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Abstract—In this article a fault detection scheme for stator
winding short circuit fault detection in the case of a three
phase induction motor is being presented. The three phase
motor is being modeled in the equivalent two phase motor
(q−d) space, while the modeling of the faulty case is being also
formulated. The motor is being identified by the utilization
of Set Membership Identification (SMI) that has the merit of
identifying both the parameters of the motor as also providing
uncertainty safety bounds by calculating orthotopes which
bounds the systems parameter vector. Based on the volume
and the trend of these orthotopes, rules for identifying the

existence of a fault are being presented. If the current values
of the identified parameters do not lie inside the safety bounds
in the healthy case, but lie in an area that is being defined
by the model of the short circuit case, then a fault is being
triggered. Detailed analysis of the proposed approach as also
extended simulation results are being presented that prove the
efficiency of the suggested scheme.

NOMENCLATURE

Vsa, Vsb, Vsc : Stator’s three phase voltages (V )

Vra, Vrb, Vrc : Rotor’s three phase voltages (V )

ira, irb, irc : Rotor’s three phase currents (A)

isa, isb, isc : Stator’s three phase currents (A)

rs, rr : Resistance of stator’s and rotor’s winding (Ohm)

Lss, Lrr : Stator’s and rotor’s self–inductances (Henry)

Ls, Lr : Stator’s and rotor’s self inductance (Henry)

Lm : Mutual inductance (Henry)

ωr : Rotor’s angular speed (rad/sec)

ωm : Rotor’s speed (mechanical) (rad/sec)

ωs: Supply angular frequency (rad/sec)

P : No. of poles pairs

J : Moment of inertia (Kg ·m2)

TL : Load torque (Nm)

Te : Electromagnetic torque (Nm)

q : Quadrature axis frame

d : Direct axis frame

s : Stator quantities

r : Stator quantities

ψs, ψr : Stator’s and Rotor’s fluxes (Weber)

θ : Angular position in the frame of motor (Deg)

θr : Angle between rotor’s phase axis and stator’s phase axis

β : Angle between rotor’s phase axis and stator’s phase axis

I. INTRODUCTION

Induction motors are critical components in many in-

dustrial processes, while at the same time these motors
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pose significant advantages when compared to the DC and

synchronous motors in aspects, such as size, efficiency, cost,

life span and maintainability [1]. Moreover induction motors,

which represent one of the enabling technologies, in the

modern commercial and industrial processes, are sometimes

referred to as the “workhorses of modern industry” [2],

while in the recent years, the detailed study of their dynamic

behavior, has received a significant consideration [3].

The most common faults that could be appeared in the

rotor and the stator of an induction motor are: a) short

circuit stator winding, b) broken rotor bars [4], and c) bearing

failures and dynamic or static air gab irregularities [5]. From

all these types of faults, the stator winding short–circuit faults

comprise around 40% of all the reported motor faults. It is

necessary to detect this type of fault, as soon as possible,

since it has the potential to develop into a catastrophic system

failure with an eventual significant damage to the motor’s

core [6, 7].

In the relative scientific literature there have been proposed

multiple fault detection techniques that based their operation

on: a) spectral analysis of stator currents [8] and b) sta-

tor voltage and electromagnetic torque [9]. These methods

base their operation on the detection of spectrum lines at

certain frequencies using classical methods like Fouriers

analysis [10] and are quite simple to be implemented, while

these methods have been applied widely for fixed speed

applications. In industrial applications under varying speed

and with a direct power supply, these methods are not

well adapted because electrical signals are not stationary.

Recently, continuous time identification has been used to

perform diagnosis procedure, the objective of these methods

was the detection of faults occurring in induction machines,

these techniques study the deviation of parameters to detect

and localize faults [9, 10].

In parallel to these fault detection schemes, Set Mem-

bership Identification (SMI) [11, 12] has received a growing

attention in the past years suggesting a quite important tech-

nique for system identification with bounds of uncertainty.

In the SMI scheme a priori assumptions about the corrupting

noise in the system are being taken under consideration in

order to constrain the identified parameters to certain sets.

