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Abstract — The intention of fault detection is to detect the
fault at beginning stage and shutoff the machine
immediately to avoid motor failure due to the large fault
current. In this work, an online fault diagnosis of stator
inter- turn fault of three phase induction motor based on the
concept of symmetrical components is presented.
Mathematical model of induction motor with turn fault is
developed to interpret machine performance under fault.
Using this Simulink model of three phase induction motor
with stator inter turn fault is created for extraction of
sequence components of current and voltage. The negative
sequence current can provide a decisive and rapid
monitoring technique to detect stator inter turn short circuit
fault of induction motor. The per unit change in negative
sequence current with positive sequence current is the main
fault indicator which is imported to neural network
architecture. The output of the feed forward back
propagation neural network classifies the short circuit fault
level of the stator winding.

Keywords — Stator winding, Induction motor, Simulink,
Inter-turn short circuiting, per unit change in sequence
components, Artificial neural network.

I. INTRODUCTION

INDUCTION MOTORs overpower the field of
electro-mechanical energy conversion. Its reliability, low cost
and high performance make them the most popular alternating
current motors. The motors have the flexibility of application
fields; from household appliances to high power industrial
motors. In recent years, the problems of failure in large
induction motors have become more significant. For the fault
diagnosis problem, it is important to detect if the system has a
fault and find its origin. [1]. If motor failure is unattended at
early stage, it may become detrimental and damage the motor.

This will cause industry production cessation.
In [2] many fault situations are mentioned. One among
them is a case in which a disintegrated rotor bar had erupted
from the slot and it created damage in stator winding. Faults in
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induction motor can be either mechanical or electrical. Major
mechanical faults are bearing fault [3-5] and broken rotor bar
[6-10]. Electrical fault is influenced by power quality that
supplied by AC grid, frequency variations and voltage
disturbances. Another fault is short circuits stator winding
[3,11-13]. Among total fault occurring in induction motor, more
than one third is that of stator winding fault. Short circuit in
stator winding takes very short time to evolve and can totally
damage motor. Normally, the inter turn short circuit fault
progresses to an inter coil fault, phase winding fault, single line
ground fault, resulting in breakdown of the motor. Detection of
winding fault in the starting stage increases the practicability of
repairing the machine by rewinding it or, in large motors,
displacing short circuited coils.

Traditional ways of fault monitoring were based on
leakage flux sensing [15], partial discharge [16], harmonics in
stator current and voltage [17] etc. Ensuing studies however,
demonstrated that many of these traditional techniques are liable
to oddity due to supply voltage distortions [18], built in machine
asymmetries [19], coincidental effects of stator and rotor faults,
etc. Motor current signature analysis (MCSA) is an important
technique adopted for condition monitoring. Induction motor
faults like bearing problems, broken rotor bar, eccentricity
abnormalities, stator winding faults cause variation in amplitude
and frequency of motor current signature [3-5,6-9,11-13].
Motor current signature analysis can not identify stator inter-
turn fault when it coincides with other faults.

Insulation testing method, an off-line method is
traditionally used to find out and detect the various faults like
turn to turn, in stator winding but it is inconvenient to test them
frequently. The past of error detection and error segregation
began with utilizing of electromechanical relays [14] to defend
the 1M the motor from failure due to various faults. But these
electromechanical relays require periodic maintenance, slow in
operation and consume power. The establishment of
semiconductor technology had a good impact on the protection
field, solid state relays replaced the electromechanical relays
because of their faster operating speed, less power consumption
and more reliability. Evolution of microprocessor technology in



early 1970’s authorized their application in the protective relays.
In these relays software programming is inbuilt to implement
the protection logic.

Breakthrough in signal conditioning techniques and
advances in computer software has taken machine fault
detection to newer heights. Most of the demonstrated works in
stator winding fault detection are from frequency analysis
domain. Signal transforming methods like Fast Fourier
transform (FFT), S-transform, Short time Fourier transform
(STFT), wavelet transform, and Hilbert transforms have been
adopted in combination with various classification techniques
such as expert systems, Artificial Neural network, fuzzy logic
and support vector machine [20-26] for the motor degradation.
Most of the works done in this area are either based on modeling
of induction motor or need an elaborate arrangement of costly
and complex equipment for frequency domain analysis.

