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of Severity of Stator Inter Coil Fault in Three Phase Induction Motor 
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Abstract – This paper deals with artificial neural network approach for automatic detection of 
severity level of stator winding fault in induction motor. The problem is faced through modelling and 
simulation of induction motor with inter coil shorting in stator winding.  The sum of the absolute 
values of difference in the peak values of phase currents from each half cycle has been chosen as the 
main input to the classifier. Sample values from workspace of Simulink model, which are verified with 
experiment setup practically, have been imported to neural network architecture. Consideration of a 
single input extracted from time domain simplifies and advances the fault detection technique. The 
output of the feed forward back propagation neural network classifies the short circuit fault level of the 
stator winding. 
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1. Introduction 
 
Induction motor is consolidated as main electro-

mechanical device in industries. In spite of its robustness 
and reliability, it is subjected to various stresses during 
operation. These stresses include insufficient cooling, 
overload, recurrent start/stop, inadequate lubrication and 
other undesirable circumstances. During the course of 
operation, a variety of faults occur within the three phase 
induction motor. Degradation and aging eventually leads to 
stator winding inter turn fault. The stator winding inter turn 
short circuit takes a short time to evolve and to damage the 
motor finally. 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. 
Winding faults produce hotspots, making the failure spread 
in the winding.  

Fault detection in the beginning stage increases the 
feasibility of repairing the machine by rewinding it or, in 
large motors, removing short circuited coils. In worst case 
an early stop avoids electrical arcs and explosion risks. 
Constant online monitoring of this fault is an important 
tool to reduce costs and save the machines, as the stator 
winding inter-turn short circuit takes just few minutes to 
evolve.  

Conventional method of fault detection techniques are 
thermal monitoring, noise monitoring, partial discharge and 
vibration monitoring. Advances in signal conditioning 

techniques has widened the opportunities in fault analysis 
in the machine. Integration of signal conditioning techniques 
and development of computer software has taken fault 
detection and prognosis (FDP) to newer heights. Fast Fourier 
transform(FFT), short time Fourier transform (STFT), 
wavelet transform, S-transform, Hilbert transforms have 
been used in fusion with classification techniques such as 
neural network, fuzzy logic, support vector machine and 
expert systems [1-5] for the induction motor degradation 
analysis.  

Distinguished interest has been shown in the papers [6-
8] for the application of ANNs to solve the problems of the 
fault diagnosis and detection of machines. ANNs have the 
ability to learn complex, non-linear functions and also their 
generalization capability. The primary requirement to 
implement a successful ANN classifier is the selection of 
appropriate inputs about each case of the fault.  

One of the most important technique adopted for 
condition monitoring is motor current signature analysis 
(MCSA). Rotor faults like bearing problems, air gap 
eccentricity abnormalities, broken rotor bars as well as 
stator fault generate variation in amplitude and additional 
components of the stator current. 

Diverse amount of parameters is proposed in the 
literatures like spectrum of stator current and vibration [9-
11], current residue [12], stray flux around the motor [13-
15] and sequence components [16-18]. The work of [19], 
deals with diagnostic method which uses the results of 
spectral analysis of the instantaneous square stator current.  

Majority of the research works in stator winding fault 
detection are based on frequency domain analysis. Time 
domain analysis is efficient if the parameter under 
consideration is electrical quantities like phase current 
and voltage. Time domain analysis avoids sophisticated 
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techniques like FFT, DFT and usage of spectral analyzer.  
The aim is to identify a universal diagnostic technique to 

detect the winding fault and its severity level without 
motor constructional data and with minimum knowledge of 
instantaneous value of parameters from time domain 
analysis. The objective of this paper is to present a strategy 
for detecting severity of stator inter turn fault based on 
neural network platform with single input from time 
domain. 

 
 

2. Parameter Selection and Standardisation  
 
Stator inter-coil fault in winding is analyzed from the 

result of the Simulink model and sub model as shown in 
Fig. 1. 

A Dell laptop installed with MATLAB R2011b version 
is used for SIMULINK model creation. The simulated 
motor is a three-phase, 3Hp, 4 pole, 415V, 50Hz squirrel 
cage induction motor with 36 slots and 6 coils per phase.  