The adaptation capabilities of the recursive implementation

of the SMI–algorithms suggest their usage in robust identi-

fication schemes, while several versions of SMI–algorithms

have recently appeared in the literature [13–16], including

different methodologies for bounding the uncertainty and

with the capability of being calculated recursively and on-

line.
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The main novelty of this article stems from the adaptation

of the SMI approach to the problem of fault detection and

more specifically to the problem of detection stator winding

short circuit detection. To the author’s best knowledge this

is the first time that such an approach is being reported

in the scientific literature. The extension of this scheme to

other types of fault can support a general fault detection

framework, where fault diagnosis could be also performed

in parallel with the fault detection scheme. The simplified

modeling (two phase models) for the healthy and the faulty

cases, and the safety intervals for the online SMI for the pa-

rameters, are establishing a robust fault detection scheme that

could be directly transferred to real–life implementations.

The rest of the article is being structured as it follows.

In Section II the model derivation and simplification, for

the healthy and the faulty cases are being derived. In Sec-

tion III the SMI scheme is being presented coupled with the

reasoning rules for detecting the occurrence of a fault. In

Section IV multiple simulation results that prove the efficacy

of the proposed methodology are being presented, while the

conclusions are drawn in the last Section V.

II. INDUCTION MOTOR MODELING

A. Healthy Case

In general an induction motor can be modeled as a three

phase model or as an equivalent quadrature phase model [17],

while the voltage balance equations for the case of a three

phase induction motor can be formulated as [18, 19]:

V= p ψ +R i (1)

where

ψ = [ψsa ψsb ψsc ψra ψrb ψrc]
T (2)

V = [Vsa Vsb Vsc Vra Vrb Vrc]
T (3)

i = [isa isb isc ira irb irc]
T (4)

R = diag
[

rs rs rs rr rr rr

]

(5)

and rsa = rsb = rsc and rra = rrb = rrc in the balance case

of motor, the operator p is equal to the first derivative d/dt

Vsa = Vmsin(ωst)

Vsb = Vmsin(ωst − 2π/3) (6)

Vsc = Vmsin(ωst − 4π/3)

and the relation between the phase linkages and the phase

currents is provided by: [19]

ψ = L i (7)

In this formulation the values of the inductance matrix L

depend on the rotor’s electrical angle and the type of the

utilized model [7]. For simplifying the three phase model,

the equivalent two phase model will be extracted that has

been converted to the q− d coordination frame, as it has

been presented in Figure 1 [20].

In this figure the schematic diagram of the 3–phase

induction motor with the d − q axes superimposed is being

presented, where the q–axis lags the d–axis by 90 o. A voltage
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Fig. 1. q-d model of induction motor

Vas is applied to stator phase and the corresponding current

flow is ias. The phases b and c have not been presented on this

scheme in an attempt to maintain clarity. In the d−q model,

the coils DS and QS replace the stator phase coils as, bs and

cs, while coils DR and QR replace the rotor phase coils ar,

br and cr. In Figure 1 only the four coils DS, QS, DR and

QR are being presented to illustrate the simplification from

the 3-phase induction motor with six coils to the case of a

2-phase induction motor with four coils. For predicting the

mechanical and electrical behavior of the original machine

correctly, the original abc variables Fabc must be transformed

into the d − q variables Fqdo and this is being carried out

through Park’s transform as it follows [21]:

Fdqo = Tqdo ·Fabc (8)

Vdqo = Tqdo ·Vabc (9)

idqo = Tqdo · iabc (10)

where

Tdqo =
2

3





cosθ cosθ1 cosθ2

sinθ sinθ1 sinθ2

1/2 1/2 1/2



 (11)

and

Vdqo = [vq vd v0]
T (12)

idqo = [iq id i0]
T (13)

with θ1 = θ − 2π/3, θ2 = θ − 4π/3. In the case that the

saturation and the fraction effects are being neglected, the

balance voltage equation of the three phase induction motor

in q− d model are provided by:

Lqd pi
sr
qd = V

sr
qd−Rqdi

sr
qd (14)

and the pisrqd can be calculated as:

pisrqd =−L−1
qdRqdi

sr
qd+L

−1
qdV

sr
qd (15)
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where

Vsrqd = [vqs vds vqr vdr]
T (16)

isrqd = [iqs ids iqr idr]
T (17)

