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Luleå University of Technology
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Abstract—The aim of this article is to present a fault diagnosis
scheme for the case of squirrel–cage Three Phase Induction
Motors based on uncertainty bounds violation conditions. The
suggested scheme has the capability to diagnose two types of
faults: a) broken rotor bar and b) short circuit in stator winding.
The fault diagnosis is being performed through a two steps
procedure. In the first step the parameters of the healthy in-
duction motor are being identified by utilizing a Set Membership
Identification approach, where corresponding uncertainty bounds
are also being provided. In the second step, specific proposed
bound violation conditions for the fault detection and fault
diagnosis are being on–line evaluated during a sliding time
window. Multiple simulation results are being presented that
prove the efficacy of the proposed scheme towards fault detection
and fault diagnosis.

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)

mj 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

Nb : Numbers of machine rotor bars

I. INTRODUCTION

Induction motors are essential components in the vast ma-

jority of industrial processes, while due to the fact that these

motors are operating in difficult working environments, there

are numerous degrading factors such as: dust, temperature

variations, humidity, continuous operation, and heavy loads,

that effect the motor performance and are capable of creating

internal faults. Different types of motor faults may result

in different types of motor break down and sometimes in

a significant impact on the uninterrupted industrial process

operation [1].

Among the most common faults that can be found in the

area of induction motors are: a) opening or shorting of one

or more of a stator’s phase winding [2], b) broken rotor bar

or cracked rotor’s end-rings [3], c) static or dynamic air–gap

irregularities [1], and d) bearing failures [4].

For detecting the mechanical or electrical faults in a three

phase induction motor, multiple methods have been utilized

in the relative literature such as: 1) Artificial Neural Net-

works [5], 2) Fast Fourier Transforms [6], 3) Time Step

Coupled Finite Element–State Space [5], 4) Motor Current

Signature Analysis [7], 5) Wavelet, and Complex Park Vec-

tors [5], while all of these methods base their operation

on spectral analysis of stator currents [8], stator voltages,

and electromagnetic torque [9]. Recently, identification or

prediction techniques have been utilized to perform diagnosis

procedure for the occurred faults [6].

In parallel to these fault diagnosis schemes, Set Membership

Identification (SMI) [10], [11] has received a growing attention

in the past years as a quite important technique for system

identification with uncertainty bounds [12], [13], [14], [15].

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 is being derived. In Section III

the Set Membership Identification scheme is being presented,

followed by the proposed fault detection conditioning frame-

work in Section IV. Section V contains multiple simulation

results that prove the efficacy of the proposed methodology in

fault detection and fault diagnosis, while the conclusions are

drawn in the last Section VI.

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
[16], [17], [18], while the three phase model can be further
simplified by the utilization of the equivalent two phase model,
which has been converted to the q−d coordination frame [19].
Based on this approach, the original abc variables Fabc should
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be transformed into the corresponding d − q variables Fqdo
and this is being carried out through the utilization of Park’s
transform [20]. In the case that the saturation and the fraction
effects are being neglected, the state space equations of the
three phase induction motor are:

⎡
⎢⎢⎢⎣

diqs
dt

dids
dt

diqr
dt

didr
dt

⎤
⎥⎥⎥⎦= A

⎡
⎢⎣

iqs
ids
iqr
idr

⎤
⎥⎦+ B

⎡
⎢⎣

Vqs
Vds

0
0

⎤
⎥⎦

where:

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

⎤
⎥⎦

B =
1

δ

⎡
⎢⎣

Lr 0 −Lm 0
0 Lr 0 −Lm

−Lm 0 Łs 0
0 −Lm 0 Ls

⎤
⎥⎦

and δ = Ls Lr −Lm2.

