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Abstract 

In this paper, condition monitoring of induction machines using air-gap magnetic flux density spectrum via artificial 
neural networks is presented. The proposed scheme is chosen due to its effectiveness, simplicity, and low cost that 

used for the detection of broken rotor bar faults. The spectrum of the air-gap magnetic flux density is estimated 

using the Fast Fourier Transform, which can capture the fault related to harmonic components. The extracted 

information is then utilized by a machine-learning paradigm in a Multi-class classification approach for the 
detection of broken rotor bars, for both, adjacent and non-adjacent using artificial neural networks as a 

classification method. The obtained simulation results of the healthy and faulty conditions using finite elements 

prove the applicability of the proposed method. 
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1. Introduction 

Induction machines (IMs) are critical components 
in many industrial applications, due to their high 
reliability [1]. Nevertheless, IMs can still break down 
due to mechanical and/or electrical faults caused by 
mechanical and electrical stresses respectively, 
resulting in production loss. Mechanical stresses are 
due to the daily operation of IMs, by overloads, and 
unexpected load changes [2], which can result in 
eccentricities faults and broken rotor bar (BRB) 
faults. On the other hand, electrical stresses are 
usually associated with the power supply 
disturbances, many starts, and operation from PWM 
drives, which can cause interturn short circuits in 
stator winding turns/coils closest to the motor 
terminal, as well as BRBs and bearing faults [3]. The 
BRBs result reduced machine efficiency and localised 
rotor heating, and more importantly cause unwanted 
vibrations due to rotor expansion and bowing. 
Therefore, BRBs detection has drawn much attention 
in the scientific literature [4–10]. 

Many researchers have proposed methods to 
analyse the steady state of IMs with rotor bars fault 
[11–13]. The stator currents are the quantities mainly 
involved in the analysis of BRBs. However, these 
methods show some limitations; many cases of 
unnecessary motor inspection or outage due to false 
alarms produced by rotor axial duct interference have 
been reported [14]–[16]. In addition, the magnetic 
field signature analysis (MFSA) provides information 
about the machine functioning and by monitoring of 
the air-gap magnetic flux density it is possible and 
easy to predict and diagnosis all faults.  

Artificial Neural Networks (ANNs) are parallel 
data-processing tools capable of learning functional 
dependencies of the data used in fault diagnosis of 
various components [17]–[19]. However, there are 
relatively few historical studies for the detection of 
multiple simultaneous faults using ANNs [20], [18]. In 
[21], ANNs are successfully utilised for the BRB 
detection under reduced load condition without the 
needs of an accurate measurement of the slip speed. 
In [18], both Stray flux and currents are used as inputs 
to the ANN. 

Many approaches have been proposed for 
modelling the BRB fault. The BRB fault occurs when 
the bar current is considered to be equal to zero [22]–
[24]. That means the bar breakage increases the 
currents of the adjacent bars considerably. In this 
case, the resistance of the broken bar has a high 
value. In [25], they have modelled the resistance of 
the broken bar IM to be almost two orders of 
magnitude larger than the resistance of a healthy IM. 
Another way to model IMs with BRBs is by using Finite 
Elements. A Finite element model offers the 
opportunity to have broken bars that are damaged 
progressively. Initially, they can be considered 
cracked, but not entirely broken by modelling this 
state with a low electrical conductivity of the 
corresponding bar. Consecutively by imposing zero 
electrical conductivity completely broken bars can be 
modelled [25], [26]. 

The first aim of this paper is to propose an IM 
model based on the finite element method, both for 
healthy and faulty machines. The numerical solution 
of the electromagnetic field equations are presented. 
Initially, an analysis is performed to examine the 
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impact of faults on the air-gap magnetic field. 
Descriptive data of magnetic field were generated for 
different conditions, which are used for training the 
neural network.  

The main contributions of this paper can be 
summarized as follows:  

 Many researchers have proposed an approach 
of modelling broken bars [11–13]; the broken 
bars can be damaged progressively. First, they 
can be cracked with a low electric conductivity 
or high resistance of the corresponding bar, 
then, can be definitively broken by zero 
electric conductivity.  According to our past 
work [26–28]; The modelling of broken bars 
based on finite element method, is done by 
removing the boundaries of the corresponding 
bar that give the characteristics of air-gap.  

