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This study aims to display fuzzy logic (FL) technique for diagnosis of fault induction 

machine. This allows monitoring of fuzzy information from different signals to give more 

accurate judgment on the health of the engine, through using a multi-winding model of 

induction machine for the simulation of broken bars. This model allows study the influence 

of defects and appear the behavior of the machine in the different modes of running 

conditions (healthy and fault). In this work, we focus the application of a fuzzy logic 

technique based on the fast Fourier transformation (FFT) by analyzing the stator current 

for fault detection. The results of the simulation obtained allowed us to show the 

importance of the fuzzy logic approach based on classification of signals for detecting the 

faulty.  
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1. INTRODUCTION

Machine monitoring has become a very important operation 

in the field of maintenance and control of electrical devices. 

The performance and reliability of all control are linked to the 

quality of the measurement systems. Any failure of the 

instrumentation leads to the generation of erroneous 

information, and therefore a reduction in performance and 

reliability and sometimes even a security issue [1]. 

Induction machines play a big role in the industrial and 

commercial frame because of its important role in the 

production and its growing demand, due to the many 

advantages, namely: simplicity of construction, robustness, 

relatively low manufacturing cost. Consequently, modern 

industrial machines rely more and more on advanced 

diagnostic techniques to reach high-performance levels and 

meet the requirements of industrial companies. The 

continuous diagnostic function of the equipment through 

knowing about faults early can prevent a malfunction before it 

happens and rule out improbable expectations that can slow 

down machine work [2, 3]. The diagnosis of the machine state 

is only possible if knowing the vibratory symptoms associated 

with each fault. Also, consider the faults reasons in electrical 

machines: their origin in the design, the installation, the 

operating environment, the nature of the load and the 

maintenance program where the faults are classified according 

to their location and the reasons for their presence [4]. 

However, the failures at the bar of the rotor can damage the 

surrounding bar and thus, damage can spread leading to 

several fractures of the bar. When a bus bar fault occurs, flow 

harmonics are produced according to the next relation: 𝑓𝑏𝑟𝑐 =
𝑓s (1 ± 2ks) [5]. Recently, it led to the interest of researchers

at the importance of detection broken bar fault and its 

maintenance. In this context, it has suggested a novel 

methodology for rotor broken bar (BRB) detection in IM 

during both start-up and a steady-state operation regime is 

proposed. It consists of two main steps. In the first one, the 

analysis of 3-axes vibration signals using the fractal dimension 

(FD) theory is carried out. In the second step, a fuzzy logic 

system for each regime is presented for automatic diagnosis 

[6]. Whereas Karnavas et al. [7] presented an attempt is made 

to develop a mechanism to diagnose rotor bars faults in 

squirrel cage induction machine. The concept is implemented 

by primarily taking into account the information extracted 

from the classical, through motor current signature analysis 

(MSCA) for broken three bars and then a model identification 

method approach is formulated using data set manipulation 

known as subtractive clustering. The method is based on 

adaptive neuro-fuzzy inference system (ANFIS). While 

Merabet et al. [8], which proposes a reliable method for 

diagnosis and detection of rotor broken bars faults in induction 

machine. The detection faults are based on the monitoring of 

the current signal. Also the calculation of the value of relative 

energy for each level of signal decomposition using package 

wavelet, which will be useful as data input of adaptive Neuro-

Fuzzy inference system. In this method, fuzzy logic is used to 

make decisions about the machine state. The adaptive Neuro-

Fuzzy inference system can identify the IM bearing state with 

high precision. Whilst Prins et al. [9] present an online fault 

detection technique based on multilevel discrete wavelet 

transform DWT followed by the statistical analysis of the 

coefficients using correlation coefficient to detect the presence 

of a broken bar in the rotor of a three-phase induction motor. 

To solve these issues, this paper establishes a model based 

on a multi-winding to simulate broken bars, to study the 

influence of these faults in the behavior of the machine. Where 

the fuzzy logic provides an insight into the condition of the 

machine (in case of healthy and fault) and is used as the 

advantage to extract the details of the indicators when the fault 

occurs. 

This paper has been divided into three parts. The first part 

deals with introduces model multi-winding to simulate a 

broken bar, the second describes the way of fuzzy logic 

working, depending on FFT values. Finally, we present the 
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results of fuzzy logic and evaluation of induction machine 

behavior for detecting the faults. 

 

 

2. MULTI WINDING MODEL OF INDUCTION 

MACHINE 

 

The application of extended Park transformation of rotor 

system to transform the system in Nr phases in a system (d, q). 