B. Broken Bar Model of Three Phase Induction Motor

The event of a broken rotor bar causes asymmetry in the

resistance and inductance of the rotor’s phases, which results

in asymmetry of the rotating electromagnetic field in the air

gap between stator and rotor. Consequently, this will induce

frequency harmonics in the stator current. The impact of

broken rotor bars can be modeled by unbalancing the rotor

resistance, while the inductance changes are being neglected

due to their insignificance influence compared to the resistance

changes [21], [22]. The stator resistances and inductances stay

unchanged [22] and for simplicity purposes, for a squirrel–

cage rotor, the end-ring contribution is being also neglected.

In the case of such a fault, the modified (faulty) version

of matrix A∗
b should be utilized. The resistance changes are

being derived based on the assumption that the broken bars are

contiguous, neither the end ring resistance nor the magnetizing

current is taken into account. For the case of nbb broken rotor

bars, the increment Δrra,b,c in each phase is being obtained

as [22], [23]:

Δrra,b,c = rr
3nbb

Nb −3nbb

For representing mathematically the broken bar fault fault,

the rotor resistance matrix needs to be replaced by the modified

rotor resistance matrix rr f and transformed to the q− d ref-

erence frame, by utilizing the stationary reference frame. For

the cased examined, the rotor resistance is being transformed

in the q−d reference frame as in [22].

Therefore the state space matrices in the faulty case will

become A∗
b, B∗

b and are being defined as:

A∗
b = −R∗

br L−1

with

A∗
b =

1

δ

⎡
⎢⎣

−Lr rs 0 Lm rs 0
0 −Lr rs 0 Lm rs

Lm rrq 0 −Ls rrq wr δ
0 Lm rrd −wr δ −Ls rrd

⎤
⎥⎦

B∗
b = B

C. Stator Winding Short Circuit Modeling

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

corresponding modified (faulty) state space motor realization

should be utilized. In the examined 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 simplification reasons and without loosing

generality, the resistance and inductance matrix of the stator,

with shorted turns, are being defined in the q− d reference

framed as in [22].

D. ARMA Model Transformatiokn
The q−d model of the induction motor is being transformed

to a MIMO ARMA system that can be provided by:

⎡
⎢⎣

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)

⎤
⎥⎦

where θ j(t) is the parameter vector sets and the subindex j
represents the current set that can be selected as one from:

[qs, ds, qr, dr]. Moreover θ j(t) contains the corresponding

coefficients of the selected ARMA model and can be defined

in the general case as:

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

Where n and m are the orders of the numerator and denom-
inator for each considered transfer function respectively. The
regression vector Φ j(t) is being formulated as:

ΦT
j (t) = [−y j(t −1), . . . ,−y j(t −n), . . . , u j(t +m−n−1), . . . , u j(t −n)]

In equation (1) corrupting noise effecting the measurements is

also taken under consideration, while it is assumed that this

noise sequence is bounded by γ j ∈ ℜ+ as:

γ j||e j(t)||2 ≤ 1,∀ t

In this MIMO ARMA modeling approach, the parameters in
equation (1) for the healthy case of j = qs are being defined
as:

Tqs,1 =
Lr

δ
Tqs,2 = b1(a1 +2a4 +a2b2)

Tqs,3 = b1(a2
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
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with:

a1 =−(Lr rs)/δ a5 = ωr
a2 = (Lm rs)/δ b1 = Lr/δ
a3 = (Lm rr)/δ b2 =−Lm/δa4 =−(Ls rr)/δ

(2)

The adopted realization can be straight forward applied for all

the examined faulty cases, while due to its simple derivation

and space limitations it has been omitted in this article.