 Due to the many starts and stops of IMs it is 
possible the occurrence of broken bars at 
different locations; therefore, the second 
contribution of the paper is the following: The 
investigation of BRBs position is presented. 
Two separate locations of the broken bars are 
considered; first, at 0 degrees then at 180 
degrees regarding the point of measure is 
considered. 

 Multi-class classification can be used for the 
diagnosis of more than one faulty conditions. 
No previous study has given sufficient 
consideration to utilise the air-gap magnetic 
flux density spectrum to classify faults in a 
multi-class classification framework. 
Moreover, an ANN is used taking as inputs the 
sidebands harmonics around the fundamental 
frequency. Experiments using BRB data for 0 
and 180 degrees were conducted.  

2. Methodology 

The focus of this paper is on the squirrel cage IMs. 
The main technique used in this analysis is based on 
magnetic field diagnosis. An FEM is used to simulate 
IM with adjacent and non-adjacent BRBs. That takes 
two forms; the measuring point of the magnetic flux 
density set in the air-gap with a change of the broken 
bar between 0 and 180 degrees. Moreover, the 
location of the faults can exist near or far from the 
point of measure.  

Figure 1 shows the summary proposed fault 
detection approach.  

 

Figure 1. Diagram of proposed analysis 

 

Based on FEM for modelling IM and creating broken 
rotor faults. Changes in healthy state and faulty 
states are compared using the arc length of the air-
gap magnetic vector potential and used to analyse 
the locating rotor bars faults.  

The air-gap magnetic flux density during a normal 
condition of an IM varies sinusoidally both in space 
and time, and any asymmetries in the stator or rotor 
may cause deviations of such sinusoidal variation. Due 
to the sinusoidal form of air-gap magnetic flux 
density, Fast Fourier Transform (FFT) is used to 
identify the BRBs in two cases (Figure 2 in below 
illustrates the two cases of location rotor bar faults).  

The air gap magnetic flux density analysis 
signature is used to detect rotor faults; we focus on 
the effect of BRBs location in the air-gap magnetic 
flux density spectrum around the sidebands 
harmonics of the fundamental frequency. The 
spectrum is used to classify the faults by ANNs, the 
training data based on the case of 0 degrees, and the 
testing using the case of 180 degrees as shown in 
Figure 2. 

 
Figure 2. The location cases of BRB 

The classification is performed via a Multi-Layer 
Perceptron (MLP) containing two hidden layers. It is 
used to predict the status of IM, based on the 
amplitude of the air-gap magnetic field spectrum for 
the upper and lower sidebands around the 
fundamental frequency. In addition, the fundamental 
frequency is also used as an input to the MLP. The 
outputs describe the machine state; healthy, broken 
one bar, three adjacent broken bars and three non-
adjacent broken bars spaced by an angle of 120°. 

3. IM model 

3.1 Geometry and parameters of machine 

FEM are used for the magnetic field calculation. 
The two-dimensional (2D) field calculations are 
performed using Maxwell’s equations. For pre-
processing stage of FEM calculation the physical 
properties, real geometry is required. The mesh 
generation is also an important point, the 2D of 
Geometry and Mesh for IM can be seen in Figure 3.  

 

Figure 3. Geometry and meshing model of machine, (a) 

geometry, (b) Mesh 
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Table 1 displays an overview of the parameters of 
the studied IM. 

Table 1. Machine Parameters 

Variable  Value  

Number of poles  4 

Number of phases 3 

Rated voltage [V] 220 

Rated frequency [Hz] 50 

Rotation speed [rpm] 1500 

Number of stator slots 36 

Number of rotor slots 30 

Outer diameter of the motor core [m] 0.12 

Inner diameter of the motor core [m] 0.075 

Air Gap length [m] 0.003 

Slip 0.000114 

 

3.2 Electromagnetic Field Equations  

In 2D analysis using magnetic vector potential Az, 
the governing equations of eddy current problem are 
derived from Maxwell equations neglecting the 
displacement current in equation (2) will be rewritten 
by equation (6)  

t

B
E
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t
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H J


  


 (2) 

0B   (3) 

where: E: Electric field intensity, D: Electric 
displacement or electric flux density, H: Magnetic 
field intensity, B: Magnetic flux density, J: Current 
density. 