The mathematical model of the squirrel cage induction motor 

can be written as:      

 

[L]
dI

dt
=  [V] − [R][I] (1) 

 

While the principal inductance of the magnetizing stator 

phase is: 

  

 Lsp(θ) =
ɸsp

ia
= 

2 μ0 Ns
2 RL

eπ p2   (2) 

 

Therefore the total inductance of a phase is equal to the sum 

of the magnetizing and leakage inductances, thus 

 

Ls = Lsp + Lsf (3) 

 

The mutual inductance between the stator phases is 

computed as: 

 

Ms     = −
Ls

2
 (4) 

 

The form of the magnetic induction produced by a rotor 

mesh in the air-gap is supposed radial, the principal inductance 

of a rotor mesh can be calculated from the magnetic induction 

distribution. The total inductance of the kth rotor mesh is equal 

to the sum of its principal inductance, the inductance of 

leakage of the two bars and inductance of the leakage of two 

portions of rings of the short circuit closing the mesh k, as in 

the following relations: 

 

  Lrp =
Nr−1

Nr
2 μ

0 

2π

e
 RL  (5) 

                    

Lrr = Lrp + 2Lp + 2Le (6) 

                                   

Mrr = −
1

Nr
2

2πμ0

e
 RL   (7) 

 

The expression for the mutual inductance stator-rotor can be 

calculated using the flux and is given by: 

 

Msrnk = −Msr cos(pθr − n2π + ka) (8) 

 

where, 
 

𝐚 = 𝐩
𝟐𝛑

𝐍𝐫
      And      𝐌𝐬𝐫(𝛉) =

𝟒𝛍𝟎 𝐍𝐬 𝐑𝐋

𝐞𝐩𝟐   𝛑
𝐬𝐢𝐧(

𝐚

𝟐
)  

 

For defect model of the rotor to simulate of rotor broken 

bars, a fault resistance RRF is added to the corresponding 

element of the rotor resistance matrix RR: 

 
[RRF]NR xNR

= [RR]NR xNR
− [RF]NR xNR

 (9) 

 

[𝐑𝐑𝐅]

= [𝐑𝐑] +

[
 
 
 
 
 
 
𝟎 ⋯ 𝟎
⋮ … ⋮
𝟎 ⋯ 𝟎

𝟎 𝟎 ⋯
⋮ ⋮ ⋮
𝟎 𝟎 𝟎

⋯
…
⋯

𝟎 … 𝟎
𝟎 ⋯ 𝟎
𝟎 ⋯ 𝟎

−
𝐑𝐛𝐤 −𝐑𝐛𝐤 𝟎
𝐑𝐛𝐤 𝐑𝐛𝐤 𝟎
𝟎 𝟎 𝟎

⋯
⋯
⋯

⋮ ⋯ ⋮        ⋮              ⋮       ⋮ …]
 
 
 
 
 
 

 
 

 

The new matrix of rotor resistances, after transformations, 

becomes: 

 

[RRF] = [
Rrdd Rrdq

Rrqd Rrqq
] (10) 

 

This equation shows the application of summation over all 

faulty bars [10, 11]: 

 

Rrdd =  2Rb(1 − cos(a)) + 2
Re

Nr
+ 

2

Nr
(1 −

cos(a))∑ Rbkf(1 − cos (2k − 1)a)k   
(11) 

 

Rrqq = 2Rb(1 − cos(a)) + 2
Re

N r

+
2

Nr

(1

− cos(a))∑ Rbkf(1

k

+ cos(2k − 1) a) 

(12) 

 

Rrdq = −
2

Nr
(1 − cos(a))∑ Rbkfsin (2k − 1)a)k   (13) 

 

Rrqd = −
2

Nr

(1 − cos(a)) ∑Rbkfsin (2k − 1)a)

k

 (14) 

 

Finally, the equations of the model fault of the induction 

motor can be written as [12, 13]: 
 

[
 
 
 
 

Lsc

0
−3Msr 2⁄

0
0

0
Lsc

0
3Msr 2⁄

0

−NrMsr 2⁄

0
Lrc

0
0

0
NrMsr 2⁄

0
Lrc

0

0
0
0
0
Le]

 
 
 
 

 
d

dt

[
 
 
 
 
Ids

Iqs

Idr

Iqr

Ie ]
 
 
 
 

=

 

[
 
 
 
 
Vds

Vqs

0
0
0 ]

 
 
 
 

   

[
 
 
 
 

Rs

Lscωr

0
0
0

−Lscωr

Rs

0
0
0

0
NrMsrωr 2⁄

Rr

0
0

NrMsrωr 2⁄

0
0
Rr

0

0
0
0
0
Re]