Short circuit fault in coil is created by making the 

resistance, Rs approaches zero value. Since model is created 
with six coils, making one coil short create a 16.67% inter 
coil short circuit in phase R. Various percentages of 
shortings like 16.67%, 33.33%, 50%, 66%, 83% and 
normal conditions in different phases have been simulated. 
Simulation study is conducted by introducing short circuit 
in any of the phase at a time for convenience. A short 
circuit between the coils in a stator phase causes an 
unbalance in stator phase currents. Simulation of model 
without any short circuited coil is also conducted.  

During simulation, the peak values of stator currents 
are stored in the workspace, and the same is tabulated in 
Table 1. 

This data is verified by conducting experiments on two 
motors rated 5 HP and 1 HP three phase induction motor. 
Fig. 2 shows the experimental setup for stator inter coil 
fault. Inter coil short circuit is created by taking out five 
tapping points from one of the phase winding. 3.7kW, 
1430rpm, 415V, 7.5A three phase induction motor of 

 
Fig. 1. Simulink model and submodels of inter coil 

shorting of stator winding 

Table 1. Peak value of phase currrents’ 

Fraction of 
short circuit 
in winding 

Peak value of R 
phase current, 

Irm (A) 

Peak value of Y 
phase current, 

Iym (A) 

Peak value of B 
phase current, 

Ibm (A) 
19.9692000 20.6103000 21.1382000 
20.9811000 19.9163000 21.1086000 Normal 
18.9573000 17.9939000 20.0679000 
21.6611000 18.9551000 21.1382000 
23.7262000 19.9163000 22.2086000 1/6 
21.4409000 18.9939000 20.0679000 
25.9099000 18.9551000 19.8913000 
27.2188000 21.6542000 22.2086000 2/6 
24.6009000 19.5663000 20.0679000 
39.4558000 21.8108000 14.5155000 
41.4420000 22.9148000 15.2548000 3/6 
37.4695000 20.7068000 13.9962000 
50.0616000 21.8108000 14.5156000 
52.5782000 22.9148000 15.2549000 4/6 
47.5451000 20.7068000 13.7763000 
64.8939000 21.8108000 14.5159000 
68.1520000 22.9148000 15.2550000 5/6 
61.6357000 20.7068000 13.7767000 

 

Fig. 2. Workbench of Kirloskar electric co.’s three phase 
induction motor with stator winding inter coil 
shorting 
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Kirloskar electric co. and digital oscilloscope-DS 1150 are 
used for verifying the values obtained from simulation.  

Selection of effective parameter is equally important in 
fault detection along with classifier selection. The amount 
of information fetched by this parameter should be higher 
than the one obtained from individual phase currents alone, 
and so considered as the main input parameter for 
classification of severity level of short circuiting. 

Treatment of data from healthy and different severity 
levels is done as follows. 

 
Case 1: From healthy condition the peak values of three 

phase currents are 

Irm = 19.9692A, 
Iym = 20.6103A,  
Ibm = 21.1382A. 

Absolute values of differences between the peak value of 
phase currents are obtained as 

ǀIrmax-Iymax ǀ  =0.64110,  
ǀ  Iymax-Ibmax ǀ  =0.52790,  
ǀ  Ibmax-Irmax ǀ  = 1.16900. 

In this paper, sum of these value is considered as the 
main input parameter for classification severity level of 
short circuiting in stator winding coils. 

X =ǀIrmax-Iymax ǀ  + ǀ  Iymax-Ibmax ǀ+ ǀIbmax-Irmax ǀ  
From healthy winding this value, Xh. = 2.238.  
 
Case 2: In fault situation, with 1/6 of shorting, peak 

values of phase currents are 

Irm = 23.7262A, 
Iym = 19.9163A, 
Ibm = 22.2086A. 

Absolute values of differences between the peak value of 

phase currents are obtained as 

ǀ  Irmax-Iymax ǀ  = 3.80990, 
ǀ  Iymax-Ibmax ǀ  = 2.29230,  
ǀ  Ibmax-Irmax ǀ  = 1.51760. 