For conductive layers, either stationary or moving 
with velocity vector  , the induced current is 

accounted for using Ohm’s law to move regions, 

where, J  is defined by 

eJ E B J      (4) 

eJ  is an externally current density, and ν is the 

velocity of the conductor,   is the electrical 

conductivity. Applying the definition of the magnetic 
vector potential 

B A  (5) 

The variation of electric displacement will be zero 
by Quasistatic analysis of Maxwell-Ampere equation 
becomes 

H J   (6) 

The resulting electromagnetic field equation for 
conductive layers, found by applying equations (1) to 
(6), the general equation is given by 
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where: 
, ,A B CV  are the voltages applied to the three-

stator slots, 
eJ is the current generated by the stator 

windings, 
windingA  is the cross section of the winding 

domain, N  is the number of turns of a stator 

winding, 
, ,A B CR  the stator resistances, indV  the 

induced voltage is calculated by integrating the 
electric field along the coil of the stator winding.  

The cage windings are away from a short circuit 
(Vr =0) the rotor voltages equals to zero. In fact, they 
are not applied by external sources tensions. They are 
produced by the effect of induction created by stator 
windings. The out-of-plane component of the current 

density is defined as: 

, ,

ind
e

bar a b c

V
J

A R





, where 

, ,a b cR

is the rotor resistance, barA is the cross section of the 

rotor bar domain. 
The modelling motion of rotating electrical 

machines is made by a displacement mesh, where the 
moving mesh will be implemented to the rotor and 
the part of the rotoric-air-gap. On the other side, the 
stator and the rest part of the air gap are fixed [29]. 
The material used for the machine structure is 
ferromagnetic type soft iron (without loss). 
Therefore, it can be seen that soft iron reaches its 
best state of magnetization near saturation between 
1.6 Tesla and 2.4 Tesla. 

4. Model of IM with BRBs 

The model of IM containing broken bars is based 
on removing the rotor bar domain, which is added to 
the rotoric air-gap. Moreover, the geometry of IM 
creates unbalance in the squirrel cage of the rotor, 
Figure 5 show the geometry and mesh of faulty 
machines containing a rotor bar fault. The number of 
triangular elements should be reduced when the 
number of BRBs increases. According to the state of 
the machine. The BRBs can occur in any position in 
the squirrel cage, and the BRB can be adjacent or not.  

Some possible configurations are shown in 
Figure 4.  

 

Figure 4. Faulty machine with broken bar (a) geometry (b) 

mesh 

The BRBs utilised in this work are set as follow:  
 One BRB. 
 Three adjacent BRBs. 
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 Three non-adjacent BRBs by an angle of 120 
degrees. 

Then, we deal with the same faults in which we 
shift all rotor bars by an angle of 180 degrees as 
shown in Figure 2. 

The first set of experiments is used to examine the 
impact of the BRB in the air-gap for the 
aforementioned broken bar locations.  

Figures 5-8 present the simulation data on 
magnetic vector potential along the air-gap vs time, 
for one broken bar, three adjacent BRBs, and three 
non-adjacent BRBs.  

 

 

Figure 5. Air-gap Magnetic vector potential for healthy 

 

Figure 6. Air-gap Magnetic vector potential for faulty machine 

containing one broken bar 

 

Figure 7. Air-gap Magnetic vector potential for faulty machine 
containing 3 broken adjacent bars 

 

Figure 8. Air-gap Magnetic vector potential for faulty machine 
3 non-adjacent broken bars 

What stands out in figure 5 is the symmetrical 
distribution in the air-gap vs. time. The most striking 
result to emerge from the simulation is shown in 

Figures 6-8, where there is an increase of the 
amplitude associated with the faults condition. 
However, more broken bars gives more increasing in 
the magnetic potential. For non-adjacent BRB, we 
can easily detected the type position of the broken. 
Statistically significant difference between the 
means is found. 

5. Air-gap magnetic flux density analysis 

The general equation of IM presented by the 
variable Az (Is the magnetic vector potential) J is the 
current density, which is equal to zero for steel and 
air parts, the magnetic flux density components, Bx 
and By In the x and y axis directions. The magnetic 
flux density B was calculated from the equations 
below. 

2 2

z z
x

x y

A A
B and By

y x

B B B

 
 
 

  

 

The 2D electromagnetic field results are employed 
to determine the impact of faults in air-gap, in the 
magnetic field simulation with healthy rotor, one 
broken bar and three adjacent/non-adjacent broken 
bars and broken shifting bars. A positive correlation 
is found between the healthy and faulty state.  