III. SET MEMBERSHIP FAULT IDENTIFICATION

The objective of the SMI technique is the determination of

the feasible parameter set that contains the nominal param-

eter 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 [24], [10].
The SMI technique is based on the Weighted Recursive

Least Squares (WRLS) with a forgetting factor for identifying
the θ̂ j motor’s parameters and can be formulated by the
following double recursions [25] in the sample instance t and
for the MIMO case j as:

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

Kj(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 −Kj(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)

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. To calculate the optimal value of
λ ∗

j (t) for achieving convergence, the maximum positive root
of the following equation should be extracted in each iteration:

Fj(λ j) = α2, jλ 2
j +α1, jλ j +α0, j

α2, j = (�+n−1)G2
j

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

α0, j = (�+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 �= m+1. For calculating the upper and lower boundary
of the identified parameters, the uncertainty bounds σ j(t),
should be computed in every iteration. These bounds are being
defined by an ellipsoid that bounds the uncertainty and it is
oriented parallel to the parameter coordinate axes, defined as:

σ j(t) =
√

diag(Pj(t))

while the corresponding equation for the ellipsoids Ωe
j(t) can

be calculated as [10], [26]:

Ωe
j(t) = {θ j : (θ j(t)− θ̂ j(t))T Cj(t)

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

The covariance matrix is denoted as Cj(t) = Pj(t)−1. The

matrix W (t) = Cj(t)
ξ j(t)

will represent how far the ellipsoid

extends in each direction from the center of the ellipsoid θ̂ j(t),
while the volume ratio of the j ellipsoid is being calculated
by:

B j(t) = det−1(W (t))

IV. FAULT DETECTION AND DIAGNOSIS CONDITIONING

In both cases of a fault occurrence due to short circuit in

stator winding or rotor broken bar, the values of the identified

parameters will be characterized by a jump and a constant drift

from the converged nominal values of the healthy motor. This

jump has a direct effect on the updated parameter’s bounds, as

after the event of the fault the following calculated uncertainty

bounds will exceed the previous calculated bounds in the

healthy case, while this situation is a direct indication of a fault

occurrence. Based on the proposed SMI scheme, the following

rules for the fault detection and diagnosis will be established

as it is being depicted in Figure 1. In the presented approach

it has been assumed that the SMI scheme is providing smooth

value updates for the identified parameters.

Fig. 1. Conditions for fault Diagnosis

If a t1 time window is being defined, then after the

convergence of the parameters, small changes in the identified

values should be allowed, while a significant change might

indicate the occurrence of a fault. For the ad-hoc defined

bounds B1, B2 the fault diagnosis conditions are being

formulated as:

[Condition 1] B1 ≤ θ o
j (k) − ˆθbr, j(k− t1 : k)| < B2

[Condition 2] θ o
j (k)− ˆθsh, j(k− t1 : k)| ≥ B2

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

the notation · represents a moving average time window

of length t1, while θbr, j and θsh, j represent the j–identified

parameter for the cases of a broken bar and a short circuit

fault respectively. Additional rules can be defined, that are

related with the volume of the bounding ellipsoids Ωe
j. The
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aim is to track the corresponding volume of the bounding

ellipsoid and allow only small changes, as in the opposite

case, this should generate a fault. By defining the ad-hoc

boundaries B3 and B4 over a time window t2, the following

additional fault diagnosis conditions can be formulated:

[Condition 3] B3 ≤ |Ωe,o
j (k) − Ωe

br, j(k− t2) : k| < B4

[Condition 4] Ωe,o
j (k)−Ωe

sh, j(k− t2) : k| ≥ B4

where Ωe,o is the converged value of the ellipsoid in

the healthy case. In the case that conditions (1) and (3) are

valid the motor operates under a broken bar fault, while if

conditions (2) and (4) are valid then the motor is under a

short circuit fault occurrence. Also it should be highlighted

that due to this model based fault diagnosis, in the case of

a short circuit fault, the fault diagnosis scheme will indicate

initially a broken bar fault and while the conditions will

continue to be monitored, the fault diagnosis will converge to

the correct broken bar diagnosis.

V. SIMULATION RESULTS

The suggested scheme for fault detection and diagnosis is

being evaluated on a model of three phase induction motor

having the parameters depicted in Table 1.