X1/6=ǀIrmax-Iymaxǀ+ǀIymax-Ibmaxǀ+ǀIbmax-Irmaxǀ= 
7.619. 

 
For each sample X is calculated and stored in the Xs 

array. There is remarkable difference between Xh and Xs 
value for every percentage level of severity of fault. These 
values are calculated for all data samples and are displayed 
in Table 2.  

 
 

3. Neural Network Development 
 
Classification using ANN has proved for the solution of 

a series of problems involving power systems as well as 
electrical machines. The ANN consists of several inter-
connected neurons. Since ANNs are tolerant to noise and 
responds very fast, they can be employed in real time fault 
detection [20-26]. In this work ANNs are applied to detect 
severity of inter coil stator winding short circuiting in 
induction motor. An ANN has to learn by telling it the 
wanted outcome for a set of input variables.  

Most popular supervised learning method, Backpropa-
gation (BP) is used here. This algorithm increases the 
efficiency of the network by minimizing the error and so 
the gradient of the error curve slopes down [27]. The 
learning algorithm has two phases of computation, a 
forward pass and a backward pass [28].  

The forward pass output is given by 
 

 yk
(0) ( ) kt φ=

0 0

( )
Q p

ki i ij j
i j

m w x tφ
= =

⎡ ⎤⎛ ⎞
⎢ ⎥⎜ ⎟

⎜ ⎟⎢ ⎥⎝ ⎠⎣ ⎦
∑ ∑  (1) 

 
P is the size of the input vector, Q is the number of 

neurons in the hidden layer, M is the no of neurons in the 
output layer, ijw  is the weight connecting the input j to the 
hidden neuron i, φ(.) are the activation functions, kim  is 
the weight connecting the hidden neuron i to the output 
neuron k (k=1,2,…., M). 

In the backward pass, error value generated (0) ( )ke t  is 
 

 (0) (0)( ) ( ) ( )kk ke t d t y t= − ,  k=1,…. M  (2) 

 φ’k [uk
(0) (t) = (0)/k kuϕ∂ ∂   (3) 

 
Local gradient of the output neuron k 
 

 (0) (0) (0)'( ) ( ) ( )kk k kt u t e tδ ϕ=  (4) 
 
Local gradient of the hidden neuron i is given as 

Table 2. Calculated parameter value 

X = ǀ Irmax-Iymax ǀ +ǀ Iymax-Ibmax ǀ  
+ ǀIbmax-Irmax ǀ 

Severity level of short 
circuit in winding 

2.3380 
2.5846 
2.3268 

Healthy condition 

7.4120 
7.6198 
7.4940 

1/6 fraction of coil in one 
phase short circuited 

11.9096 
11.1292 
11.2692 

2/6 fraction of coil in one 
phase short circuited 

45.8806 
46.3744 
45.3866 

3/6 fraction of coil in one 
phase short circuited 

71.0920 
74.6466 
73.5376 

4/6 fraction of coil in one 
phase short circuited 

100.756 
99.7940 
101.718 

5/6 fraction of coil in one 
phase short circuited 
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(0)( ) ' ( ) ( ) ( ) ( )( ) ( ) ( ) ( ) ( ) ( )h h h h h
i i i ki i i ikt u t m t t u t e tδ ϕ δ ϕ⎡ ⎤ ⎡ ⎤= =⎣ ⎦ ⎣ ⎦∑  

 for i=0, …. Q (5) 
 
Updating the synaptic weights of the neurons, 
 

 (0) ( )( 1) ( ) ( ) ( )k
ki ki ikm t m t t y tηδ+ = + ,  for  i=0,…. Q 

 ( )( 1) ( ) ( ) ( )h
ij ij jkw t w t t x tηδ+ = + ,  for  j=0,…. P (6) 

 
where η is the learning rate. 

In this work, we exclusively use time domain data for 
calculating the input parameter as given in Table 2. While 
calculating X, we considered time domain parameters like 
peak value of phase currents primarily. Here X vector is 
given as the input to the neural network. 