Eminent interest has been shown in [27-29] for
artificial neural network in fault detection of induction motor.
The necessary condition to contrivance a successful ANN
classifier is the selection of appropriate inputs about each case
of fault. In [27-28], stator inter turn fault location detection by
ANN is described considering frequency domain parameters as
selected input.

Time domain analysis avoids sophisticated techniques
like FFT, DFT and usage of spectral analyzer. There isa demand
to detect the hardness level of stator winding shorting as minor
shorting in stator winding can repaired and reduce maintenance
cost. Commercially available motor protection units like REM
610 (ABB) and Multilin 469 (GE) are enhanced with an optional
add-on card with thermistors or RTD sensors that are used for
temperature measurement of bearings and windings. Fault
detection at earlier phase gives the viability of repairing the
motor and a nip in the bud avoids electrical spark and explosion.
Advancement in the stator winding fault detection area is
required by introducing a classification technique like artificial
neural network.

Most of the research works in induction motor stator
winding fault detection are from the analysis of frequency
domain. Author work in [29], ANN is applied for detecting
severity of inter coil fault with selected parameter from time
domain. The work in [30-32] focus on negative sequence current
which is caused due to unbalanced windings.

In the research work [33] the authors have done the
analysis of faulty three phase induction motor by investigating
the analytical method of winding functions. This method
neglects the influence of harmonics at the fault instant and
neglects the non-linearity of the magnetic materials. Airgap flux
density distribution and the harmonics of flux were examined in
[34], in which they used ANSY'S finite element software of high
computational accuracy to extract the contents of harmonic
amplitude and to perform asynchronous motor simulation.
Time-domain Finite Element method is adopted in the research
work[35] for the analysis of the eddy current of a rotating disc
in a time-variant field, since there is no general analytical
method for solving.

Comparing the computational complexity of finite
element analysis with that of Simulink modeling, simulink
model can be easily constructed using mathematical model
which describes a system.

Author in this work try to identify a fault indicating
parameter from time domain to avoid signal processing
techniques thereby simplify the existing fault detection method.
Author attempts to find a detection technique for stator winding
fault by using artificial neural network based on per unit value
of sequence components of current. Here network has been
trained with full range of input vector obtained from a Simulink
model. Fault detection in the initial stage increases the viability
of repairing the machine and a nip in the bud avoids electrical
spark and explosion.

Il. MATHEMATICAL MODELLING OF STATOR WINDING
TURN FAULT

A three-phase induction motor with turn fault in one
phase stator winding is considered, where B is the fraction of
shorted turns. Winding in this phase has two parts -shorted turns
and un-faulted turns. Machine equations in abc variables for a
symmetrical motor with turn fault in one winding can be
expressed as [36-38].
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The resistance matrices of equation (1) are given below

Ry =R, diag[1—-p B 0 0] (8)
R, = RyI3y3

Adding the first two rows of equation (1)
i1
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Inductance matrices are modified as
Lis+Lyps —Lms/2 —Lms/2
L= |-Lms/2 L+ L, -—Lms/2 (18)
—Lms/2 —Lms/2 L+ Ly,
cosfr Cos (Br +2m/3) Cos (6r —2m/3)
Ly =Lms *[Cos (6r —2m/3) coslr Cos (Br + 2m/3)
Cos (Br +2m/3) Cos (0r —2m/3) cosfr
(19)

The voltage and flux linkage equations for the shorted
turns(Bs2) are
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The expression of electromagnetic torque can be in machine abc
variables is
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I1l. SEQUENCE COMPONENT ANALYSIS AND
PARAMETER EXTRACTION

The symmetrical components are solid tool for
analyzing and solving the problems of any unbalanced system.
The symmetrical components are found reliable indicators of
stator turn faults. By principle symmetrical (without fault)
motors supplied with symmetrical three phase voltage sources
will not produce negative sequence currents. When a turn fault
occurs, symmetry will disturb and generate negative and zero
sequence currents. In reference to the symmetrical components
practice three sets of symmetrical balanced phases are derived
from any set of unbalanced parameters. They are recognized as
positive, negative and zero sequence components. Using
Fortescue’s transformation given by equation (26), symmetrical
components ( 11 Iz, lo) are calculated from unbalanced phase
currents ( la, I, Ic).

L 1 a a?|[la
[12] =1/3 [1 a? a] [Ib] (26)
Iy 1 1 111
2_71.'
Where @ = e] (27)

Fundamentally, the three-phase induction motor is a
symmetrical system in healthy conditions and produces only
positive sequence currents. It generates positive, negative and
zero sequence when symmetry disturbs during a fault situation.