In Figures 9-11, there is a clear trend of increasing 
of the air-gap magnetic flux density, when rotor 
faults are present. The case of shifting phase is 
considered. 
 

 

Figure 9. Air-gap magnetic flux density for healthy and faulty 

IM containing One BRB 

 

Figure 10. Air-gap magnetic flux density for healthy and 

faulty IM containing 3 adjacent BRBs 

 

Figure 11. Air-gap magnetic flux density for healthy and 

faulty IM containing 3 spaced BRBs 
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Figures 9-11 presents the results of calculating air-
gap magnetic flux density IMs with BRBs. One can 
notice that the flux density change is periodic and 
smooth for the condition of the healthy rotor. The 
results indicate that there is an increase in the 
magnetic flux density after broken bar faults. There 
is a significant positive correlation between the 
amplitude and fault severity. What stands out in this 
case is the high rate of the effect of one BRB, which 
increases air-gap magnetic flux density to 0.004T, as 
well for three adjacent BRBs to 0.009T and three non-
adjacent BRBs to 0.005T. This result is periodical 
regarding the mechanical frequency. There is a 
significant difference between the two conditions of 
a healthy rotor and the BRB. No significant 
differences were found between the same cases of 
BRB with different phases shifting, with only 
difference in the shift of time. That shows that the 
harmonic components of the flux density on the 
various positions for broken bars are greater than 
those for a healthy rotor.  

The results obtained from the faulty analysis of 
the magnetic flux density can be compared to the 
healthy state. 

6. Spectral Analysis of the Magnetic Flux Density 

The air gap magnetic flux density and stator 
currents have considerable effects on each other. The 
investigation of the air gap magnetic flux density 
provides a sufficient signature to detect the BRBs. 
Any abnormal functioning of the IM increases the 
oscillation of electromagnetic torque and speed of 
the machine, which increases the distortion on air 
gap magnetic flux density. Therefore, the decrease in 
load causes an increase in the amplitude of side-band 
components around the fundamental frequency. Data 
are collected using high spectral resolution of the air 
gap magnetic flux density to detect BRBs faults. All 
the work was carried out using computational results 
of magnetic flux density via FFT.  

To specify this statement, the air-gap magnetic 
flux density frequency spectrum on a selected 
position is analysed by harmonic analysis. The air-gap 
magnetic flux density contains higher spatial 
harmonics in the case of broken bars. As an issue, the 
backward rotating field with respect to the rotor 
induces an electromagnetic force and current in the 
stator winding of the frequency, the BRB frequencies 
in the machine are given by: 

 1 2BRB sf s f   (10) 

The proposed technique can identify the number 
and the type of BRBs.  In addition, it can detect the 
location of fault irrespective to its measured point. 
The sidebands around the fundamental frequency are 
presented as follows: 

 1
sidebands s

s
f f

p


  (11) 

 

 

s s sidebands
L

s s sidebands
U

f k f f

f k f f

  

  
 (12) 

k: is an integer  

sf  : is fundamental frequency. 

sidebandsf : is the sidebands around the 

fundamental frequency. 
s : is the slip. 
p : is the pair pole. 

s
U

f : is the frequency of the upper sidebands. 

s
L

f : is the frequency of the lower sidebands. 

The results obtained from the preliminary 
investigation of air-gap magnetic flux density can be 
shown in Figures 12-14, in which we have cases for 
the healthy and the faulty machine, which shows one 
BRB in Figure 12, three adjacent BRBs in Figure 13 
and three non-adjacent BRBs in Figure 14. There are 
three main types of BRB faulty analysed to be 
identified by spectacle analysis. 

 

 

Figure 12. Air-gap magnetic flux density spectrum for healthy 

and faulty IM containing One BRB 

 

Figure 13. Air-gap magnetic flux density spectrum for healthy 

and faulty IM containing Three adjacent BRBs 

 

Figure 14. Air-gap magnetic flux density spectrum for healthy 
and faulty IM containing three spaced BRBs 

When a rotor bar is cracked, no current flows 
through it, and thus no magnetic flux generated 
around that bar. This occurrence generates an 
irregularity in the rotor magnetic field by producing 
a non-zero backwards rotating magnetic field.  