Samples are collected randomly from different conditions 
such as short circuit in different number of coils of each 
phase as well as without short circuit in coils. Among these 
125 samples 100 were used for training and 25 for 
validation. The desired output values are fixed and stored 
in target vector as shown in Table 3. 

Target value 10 represents healthy condition of winding. 

Target [11] for 16.67% of shorting in winding, target value 
12 for 33.33% of shorting, 13 for 50% of shorting, 14 for 
66% shorting and target value 15 for 83% shorting, thereby 
clearly classifies the severity level of shorting in winding. 

Fig. 3 gives the block diagram of processes involved in 
this work of fault severity level detection. 

In this study feed forward back propagation network 
architecture is being used. MATLAB neural network 
toolbox has been employed to process signals, for the 
neural network and provide the result for the given input 
and task. Training is conducted with different no of hidden 
layers and different no of neurons in each layer.  

The hidden layer is responsible for the representation of 
the data and the information transformed between input 
and output layers. With too few neurons in the hidden layer, 
the network may not give sufficient degrees of freedom to 
form a representation. While defining too many neurons, 
the network might become over trained [29-30].  

The performance of the algorithm is very responsive to 
the setting of the learning rate. A too small learning rate 
will lead longer time for converging and a too high 
learning rate can make the algorithm oscillate and unstable. 
Input and output simulation characteristics of proposed 
neural network architecture are given in Table 4. 

An adaptive learning rate try to keep the learning step 
size as large as possible while keeping learning stable. 
Backpropagation training with an adaptive learning rate is 
implemented with Gradient Descent function. Network 
properties, number of hidden layers and number of neurons 

Table 3. Desired output from trained network 

Sl.no Input value, X Target value 
1 
2 
3 
4 
5 
6 
7 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 
17 

2.33800 
2.58460 
2.32680 
7.41200 
7.61980 
7.49400 
11.9096 
11.1292 
11.2692 
45.8806 
46.3744 
45.3866 
71.0920 
74.6466 
73.5376 
100.756 
99.7940 
101.718 

10 
10 
10 
11 
11 
11 
12 
12 
12 
13 
13 
13 
14 
14 
14 
15 
15 
15 

 

 
Fig. 3. Block diagram of processes 

Table 4. Simulation parameters 

Network NW 1 NW 2 NW 3 NW 4 NW 5
Neurons in input layer 

No of hidden layers 
Neurons in layer1 
Neurons in layer2 

Neurons in output layer

6 
2 

100 
50 
1 

6 
2 
8 
8 
8 

6 
2 
24 
24 
1 

6 
2 
16 
16 
1 

6 
2 
16 
1 
1 

 

 
Fig. 4. Matlab nntool create network/data of NW1 
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are selected in the create network window of nntool. 
Various training functions for feed forward network are 
chosen from the create network or data window as shown 
in Fig. 4, during network creation as mentioned earlier. 

Training parameters epoch-100, show-100 and max_fail-
100 are selected during training process. Created network 
for NW1 with all set parameters is shown in Fig. 5. 

Hyperbolic tangent sigmoid is used as the transfer 
function, 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 weights 
adjustment. A very low MSE means that the desired output 
and the ANNs outputs are close to each other, and so the 
network is well trained.  

 
 

4. Results and Performance Validation 
 
The Proposed networks were subjected to training within 

input signals as described in neural network development 
section. Performance and regression plot of these networks 
have been analysed. Among this five networks, NW5 with 
16 neurons in the hidden layer responded well with training 
and validation samples. A comparison chart of output 
vector from these five networks is made in Table 5.  

In this work, samples used in network training are not 
imported for validation. 25 samples balanced after training 
are used for validation, allowing the evaluation of trained 
NNs ability to generalise the actual response of the system. 