Lqd =









Ls 0 Lm 0

0 Ls 0 Lm

Lm 0 Lr 0

0 Lm 0 Lr









(18)

and

Rqd =







rs 0 0 0
0 rs 0 0
0 −ωr/ωs Lm rr −ωs/ωs Lr

ωr/ωs Lm 0 ωr/ωs Lr rr






(19)

After these formulations, equation (18) can be re–written in

a state space form as:










diqs

dt
dids
dt

diqr

dt
didr
dt











= A









iqs

ids

iqr

idr









+ B









Vqs

Vqr

0

0









(20)

where:

A = −RqdLqd
−1 (21)

B = Lqd
−1 (22)

and with the A and B matrices defined as:

A =
1

δ









−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs

Lm rr 0 −Ls rr wr δ
0 Lm rr −wr δ −Ls rr









(23)

B =
1

δ









Lr 0 −Lm 0

0 Lr 0 −Lm

−Lm 0 Łs 0

0 −Lm 0 Ls









(24)

and δ defined as:

δ = Ls Lr −Lm2 (25)

Finally, the resulting equations for the torque and the motor’s

accelerations for the three phase induction motor are:

Te =
3

2
P Lm[iqs idr − iqr ids] (26)

In the presented formulation the fraction effect has been

neglected and the equation of the mechanical angular speed

will become:

J
dωm

dt
= Te −TL (27)

B. Stator Winding Short Circuit Modeling

Although induction motors are reliable electric machines,

they are susceptible to many electrical and mechanical types

of faults [5]. Electrical faults include stator faults resulting

in the opening or shorting of one or more of a stator

phase winding, broken rotor bars, and broken end rings,

while mechanical faults include bearing failures and rotor

eccentricities[1]. The focus of this research effort is on the

stator faults during short circuit between stator winding,

which happen in one phase of the motor. In the examined

case all the stator parameters are considered to be identical

when short circuit happens in the winding of the three

phase induction motor, while both stator’s resistance and

inductance, as also the mutual inductances between stator

and rotor will be directly affected.
In the case of such a fault, the modified (faulty) versions

of matrices A∗ and B∗ should be utilized. In this case the
q−d reference frame transformation needs to be performed
to these equations and by assuming that the short circuit
occurs only in phase a of the stator for simplicity reasons
and without loosing generality, the resistance matrix of stator
with shorted turns in the q−d reference frame can be derived
as [7]:

r
qd0
sf

= rs





rs11 0 rs13

0 rs22 0
rs31 0 rs33



 (28)

where r
qd0
sf is the stator winding resistance matrix in the

faulty case. Let gsa be the percentage of the remaining un–

shorted stator windings in stator phase a and the non–zero

elements of the matrix r
qd0
sf are being defined as [7]:

rs11 =
1

3
(2gas + 1) , rs13 =

2

3
(gas − 1) , rs22 = 1

rs31 =
1

3
(gas − 1) , rs33 =

1

3
(gas + 1) (29)

while the inductance matrix in the faulty case will become
as [7]:

L∗f =







L11 0 L14 0
0 L22 0 L25

L41 0 Ł44 0
0 L52 0 L55






(30)

where the elements of L∗
f are being defined as [7]:

L11 =
1

3
(gas + 1)Ls +

1

9
(2gas + 1)2 Ls (31)

L14 = L41 =
1

3
(gas + 1)Lm , L22 = Ls +Lm (32)

L25 = L52 = Lm , L44 = L55 = Lr +Lm (33)

and

Rf
∗ =







r∗ 0 0 0
0 rs 0 0
0 −ωr/ωs L∗

m rr −ωs/ωs Lr

ωr/ωs L∗
m 0 ωr/ωs Lr rr






(34)

with:

r∗ = rs · rs11 (35)

L∗
m = Lm ·L14 (36)

Therefore the matrices A∗ and B∗ in the faulty case will

change and become:

A∗ = −R∗
f L

∗
f
−1

(37)

B∗ = L∗
f
−1

(38)

For applying the suggested fault detection scheme the 2–
phase model of the induction motor is being transformed to
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a MIMO ARMA system:







i̇qs(t)
i̇ds(t)
i̇qr(t)
i̇dr(t)






=







θqs(t)
θds(t)
θqr(t)
θdr(t)