 
 
 
 

[
 
 
 
 
Ids

Iqs

Idr

Iqr

Ie ]
 
 
 
 

  

 

where, 
 

[R]

=

[
 
 
 
 

Rs

Lscωr

0
0
0

−Lscωr

Rs

0
0
0

0
NrMsrωr 2⁄

Rr

0
0

NrMsrωr 2⁄
0
0
Rr

0

0
0
0
0
Re]

 
 
 
 

 

 

 

And: 
 

 
 

[𝐋]                                                      

=

[
 
 
 
 

𝐋𝐬𝐜

𝟎
−𝟑𝐌𝐬𝐫 𝟐⁄

𝟎
𝟎

𝟎
𝐋𝐬𝐜

𝟎
−𝟑𝐌𝐬𝐫 𝟐⁄

𝟎

−𝐍𝐫𝐌𝐬𝐫 𝟐⁄

𝟎
𝐋𝐫𝐜

𝟎
𝟎

𝟎
𝐍𝐫𝐌𝐬𝐫 𝟐⁄

𝟎
𝐋𝐫𝐜

𝟎

𝟎
𝟎
𝟎
𝟎
𝐋𝐞]
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where, 

 

Lrc = Lrp − Mrr +
2Le

Nr

+ 2Le(1 − cos(a)) (15) 

  

And: 

 

Rr = 
2Re

Nr

+  2Rb(1 –  cos(a)) (16) 

 

The torque equation is given by: 

 

Ce =
3

2
 p. Nr. Msr(Ids. Iqr − Iqs. Idr) (17) 

 

 

3. SIGNAL PROCESSING BY FUZZY LOGIC 

 

When faults occur in the machine for example (Breaking of 

the bars), using Signal Sensor for electrical and mechanical 

magnitude measurements, during the operation of a machine 

to determine if there is a fault. Then applying the signal 

processing techniques of the signal to reveal the signatures of 

the faults and the extraction of the information is necessary to 

identify several types of faults by a technique, namely: spectral 

analysis 'FFT'. Then using fuzzy logic to detect and locate 

faults. Finally, in the failure detection phase, it is necessary to 

decide whether a fault exists or not, see Figure 1. Shows the 

general diagram for fault diagnosis [14, 15]. 

 

 
 

Figure 1. General scheme for fault diagnosis based Fuzzy 

logic 

 

3.1 Fast fourier transform (FFT) 

 

Fourier analysis makes it possible to know the different 

frequencies existing in a signal, that is to say, its spectrum, but 

does not make it possible to know at what instants these 

frequencies were emitted. This analysis gives global and not 

local information. The Fourier analysis does not allow the 

study of signals whose frequency varies over time. Such 

signals require the establishment of a time-frequency analysis 

which will allow localization of the periodicities over time and 

will, therefore, indicate if the period varies continuously if it 

disappears then reappears subsequently, Where it is given by 

the following relation [16]: 
 

𝑋(𝑡) = ∫ x(𝑡)e−2π𝑓d𝑡

∞

−∞

 (18) 

 

Its inverse is given by: 

                𝑋(𝑓) = ∫ x(𝑓)e−2πfd𝑓
∞

−∞
    (19) 

 

The spectral component associated with broken rotor bars is 

found at the frequency, by relation (1± 2sk)fs. 

where,    

s: is the per-unit motor slip, 

fs: is the frequency of the power grid in which the motor is 

connected and k: is the number of the broken bar. 

These two frequencies (1-2s)fs and (1+2s)fs, which allow 

broken rotor bars can be detected by monitoring current 

spectral components. Using the stator currents Isa phase ‘a’ 

and follow the machine's behavior in different states healthy 

and faults (broken one bar, broken two bars, broken three bars, 

broken four-bar). Frequency spectrum analysis of the current 

around 50Hz, we note for Figure 1 no lateral line in the healthy 

state, on the other hand in the fault type breakage of the bars 

adjacent to Figures 2-6, we observe a lateral line in the vicinity 

of the fundamental 50 Hz. In our case, the increase in the 

number of broken bars N° (1, 2, 3 and 4), occurs growth in the 

values of the amplitude of the lines according to the equation 

(1 ± 2sk) fs.  