Table 5. Performance comparision of networks 

Target Output, 
NW1 

Output, 
NW2 

Output, 
NW3 

Output, 
NW4 

Output, 
NW5 

10 
10 
10 
11 
11 
11 
12 
12 
12 
13 
13 
13 
14 
14 
14 
15 
15 
15 

10.0118 
10.0141 
10.0117 
10.9715 
11.0614 
11.0071 
12.0151 
12.012 
12.0189 
13.0109 
13.0103 
13.0109 
14.0029 
14.0022 
13.9859 
14.9905 
14.9904 
14.9896 

10.0126 
10.0151 
10.0124 
10.962 
11.0423 
10.9939 
12.0884 
11.9731 
11.9954 
12.9987 
13.0009 
13.0009 
14.0022 
13.9983 
14.0014 
14.9933 
14.9931 
14.9933 

10.0013 
10.0016 
10.0013 
10.9998 
11.0001 
11.0001 

12 
11.9873 

12 
13 
13 

13.0034 
14.1091 

14 
14 

14.9994 
14.9993 
14.9996 

10.0194 
10.0224 
10.0193 
10.9728 
11.0554 
11.0056 
12.0496 
11.9695 
11.9866 
12.9981 
13.0202 
12.9744 
13.9983 
14.0032 
13.9985 
14.9935 
14.9919 
14.9935 

10.0003 
10.0004 
10.0003 

11 
11.0144 
11.0032 

12 
12 

12.0074 
13.001 

13 
13 
14 
14 
14 

14.9997 
14.9997 
14.9998 
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Fig. 6. Performance plot of trained NW5 
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Fig. 7. Regression plot of trained NW5 

 
Fig. 5. Neural network NW1, with set functions 



An Artificial Neural Networks Application for the Automatic Detection of Severity of Stator Inter Coil Fault in Three Phase Induction Motor 

 2224 │ J Electr Eng Technol.2017; 12(6): 2219-2226 

Validation performance of all proposed networks gave 
100% accuracy (with 25 samples). So accuracy percentage 
is calculated with error between target value and actual 
output vector. NW5 shows the highest level of accuracy of 
99.6%. NW5 gives least mean squared error while 
comparing the performance plot of three neural networks. 
The performance plot and regression plot of NW5 are 
given in Fig. 6 and Fig. 7. 

NW5 stopping criterion was established with means 
squared error of 0.7342x10-4 at epoch 36. 

 
 

5. Conclusion 
 
This research’s aim is to advance as well as simplify the 

field of condition monitoring and fault detection in 
induction motor. This paper introduces a diagnostic 
technique to detect the winding fault and its severity level 
with minimum knowledge of instantaneous value of 
parameters from time domain analysis. It is important to 
mention that the selection of the indicators of fault is a 
crucial step before starting the conception of a neural 
network classifier. Through a thorough study, sum of the 
absolute values of difference in the peak value of phase 
currents for every half cycle has been extracted as effective 
parameter,  

(X=ǀIrmax-Iymaxǀ+ǀIymax-Ibmaxǀ+ǀ Ibmax-Irmaxǀ). 
The amount of information fetched by this parameter is 
higher than the one obtained from individual phase 
currents alone, and so considered as the main input 
parameter for classification.  

Comparing with the currently used fault detection 
method, in which currents in three phases are used as 
inputs to the NN, this method showing more accuracy 
where X as the input. Mean squared error obtained after 
training of neural network is less for the prescribed method. 
In this method of fault detection since only one 
parameter(X) is used, neural network became simpler and 
so training time is less. Data in Table 6 shows that time for 
fault detection is less for the proposed fault classification 
method. 

Sample values are obtained from the workspace of 
Simulink model. However, this sample values are verified 

by conducting experiments practically. Randomly selected 
values are stored in X vector which is imported as the input 
to the NNs.  

There is no hard-and -fast rule for deciding neural 
network structure. Extensive classification experiments 
were conducted to determine the optimized structure in 
which the size of the network should be kept as small as 
possible. This has undertaken the generalisation capabilities 
that the network must possess. This work also presents 
comparative study of feedforward networks used to 
classify the occurrence as well as severity level of stator 
inter coil fault. From the proposed architectures, NW5 
presented the best performance. Fault detection in the 
beginning stage increases the feasibility of repairing the 
machine and in worst case an early stop avoids electrical 
arcs and explosion risks. In future architecture of the neural 
network can be designed sophisticatedly to extend the fault 
detection scheme. 
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