MATLAB software is used for creating simulation
model of three phase motor with turn fault in one of the phase
winding. Due to the difficulty in creating the fault and
measuring the phase currents experimentally for high value of
percentage shorting we are forced to create the Simulink model.
Simulink of induction motor with stator winding shorting is
constructed based on the fundamental equations mentioned in
section Il. Simulink model of motor with interturn short is
shown in Figure.1.

During the simulation phase current values are get
stored in the workspace of MATLAB. From these values,
negative sequence current, positive sequence current and zero
sequence currents are calculated. Phase currents and sequence
currents for different shorting levels are tabulated in Table.l.
Here simulation is carried out by introducing short circuiting in
one phase at a time. Short circuiting level has been increased
from zero percentage to 20 percentage gradually. Negative
sequence component of current is found to be increasing
gradually with increase in short circuit level.
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Figure.1 Simulink model for extraction of sequence
components of current and voltage.

TABLE.I

MAGNITUDE OF PHASE CURRENTS AND SEQUENCE
COMPONENTS OF PHASE CURRENTS

. .
iﬁ ;Eg;gng Phase current values Sequence component of
winding current values
la b lc :)ositive :legative Izero

0 10.1651 |10.162|10.165 |10.0248 |0 0

0.233 10.252 |10.17 |10.1705 [10.0289 [0.0042  |0.0043
0.467 10.339 |10.17 |10.1705 |10.0329 [0.0085  |0.0085
0.7 104259 [10.17 |10.1705 |10.037  [0.0127  |0.0127
0.933 10.5129 |10.17 |10.1705 |10.0411 [0.0169  |0.0169
1.167 10.5998 |10.17 |10.1705 |10.0452 [0.0212  |0.0212
1.4 10.6867 |10.17 |10-1705 100493 [0.0254  |0.0254
1.633 10.7737 |10.17 |10.1703 |10.0534 [0.0296  |0.0296
1.867 10.8606 |10.17 |10.1703 |10.0574 [0.0338  |0.0339
2.1 10.9476 |10.17 |10.1703 |10.0615 [0.0381  |0.0381

2.333 11.0345 |10.17 |10.1705 |10.0656 0.0423 0.0423
3.5 11.1932 |10.17 |10.1704 |10.1074 0.0862 0.0862
4.667 11.3508 |10.17 |10.1704 |10.1498 0.1309 0.1309
5.833 11.5174 |10.17 |10.1704 |10.1951 0.1784 0.1784
7 11.6899 |10.17 |10.1704 |10.2406 0.2255 0.2255
8.167 11.8631 |10.17 |10.1704 |10.2859 0.2737 0.2737
9.333 12.0455 |10.17 |10.1702 |10.3337 0.3238 0.3238
10.5 12.2366 |10.17 |10.1702 |10.3825 0.3755 0.3755
11.667 12.4291 |10.17 |10.1702 |10.4301 0.4274 0.4274
13.333 12.6072 |10.17 |10.1702 |10.4777 0.4768 0.4768
15 12.6254 |10.17 |10.1697 |10.4803 0.4809 0.4809

This data is verified by conducting experiments on two
motors rated 5HP and 1HP three phase induction motor. Three
phase induction motor of Kirloskar electric company having
specification 3.728kW, 1430rpm, 415V, 10A and a digital
oscilloscope-DS 1150 are used for experiment.

Figure.2 Experimental setup of three phase IM
one phase

with shorting in

TABLE.II
COMPARISON OF PHASE CURRENT VALUES OBTAINED
FROM SIMULATION AND EXPERIMENT

Sl Shorting Phase current values Error
No | percentage obtained from percentage
in phase- Experi Simul

A winding ment ation
1 0 10.2 10.1651 0.0034216
2 0.7 10.4 10.4259 -0.0024904
3 14 10.7 10.6867 0.00124299
4 21 10.9 10.9476 -0.00436697
5 35 11.2 11.1932 0.000607142
6 7 11.7 11.6899 0.000901785
7 10.5 12.2 12.2366 -0.00300




‘ 8 ‘ 15 ‘ 12.6 ‘ 13,6254 -0.00201587

The experimental setup of stator inter-turn fault is
shown in Figure.2. Inter turn short circuit is created by taking
out tapings from one of the phase winding. Table. Il gives the
comparison of phase current values of winding with shorted
turns from experiment setup and that from Simulink model.
Experimental values and simulated values are comparable since
error percentage of both values is very low, thus proves the
authenticity of the Simulink model.