Therefore, it induces harmonic magnetics in the 
air-gap, which superimposed on the stator currents. 
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These superimposed harmonics used as signatures 
for BRB detection in Magnetic field signature analysis. 
The frequency spectrum of the air-gap magnetic flux 

density exposes sideband components s
U

f and s
L

f

around the fundamental components in the presence 
of the BRB. In order to investigate the effects of 
faults in the sidebands harmonics, regarding to Figure 
15, it is apparent that the three adjacent BRBs 
increase significantly more than the healthy 
compared to the other two kind faults. 

 

 

Figure 15. Air-gap magnetic flux density spectrum of the side 

band components around the fundamental 

frequency for healthy and faulty IM containing BRB 

According to Table 2, the frequency of the 
sidebands increases from -99 to -76 dB for one broken 
bar compared with healthy IM.  

Table 2. Air-gap magnetic flux density spectrum of induction machine around fundamental frequency 

rank fs angle 
healthy 

One broken rotor 

bar 1BRB 

Three adjacent 

broken rotor bars 

3BRB 

Three non-

adjacent broken 

rotor bars 3BRBS 

fsL fsU fsL fsU fsL fsU fsL fsU 

1 49.99 
0 

-103.15 -103.34 
-79.17 -81.03 -64.25 -69.54 -80.93 -70.05 

180 -78.42 -79.64 -64.22 -69.25 -80.06 -69.68 

3 149.97 
0 

-103.21 -105.74 
-84.53 -87.91 -74.21 -67.15 -91.53 -79.11 

180 -82.09 -88.29 -73.42 -67.24 -96.68 -80.01 

5 249.95 
0 

-103.32 -107.03 
-92.92 -88-87 -65.94 -67.88 -80.99 -80.51 

180 -99.27 -88.79 -65.99 -68.15 -80.07 -81.78 

7 349.94 
0 

-110.19 -109.35 
-83.50 -80.64 -73.03 -76.33 -98.56 -71.67 

180 -83.48 -80.14 -73.24 -76.53 -95.55 -71.64 

9 449.92 
0 

-119.14 -110.98 
-78.05 -76.55 -72.46 -71.26 -75.72 -80.88 

180 -77.97 -76.08 -72.71 -71.58 -76.05 -80.56 

 
Moreover, -64 to -74 dB for 3 adjacent bars and 

from -70 to -98 dB for three non-adjacent rotor bars. 
There was a significant difference in the amplitude 
and between the faulty conditions. More broken bars 
lead to an increase in the amplitude of the sidebands 
components in case of adjacent bars. On the other 
hand, spaced BRB is almost as strong a risk factor for 
disability as adjacent BRB, where the effect of non-
adjacent is lower than adjacent due to the 
distribution faulty in the rotor core. 

7. Classification faults by ANN 

The main characteristic of MLP neural network is 
the presence of one or more hidden layers, which are 
responsible for the extraction and storage of 
knowledge associated with a specific application. 
Layered networks are used in various applications, 
among them, the classification. Various methods 
have been employed to investigate the IM fault and 
no-fault condition based on ANNs In order to use ANN 
to identify the BRBs, it is necessary to select proper 
inputs for the NN, select a specific structure. In this 
study, inputs are selected as the amplitude of the 

fundamental frequency
sf

A , the sidebands harmonics 

around the fundamental frequency (
sUfA ,

sLfA ) and 

the supply frequency sf  of the IM. In addition, 160 

samples are considered for training and testing the 
NN. Therefore, there are four input neurons.  In 
addition, four outputs corresponding to three faults 
described before and a healthy condition. The output 
goes to one, if that particular condition exits, 
otherwise it is zero. There are two hidden layers, 
with 10 neurons for each layer during the training 

phase.  
Figure 16 illustrates the inputs and outputs of the 

ANN. 
 

 

Figure 16. ANN to identify IM fault conditions 

The network is trained using the back-propagation 
algorithm. In training the network, learning 
coefficient and the momentum coefficient are chosen 
to be 0.3 and 0.2 respectively.  

What stands out in the Table 3 is two proposed 
cases 0 and 180 degrees, the data training used is the 
state of faults for 0 degree shift.  

Table 3. Detailed accuracy for ANN 

 train test 

Correctly Classified Instances 79-98.75% 73-91.25% 

Incorrectly Classified Instances 1-1.25% 7-8.75% 

Kappa statistic 0.9833 0.8833 

Mean absolute error 0.004 0.0512 

Root mean squared error 0.0397 0.1877 

Total Number of Instances 80 80 
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Meanwhile, the state of 180 degrees is used to test 
the neural networks. The results of training and 
testing NN are presented in the Table 3.  