 

 
 

Figure 2. Spectral stator current for healthy machine 

 

 
 

Figure 3. Spectral stator current with one rotor broken bar 
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Figure 4. Spectral stator current with two rotor broken bars 

 

 
 

Figure 5. Spectral stator current with three rotor broken bars 

 

 
 

Figure 6. Spectral stator current with four rotor broken bars 

4. MEMBERSHIP FUNCTION AND FUZZY 

INFERENCE 

 

To monitor the behavior of the machine by studying the FFT 

current indicators, digital data is represented as linguistic 

information. These functions are determined practically after 

analysis of the performance of the machine (through the 

simulation of the healthy and/or faulty model). The schema of 

the working of fuzzy logic is shown in Figure 7. We take as 

output variable (LM) and as the input the current variable (Isa, 

Isb, and Isc). Note that for the output variable the membership 

functions corresponding to four fuzzy subsets are: S: Healthy, 

D: Fault, DE: Failure P: Seriously Damaged as shown in 

Figure 8. And each input variable is transformed into linguistic 

quantity with three subs - fuzzy set B: Low, M: Medium, F: 

Strong, as shown in Figure 9. Using the triangular, trapezoidal 

functions for the three input variables, the fuzzy logic theory, 

the three stator current inputs, and the machine state output are 

given as following [17]: 

• Inputs 

 

   {

𝐼𝑠𝑎 = {𝜇𝐼𝑠𝑎(𝑖𝑠𝑎𝑗)/𝑖𝑠𝑎𝑗𝜖𝐼𝑠𝑎}

𝐼𝑠𝑏 = {𝜇𝐼𝑠𝑏
(𝑖𝑠𝑏𝑗)/𝑖𝑠𝑏𝑗𝜖𝐼𝑠𝑏}

𝐼𝑠𝑐 = {𝜇𝐼𝑠𝑐(𝑖𝑠𝑐𝑗)/𝑖𝑠𝑐𝑗𝜖𝐼𝑠𝑐}

     (20) 

 

• Output 

 

     𝐿𝑀 = {𝜇𝐿𝑀(𝑙𝑓𝑗)/𝑙𝑓𝑗𝜖𝐿𝑀}   (21) 

 

 
 

Figure 7. Basic diagram for diagnostics 

 

 
 

Figure 8. Membership functions for output variables 
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Figure 9. Membership functions for the input variable 

 

 

5. THE FUZZY SYSTEM INPUT-OUTPUT 

VARIABLES (DECISION) 

 

Inferences link the measured quantities and the output 

variables by linguistic rules. A fuzzy rule, in this case, is the 

combination of symptoms and defects. In the case of diagnosis, 

these rules must group the failures, suffered by the induction 

machine, associated with their symptoms, the fuzzy logic 

process consists of two parts are the data acquisition and the 

design of the rules. To analysis these symptoms it is necessary 

to use the algorithms of Mamdani.  

For the fuzzy inference, we chose of Mamdani method 

based on the Max-Min inference method. where this method 

carries out the operator "AND" by the function "Min", the 

conclusion "THEN" of each rule by the function "Min" and the 

connection between all the rules (operator "OR") by the 

function Max. 

The name of this method, called Max-Min or "Mamdani 

implication", is due to the way of performing the THEN and 

OR operators of the inference. 

Inputs to a fuzzy system are generally measured using 

measuring devices which are most often of the analog type. 

Since the implementation of the fuzzy system is almost always 

done digitally, it is first necessary to provide for an 

analog/digital conversion. When implementing this 

conversion, adaptation factors must be introduced which take 

into account the format chosen for the converted quantities. 

This conversion is linked on the one hand to a quantification 

of the signals, because of the finite length of the digital 

quantities, and on the other hand to a sampling. Assigning 

degrees of belonging to each input value is a transition from 

physical quantities to linguistic values.  

Linguistic variables are defined by their linguistic values. In 

our study case, we have corresponded to the input variables (Ia, 

Ib, and Ic) membership functions which in general are 

triangles or trapezoids. These functions are determined 

empirically after analysis of the functioning of the system 

(through the simulation of the healthy and / or faulty model). 

For each variable we define zones in fuzzy sets as follows (low, 

medium, strong). The inputs and outputs of the system are 

defined using the theory of fuzzy logic as follows: 

The set of measured values of the universe of the 

measurable quantities is Isa, sb, sc = {B: Low, M: Medium, F: 

Strong}. 

The state of the engine, LM, is chosen as being the output 

of the fuzzy system with LM = {S: Healthy, D: Default, DE: 

Failure P: Seriously Damaged}. 

Inferences link the measured quantities and the output 

variables by linguistic rules. A fuzzy rule, in this case, is the 

combination of symptoms - faults. 

The rules used are of type: 

If < Isa = Small > AND < Isb = Large > then <fault LM = 

Large. 