For 5HP motor, current values obtained practically is
compared with those obtained from Mathematical model,
described under section Il. The details of winding parameters
used for calculation are

Stator resistance, Rs=0.2777Q
Rotor resistance, Rr=0.183 Q
Stator inductance, Ls=0.0553H
Rotor inductance, L,=0.056H
Mutual inductance, L, =0.0538H

TABLE.III
COMPARISON OF PHASE CURRENT VALUES OBTAINED
FROM EXPERIMENT AND MATHEMATICAL MODEL

SI.No | B(fraction | Phase current values | Error
of shorted | obtained from percentage
turns) Mathema | Simulation
tical
model
1 0.007 10.386 10.4259 -0.00384171
2 0.014 10.695 10.6867 0.007760636
3 0.021 10.921 10.9476 -0.002435674
4 0.035 11.193 11.1932 -0.001786831
5 0.07 11.684 11.6899 -0.00504964
6 0.105 12.243 12.2366 0.0005227477
7 0.15 12.630 12.6254 0.0036421219
8 0.18 12.828 12.832 -0.00311817

Percentage error between simulation values and
mathematical model values listed in Table Ill are very low.
Comparison output shows compliance or proves the validity of
Simulink model.

The per unit change in negative sequence current with
positive sequence current is considered as the main input
parameter for classification of shorting level in phase windings.

X [Positive sequence current — Negative sequence current]

Positive sequence current

X= (|p— |N)/ |p

Casel: with zero percentage shorting (healthy)
I(negative) = 0
I(positive )= 10.0248
so X=1

Case.2: Turn fault of 1.4 percentage
I(negative)= 0.0254
I(positive)= 10.0493
X=(10.0493-0.0254) / 10.0493 =0.997472461

The value of X for various levels of short circuiting is
tabulated in Table. IV. Selection of effective parameter is very
important in fault detection along with the selection of classifier.

TABLE.IV
CALCULATED PARAMETER VALUES
Slno Percentage shorting in X=[I(positive)-I(negative)]
phase-winding / I(positive)

1 0 1

2 0.233 0.99958121
3 0.467 0.999152787
4 0.7 0.998734682
5 0.933 0.998316917
6 1.167 0.997889539
7 1.4 0.997472461
8 1.633 0.997055722
9 1.867 0.99663929
10 2.1 0.996213288
11 2.333 0.995797568
12 35 0.991471595
13 4,667 0.987103194
14 5.833 0.982501398
15 7 0.977979806
16 8.167 0.973390758
17 9.333 0.968665628
18 10.5 0.963833373
19 11.667 0950022445
20 13.333 0.95449383

Generalization capacity of fault Indicator parameter
(X) has been checked for five motors. The specifications of
motors (I to V) considered for analysis are

M I- 1.1KW, 400V, 50Hz, 1447rpm, 2.7A

M II- 5.5KW, 400V,50Hz, 1457rpm, 11.6A

M I11- 55KW, 400V, 50Hz, 1480rpm, 102A

M IV-110KW, 400V, 50Hz, 1487rpm, 194A

M V-250KW, 400V, 50Hz, 1488rpm, 445A

The value of X varies from 1 to 0.954 for short circuit levels 0%
to 15%. In this case the input vector to NN or fault indicator



values (X) are identical for all motors for a specific fault level.
Figure.3 shows the variation of X values at different inter -turn
fault levels for motors under analysis.
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Figure.3 Variation of X values for motors (M-I to M-V) at
different inter -turn fault levels

IV. NEURAL NETWORK FOR CLASSIFICATION

The Artificial neural network consists of several
interconnected neurons. Since ANNSs are indulgent to noise and
responds quickly, it can be employed in real time fault detection
[27-29]. Since it is not possible to create a look -up table storing
data for all conditions, a feed forward neural network is used for
classifying the fault. Anticipating maximum accuracy from the
trained neural network, input vector is created using possible
experimental values and Simulink values for high percentage
shorting. The various processes involved in the work of
detection of severity level of shorting in stator winding is
described in the block diagram, Figure.4.

The design and development of neural networks
comprises of preparation of input data set for the neural
network, selection of a network structure, training of the
network, testing and evaluation of the classifier.