TABLE I
INDUCTION MOTOR PARAMETERS

Parameters Values
Pole Numbers 4

Input Voltage 240V

Frequency 50Hz

rs 0.0616 per unit

rr 0.0753 per unit

J 0.00155 Kg.m2

Nb 28

Ls = Lr 0.019 per unit

Lm 0.01833 per unit

The first simulation results present the effect of 20% short

circuit of stator winding or a one broken rotor bar fault

occurrence on the rotor’s current, stator’s current, torque and

angular speed, as it is being presented in Figures 2 and 4

respectively, where the comparison should be made with the

healthy case.
As it can be observed from Figure (2), in the event of a fault

small increases in the values of the currents Iqr and Iqs will be

induced in both cases. In Figures (3) and (4), it is also depicted

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

torque and speed respectively. In the case of the motor’s torque

oscillations are taking place in both types of fault, while the

amplitude of these oscillations is being increased with respect

to the number of the faulty broken bars and percentage of

short circuit in stator winding. Moreover, the speed is also

being decreased in the case of broken rotor bar and will be

increased in the short circuit case, while oscillations are also

evident.
The convergence of the SMI identification for the motor’s

parameters in the healthy case, from Vqs to iqs is being
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Fig. 2. The rotor’s Iqr and stator’s Iqs currents in the normal and faulty cases
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Fig. 3. The motor’s torques in the normal and faulty cases

presented in Figures 5 and 6, while similar results have been

obtained for the rest of the motor’s parameters, but due to

space limitations, those graphs have been omitted. 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

reach their steady state value. Due to the scale of the presented

results, it should be noted that all the parameters have been
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Fig. 4. The rotor’s angular speeds in the normal and faulty cases
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converged to their nominal values, as it is also being indicated

from the convergence of the ellipsoid volume in Figure 7, for

the healthy, broken rotor bar, and short circuit cases. After

the event of the fault, the volume is kept decreasing as the

examined types of faults are causing a model drift to smaller

ARMA parameters than in the healthy case.
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Fig. 5. SMI based identified parameters for Fiqs and corresponding uncer-
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Fig. 6. SMI based identified parameters for Tiqs and corresponding uncer-
tainty bounds
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In Figure 8, the cases of a broken bar or a shot circuit

fault occurred at 105 samples (sampling time Ts = 0.01) are

being presented. Due to this fault a jump in the value of the

identified parameter is taking place that affects the proposed

conditions for fault diagnosis. The uncertainty intervals and

the corresponding volumes of ellipsoids are also changing

from the nominal converged value (due to the drift in the

identified model) and this leads also in different type of bounds

violation events, which indicates the existence of a broken bar

or short circuit fault. Similar graphs can also be extracted for

all the identified parameters of the motor and without loosing

generality, in Figures 8, 9 only the results for Tqs,1, Fqs,4 are

being presented, while in these figures the examined moving

time window is also being presented.
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Fig. 8. Convergence of the Tqs,1 parameter and corresponding bounds before
and after the occurrence of the faults
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Fig. 9. Convergence of the Fqs,4 parameter and corresponding bounds before
and after the occurrence of the faults

In Figures 10 and 11 the time evolution of the proposed fault

conditions are being depicted in combination with the final

fault diagnosis selection, where a fault of type 1 indicates the

broken bar fault and a fault of type 2 indicates the short circuit

fault. In these figures, the values of the utilized boundaries

(B1 −B2) are also depicted.

VI. CONCLUSIONS

In this article a fault diagnosis scheme for the case of

squirrel–cage Three Phase Induction Motors based on un-

certainty bounds violation conditions have been presented.
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Fig. 10. Broken bar fault diagnosis
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Fig. 11. Short circuit fault diagnosis

The suggested scheme has the capability to diagnose two

types of faults: a) broken rotor bar and b) short circuit in

stator winding based on a proposed on–line fault condition

monitoring scheme. Multiple simulation results have been

presented that prove the efficacy of the proposed scheme

towards fault detection and fault diagnosis.
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