T

·







Φqs(t)
Φds(t)
Φqr(t)
Φdr(t)







T

+







eqs(t)
eds(t)
eqr(t)
edr(t)







T

(39)

where the parameter vector θ j(t), with j taking values from

[qs, ds, qr, dr] is being defined as:

θ T
j (t) = [Fj,1(t) . . . Fn,1(t), Tj,1(t), . . . ,Tm,1(t)]

T (40)

with n, m the order of the denominator’s and numerator’s
polynomials respectively. The regression vector Φ j(t) is
formulated as:

ΦT
j (t) = (−y j(t −1).....−y j(t −n), . . . ,

u j(t +m−n−1), . . . , u j(t −n)) (41)

In equation (39) the disturbances corrupting the measure-

ments have been also taken under consideration, with the

assumption that the model dynamics are being affected by

an additive error, being bounded by a priori bounds defined

as:

γ j||e j(t)||
2 ≤ 1,∀ t (42)

Finally, in this MIMO ARMA modeling approach, the pa-
rameters in equation (40) for the case of j = qs in healthy
case are being defined as it follows:

Tqs,1 =
Lr

δ
Tqs,2 = b1(a1 +2a4 +a2b2)

Tqs,3 = b1(a
2
4 −2a1a4 −a2

5 +a2a3 −a2b2(a1 +a4))

Tqs,4 = −b1(a1a2
4 −a2 ∗a3 ∗a4 +a1 ∗a2

5 +

a2b2(a1a4 −a2a3)]

Fqs,1 = −(2a1 +2a4)

Fqs,2 = a2
1 +4a1a4 −2a2a3 +a2

4 +a2
5

Fqs,3 = −2a2
1a4 +2a1a2a3 −2a1a2

4

−2a1a2
5 +2a2a3a4

Fqs,4 = a2
1a2

4 +a2
1a2

5 −2a1a2a3a4 +a2
2a2

3

with:

a1 = −(Lr rs)/δ , a2 = (Lm rs)/δ

a3 = (Lm rr)/δ

a4 = −(Lr rr)/δ

a5 = ωr

b1 = Lr/δ

b2 = −Lm/δ

while by following the same formulation, the rest of the

dependencies between the F j and Tj and the ARMA for-

mulation could be extracted.

III. SET MEMBERSHIP FAULT IDENTIFICATION

Set membership identification (SMI) refers to a class of

techniques for estimating parameters of linear systems or

signal models under a priori information that constrains

the solutions to certain sets. The objective of the SMI

techniques is the determination of the feasible parameter set

that contains the nominal parameter vector and is consistent

with a linearly parameterizable model, the measurement data

and the a priori known bounded noise–error. Due to the

complexity in computing the feasible parameter set, the

majority of the SMI methods aims at the determination of

a more conveniently computable parametric set that outer

bounds the feasible parameter set [11, 22].
The SMI technique is based on the Weighted Recursive

Least Squares (WRLS) with a forgetting factor for identi-
fying the θ̂ motor’s parameters and can be formulated by
the following double recursions [23] in the sample instance
t and the MIMO case j as:

θ̂ j(t) = θ̂ j(t −1)+K j(t)(y j(t)−ΦT
j (t)θ j(t −1))

K j(t) = Pj(t)Φ j(t) = Pj(t −1)Φ j(t)(λ +ΦT
j (t)Pj(t −1)φ j(t))

−1

Pj(t) = (I −K j(t) ΦT
j (t))Pj(t −1)/λ

e j(t) = y j(t)−ΦT
j (t)θ j(t −1)

G j(t) = ΦT
j (t)Pj(t −1)Φ(t)

where Pj is the covariance matrix. In the SMI approach the
initial bounds γ for the corrupting noise ε j(t) are being
re–calculated in every iteration. This optimization in the
uncertainty description is evolving with the time, as the better
the knowledge of the parameters is, the smaller these bounds
are. For finding the optimal value of λ ∗

j (t) and fine tune
the SMI algorithm and achieve convergence, the maximum
positive root of the following equation should be calculated
in each iteration:

Fj(λ j) = α2, jλ
2
j +α1, jλ j +α0, j

α2, j = (ℓ+n−1)G2
j

α1, j = (2ℓ+2n−1+ γ j e2
j )−ξ j γ j G j)G j

α0, j = (ℓ+n)∗ (1− γ j e2
j)−ξ j G j γ j

ξ j(t) = ξ j(t −1)+
λ j

γ j
−

λ j e j

1−λ j G j

with ℓ = m+ 1. For finding the upper and lower boundary
for the identified parameters, the uncertainty bound σ j(t),
should be computed in every iteration. For delivering these
bounds, the smallest orthotope that bounds the ellipsoidal
uncertainty of the parameter and it is oriented parallel to the
parameter coordinate axes and centered on the centroid of
the ellipsoid is being calculated as:

σ j(t) =
√

diag(Pj(t)) (43)

while the corresponding ellipsoid and the equation of the
orthotope can be calculated from [11, 24]:

Ω j(t) = {θ j : (
1

|σ j,k(t)|
)(θ j, k − θ̂ j, k(t))≤ 1, k = 1, ....,n+m}

Assuming the binary representation index o, with o ∈
0, . . . , 2n+m,

o = αn+m+12n+m+1 − 1+ . . .+α221 +α120, (44)

the orthotope’s vertices V n+m+1
j, o (k), o= 0, . . . ,2n+m+1−1 are

related to the σ j parameters as:

V
p
j, o(k) = θ j(t)+ [α∗

j, n+m+1σ j, n+m+1(t), . . . ,α j, 1σ j, 1(t)]
T
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where α∗
j,(·) =

{

+ when a j, (·) = 1

− when a j, (·) = 0
, and the volume ratio

of the ellipsoid is being calculated by:

B j(t) = det−1 C j(t)

ξ j(t)
(45)

where C j(t) = Pj(t)
−1.

During the established fault detection scheme, the param-

eters of the induction motor are being constantly tracked,

while the corresponding confidence interval bounds are being

updated. In the case of a stator short winding fault, the

values of the identified parameters will be characterized by a

jump and a constant drift from the converged nominal values

of the motor, as also the new parameters’s bounds (faulty

case) will exceed the previous calculated bounds (healthy

case), which is a direct indication of a fault occurrence.

Based on the proposed SMI scheme for fault detection, the

following rules are being established. It is assumed that

the SMI scheme is providing smooth value updates for the

identified parameters. If a time window t1 is being defined,

then after the convergence of the parameters, small changes

in the identified values should be allowed. For the ad–hoc

defined bound B1 the following rule is being formulated:

θ o
j (t)− θ̂ j(t − t1 : t)| ≥ B2 (46)

Where θ o
j (k) denotes the j–converged identified parameter

,the notation · denotes a moving average time window of

length Tp1. Another two rules can be defined, that are

related with the volumes of the bounding ellipsoids and

orthotopes. The aim is to track the corresponding volumes

of the bounding ellipsoid/orthotope and allow only small

changes, as in the opposite case, this should generate an

event of a fault. By defining two ad–hoc boundaries as B 2

and B3 the following rules can be formulated:

Ωe,o
j (k)−Ωe

j(t − t2) : t| ≥ B2 (47)

V o
ort(t)−Vort(t − t3)≥ B3 (48)

where Ωe,o,V o
ort are the converged value of the ellipsoid in

healthy case.

IV. SIMULATION RESULTS

For evaluating the performance of the proposed SMI

scheme for fault detection, a model of an induction machine

has been considered with characteristics depicted in Table 1.

TABLE I

INDUCTION MOTOR PARAMETERS

Pole Numbers 4 rs 0.0616 per unit

Input Voltage 240V rr 0.0753 per unit

Frequency 50Hz J 0.00155 Kg.m

Lr 0.019 per unit Ls 0.019 per unit

Lm 0.01833 per unit

The first simulation results, will focus in presenting the

difference between the motor’s health and faulty case where

20% of short circuit in stator winding in phase ’a’ has been

considered. Those differences in terms of stator currents,

rotor angular speeds and torques are being presented in

Figures 2, 3, and 4 respectively. In Figure 2 the difference
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Fig. 2. The stator’s and rotor’s currents in the healthy and faulty case

between the healthy and the faulty cause is being presented,

where it is obvious that the currents, both in the stator and

in the rotor are being significantly increased in the case of a

fault in the stator windings. In Figures 3 and 4 it is depicted

that the fault is also affecting the steady values of the rotor’s

speed, which results also in a corresponding increase of the

motor’s temperature that might lead in additional faults, as

also the steady state torque, where as it was depicted in the

lower part of Figure 4, more oscillations are being appeared.
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W
r /