The outcomes, as shown in Tables 4 and 5 for the 
accuracy of neural network by class of fault, indicate 
that the magnetic flux density can be used to predict 
BRBs.  

Table 4. Detailed accuracy by class for training ANN 

Class 

T
P
 R

a
te

 

F
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 R

a
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P
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c
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M
C
C
 

R
O

C
 A

re
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P
R
C
 A

re
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Healthy 1 0 1 1 1 1 1 

BRB1 1 0,017 0,952 1 0,968 1 1 

BRB3 1 0 1 1 1 1 1 

BRBS3 0,95 0 1 0,95 0,967 1 1 

Weighted 
average 

0,988 0,004 0,988 0,988 0,984 1 1 

 
 
 
 

Table 5. Detailed accuracy by class for testing ANN 

Class 

T
P
 R

a
te

 

F
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P
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c
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n
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M
C
C
 

R
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P
R
C
 A
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healthy 1 0,033 0,909 1 0,93 0,998 0,992 

BRB1 0,95 0,05 0,864 0,95 0,87 0,976 0,925 

BRB3 0,9 0,033 0,9 0,9 0,86 0,965 0,952 

BRBS3 0,8 0 1 0,8 0,86 0,993 0,981 

Weighted 

average 
0,91 0,029 0,918 0,913 0,88 0,983 0,962 

 
Table 4 compares the results obtained from the 

preliminary analysis of the class faults and no-fault 
condition for the training. The top row of the table 
shows the healthy state’s accuracy, and the next rows 
show the results for the three faulty conditions with 
better results for the case of one broken bar and 
slightly worse results for the case of non-adjacent 
broken bars. 

The results in from of the confusion matrix are 
shown in Table 6. 

 

Table 6. The confusion matrix  

Training 

State IM 
healthy BBR1 BRB3 BRBS3 

Log RF NN Log RF NN Log RF NN Log RF NN 

healthy 20 20 20 0 0 0 0 0 0 0 0 0 

BBR1 0 0 0 12 20 20 6 0 0 2 0 0 

BRB3 0 0 0 2 0 0 13 20 20 5 0 0 

BRBS3 0 0 0 4 0 1 8 0 0 8 20 19 

Testing 

State IM 
healthy BBR1 BRB3 BRBS3 

Log RF NN Log RF NN Log RF NN Log RF NN 

healthy 20 20 20 0 0 0 0 0 0 0 0 0 

BBR1 0 0 1 12 12 19 6 6 0 2 2 0 

BRB3 0 0 1 5 5 1 13 11 18 5 4 0 

BRBS3 0 0 0 5 5 2 8 5 2 8 10 16 

 
The resulting solution can accurately predict the 

status of the IM. The most striking result is that the 
NN is able to identify the faults irrespective of the 
location of the rotor bars. This case study confirms 
the importance of air-gap magnetic flux density in the 
diagnosis problem. In addition, to verify the power of 
NN in detecting the fault conditions a comparison 
between logistic regressions (Log), random Forest 
(RF) and NN method is achieved.  

The results are expressed in Table 6. It is shown 
clearly that NN tool gives the best results in both 
training and testing. The logistic regression method 
shows bad results in both training and testing. 
However, random forest method presents only good 
results in the training phase. 

8. Conclusions 

In this paper, a new methodology for the diagnosis 
of faults in IMs operating under non-load conditions, 
based on the analysis of the air-gap magnetic flux 
density spectrum is presented. The methodology 
provides a powerful diagnosis, as well as improves the 
accuracy and reliability of the already developed 
techniques used. The development of the 
methodology and results in this paper consisted of the 

following set of steps: 
 Proposal of an IM model based on FEM used to 

simulate rotor faults. 
 Analysis of the faulty components of BRBs in 

squirrel cage IM. 
 The magnetic vector potential and air gap 

magnetic flux density are used for the 
diagnosis of different faults. 

 The spectrum of the air-gap magnetic flux 
density is used to identify the proposed faults 
using sideband components around the 
fundamental frequency. 

 The classification of the healthy and faulty IM 
condition is based on the ANN, which use the 
harmonic components around the fundamental 
frequency of the magnetic flux density as its 
inputs. 
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