model of the faulty machine. Only measurements of stator
voltages and currents In this work, a parameter estimation
method using particle filter is proposed for estimating fault
parameters of induction machines under stator winding
inter-turn short fault. The estimation results are improved by
applying an equality constraint and variance reduction
technique. The equality constraint is derived from the
sequence component model of the faulty machine. Only
measurements of stator voltages and currents.
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