 W
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Fig. 3. The rotor angular speed of the motor in the healthy and faulty case

In the sequel, results from applying the proposed SMI

scheme for fault detection are going to be presented. In

Figures 5 and 6, the results from applying the SMI scheme

on the healthy motor are being depicted, only for the case

of having as input Vqs and output iqs, while similar results

have been obtained for the rest of the motor’s parameters.

As it can be observed from these figures the uncertainty

bounds are starting from a large value and in the sequence,

as the identification procedure is evolving and the identified

parameters are close to the nominal values, those bounds are

being decreased, until they reach their steady state value. It

should be noted that due to the size of the bounds the exact
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Fig. 4. The torque of the motor in the healthy and faulty case

values of the converged parameters is not clearly displayed

in this Figure.
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Fig. 5. SMI based identified parameters for Fiqs and corresponding
uncertainty bounds

In Figure 7, the case of a fault occurred at 4800 samples

(Sampling time Ts = 0.01) is being presented. Due to this

fault, a jump in the identified parameters is taking place. Also

it should be noted that in this case, the uncertainty intervals

are changing (due to the drift in the identified model) and

this leads in a bounds violation event, which indicates the

existence of the fault. Similar graphs can also be extracted

for all the identified parameters of the motor and without

loosing generality, in Figure 7, only the results for Tds,1 are

being displayed.

The effectiveness of the identification scheme can also be

examined by inspecting the volume of the bounding ellipsoid.

As it is being displayed in Figure 8 the volume is being

minimized and it is taking very small values as the identified

model matches the real one. In the event of a fault, the

identified values are being drifted to small values (resulting

from the faulty model representation) and thus is why the

bounds are being kept on monotonically being decreased. In

general in a case of an extreme fault, these bounds would

be significantly bigger and the event of the fault could be

produced straight forward by simple monitoring the volume

of the ellipsoids. In the case of the fault being produced

by stator’s short winding, the operation of the motor is still
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Fig. 6. SMI based identified parameters for Tiqs and corresponding
uncertainty bounds
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Fig. 7. Convergence of the Tds,1 parameter and corresponding bounds
before and after the occurrence of the fault

unaffected, and the result due to the fault is a parametric

drift and thus the simple inspection of the volume should

not be the only factor that should be monitored for fault

identification. In this case, the occurrence of the fault has

caused a jump on the ellipsoid volume, which was bigger

than the a priori defined bound (100) and thus the algorithm

is able to trigger a fault event.

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

10
−10

10
0

10
10

10
20

10
30

10
40

10
50

sampling Index

El
lp

so
id

 v
ol

um
e Fault Time

Fig. 8. Convergence of ellipsoid’s volume and corresponding effect of the
occurred fault

Finally, the effectiveness of the SMI scheme could also

be examined by measuring the volume of the bounding

orthotope. In Figure 9, the volumes of the polytopes gen-

erated for the Fqs,1 and Fqs,2 parameters are being displayed
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in accordance with the sample index. As in the previous

case, again the fault has generated an abnormal jump in the

orthotopes volume. By simple tracking the distance among

the centers of the polytopes and by applying the third rule

in fault identification, again the event of the fault could also

be triggered.
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Fig. 9. Convergence of polytope’s volume and corresponding effect of the
occurred fault

V. CONCLUSIONS

In this article a fault detection scheme for stator winding

short circuit fault detection in the case of a three phase

induction motor has been presented. The three phase motor

has been modeled in the equivalent two phase motor (q−d)

space, while the modeling of the faulty case has been also

formulated. The motor has been identified by the utilization

of the SMI algorithm that has the merit of identifying both

the parameters of the motor as also providing uncertainty

safety bounds by calculating orthotopes which bounds the

systems parameter vector. Based on the volume and the trend

of these orthotopes, rules for identifying the existence of a

fault have been presented as also extended simulation results

that proved the efficiency of the suggested scheme.
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