Backpropagation (BP), which is the most popular
supervised learning method is adopted for this process. This
learning algorithm increases the efficiency of the network by
minimizing the error and so the gradient of the error curve
slopes down. The input data to NN are array of value of X.
Target value is fixed for each value of input, X. Both input data
and target values are displayed in Table.V.

Three Phase THREE PHASE Three phase current and
supply [ *] INDUCTIONMOTOR [T voltage Measurements
|
MATLAB
Calculate Positive, INFUT AND )
mgatveandzero | [ L fonof | | OFNETRAL
'er unit calculation o
sequence currents o
! | sequence current,X [  NETWORK
ARTIFICIAL NEURAL NETWORK
Import Create neural network Validat
targetand || and choose training :f e Percent:.lge
input parameters pertorma - of shorting
: . nce of in winding
e T y classifier
NNTOOL * Trainingand [—p
simulation of ANN

Figure.4 Block diagram of processes

TABLE V

INPUT AND TARGET VALUES OF ANN

. . » % shorting/
X:[I(p_o_5|t|ve)-l(negat|ve)] ANN classifier severity level
/ I(positive) Target value

1 10000 0
0.99958121 10023 0.233
0.999152787 10046 0.467
0.998734682 10070 0.7
0.998316917 10093 0.933
0.997889539 10116 1.167
0.997472461 10140 14
0.997055722 10163 1.633
0.99663929 10186 1.867
0.996213288 10210 2.1
0.995797568 10233 2.333
0.991471595 10350 3.5
0.987103194 10466 4.667
0.982501398 10583 5.833
0.977979806 10700 7
0.973390758 10816 8.167
0.968665628 10933 9.333
0.963833373 11050 10.5
0.959022445 11166 11.667
0.95449383 11333 13.333
0.954113909 11500 15
0.954000839 11667 16.667
0.948959154 11800 18
0.943823196 11916 19.167
0.938604651 12033 20.334




Target value [10000] represents healthy condition of
winding. Target [10023] for 0.233% of shorting, [10233] for
2.333% of shorting, [11500] for 15% of shorting, there by
clearly classifies the severity level of fault.

The performance of the algorithm is sensitive to the
setting of the learning rate. A very small learning rate will lead
to longer converging time and a very high learning rate can lead
to oscillating and unstable algorithm. Backpropagation training
with an adaptive learning rate is implemented with Gradient
Descent function

Hyperbolic tangent sigmoid transfer function is used,
which calculates a layer’s output from its net input. Mean
squared normalized error performance function measures the
network performance according to the mean of squared errors,
when incorporated into the training process enhances the
efficiency of the synaptic weight adjustment. A very low MSE
reflects that the desired output and the ANNSs outputs are close
to each other, and thereby the network is well trained.

V. RESULT AND PERFORMANCE VALIDATION

The Proposed networks were subjected to training with
input signals as described in neural network development
section. While analysing the performance and regression plot of
networks it has been found that neural network reacted well with
training and validation samples. Validation performance of
network gave 100% accuracy (with 50 samples). So, accuracy
percentage is calculated with error between target value and
actual output vector. The level of accuracy obtained is 99.05%.
The performance plot of neural network is given in Figure.5.
Stopping criterion is established with means squared error of
1.02e-005.

Best Validation Performance is 1.02e-005 at epoch 6
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Figure.5 Performance plot of trained network

V1. CONCLUSION

This research focus is to make progress as well as
simplify the field of condition monitoring and fault detection in
induction motor. Negative sequence current monitoring is one
of simplest but solid and substantial technique for stator short
circuit detection. In this work per unit change in negative
sequence current with positive sequence current is considered as
the fault indicator and so found to be more generalized
technique for inter turn stator winding fault detection. It is
relevant to specify that selection of fault indicating parameter is
as critical as selection of classification method. The work
presents application of neural network to classify the stator inter
turn fault. The network is trained with full range of input vector
using experimental values (for small level of shorting) as well
as Simulink values (for high level of shorting). The performance
of the NN is found to be accurate and fast. Since there is no hard
and fast rule in deciding the structure of neural network,
extensive experiments were conducted to determine the
optimized structure. Fault detection in the beginning stage
increases the feasibility of repairing the machine and avoids the
risk of fire and explosion. Future extension of NN is possible
to account detection of other electrical and mechanical faults
possible with induction motor.
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