The fuzzy rules are in general indicated on the if-then 

formula used in the study system can be summarized as 

follows: 

 
Rule (1): if Isa is B and Isb is B and Isc is B Then LM is P 

Rule (2): if Isa is B and Isb is B and Isc is M Then LM is DE 

Rule (3): if Isa is B and Isb is B and Isc is F Then LM is P 

Rule (4): if Isa is B and Isb is M and Isc is B Then LM is DE 

Rule (5): if Isa is B and Isb is M and Isc is M Then LM is D 

Rule (6): if Isa is B and Isb is M and Isc is F Then LM is DE 

Rule (7): if Isa is B and Isb is F and Isc is B Then LM is P 

Rule (8): if Isa is B and Isb is F and Isc is M Then LM is DE 

Rule (9): if Isa is B and Isb is F and Isc is F Then LM is P 

Rule (10): if Isa is M and Isb is B and Isc is B Then LM is P 

Rule (11): if Isa is M and Isb is B and Isc is M Then LM is D 

Rule (12): if Isa is M and Isb is B and Isc is F Then LM is DE 

Rule (13): if Isa is M and Isb is M and Isc is B Then LM is D 

Rule (14): if Isa is M and Isb is M and Isc is M Then LM is S 

Rule (15): if Isa is M and Isb is M and Isc is F Then LM is DE 

Rule (16): if Isa is M and Isb is F and Isc is B Then LM is DE 

Rule (17): if Isa is M and Isb is F and Isc is M Then LM is DE 

Rule (18): if Isa is M and Isb is F and Isc is F Then LM is P 

Rule (19): if Isa is F and Isb is B and Isc is B Then LM is P 

Rule (20): if Isa is F and Isb is B and Isc is M Then LM is DE 

Rule (21): if Isa is F and Isb is B and Isc is F Then LM is P 

Rule (22): if Isa is F and Isb is M and Isc is B Then LM is DE 

Rule (23): if Isa is F and Isb is M and Isc is M Then LM is DE 

Rule (24): if Isa is F and Isb is M and Isc is F Then LM is P 

Rule (25): if Isa is F and Isb is F and Isc is B Then LM is P 

Rule (26): if Isa is F and Isb is F and Isc is M Then LM is P 

Rule (27): if Isa is F and Isb is F and Isc is F Then LM is P 

 

When correctly processing the breakout data of the adjacent 

bars and then using fuzzy membership functions and rules, 

which reduces the cost of fault diagnosis and improves 

efficiency. The following Figure 10 shows the role of fuzzy 

logic for diagnosing the faults by introducing the FFT 

technique to extract the indicators of these signals. Then using 

fuzzy logic to make decisions on the state of the machine in 

case of healthy or defect and represent the values of the 

membership function of the input and output variables. 
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Figure 10. Diagram general for diagnostics the faults 

 

 

6. THE DEFUZZIFICATION BY CALCULATION OF 

THE CENTER OF GRAVITY 

 

This method consists in taking the abscissa corresponding 

to the center of gravity of the membership function. Formally, 

it is expressed by the following formula [18, 19]:  

 

     X*= 
∫ 𝑥.𝑈(𝑥).𝑑𝑥
𝑥1
𝑥0

∫ 𝑈(𝑥)
𝑥1
𝑥0

.𝑑𝑥
 (22) 

 

This method gives much better results and is also widely 

used in fuzzy systems. However, it has the disadvantage of 

being very expensive. Indeed, to apply this method of 

Defuzzification, it is necessary to calculate the center of 

gravity of the surface (see Figure 11) under the membership 

function and to take the abscissa of this center of gravity. To 

do this, you need to break down the membership function into 

small pieces and integrate each piece [20, 21]. 

When using signal processing the four broken bars by fuzzy 

logic, which introduce the role fuzzy logic for detecting and 

locating the faults. Using the FFT technique to extract the 

indicators of these signals that their use to make decisions on 

the state of the machine in case of healthy or defect. These 

represent the values of the membership function of the input 

and output variable. The Figures 12-16 below represent a 

current of the stator by using fast Fourier Transform algorithm 

(FFT) represented of stator currents (FFT-Isa, FFT-Isb, FFT-

Isc) which will be used as indicator values in the fault 

diagnosis system and the fuzzy logic for the healthy state and 

various rotors faults (breakage of four bars) and with machine 

supplied directly by the three-phase network. We apply a load 

of Cr = 3.5 Nm, at t = 0.5s, the value of the resistance of the 

broken bars will be considered equal to eleven (11) times. To 

examine the efficiency of the fuzzy logic system, we use the 

current of the stator to study the behavior of the machine in 

healthy and fault breakage of the rotor bars. In this case, the 

stator current is transformed to the frequency domain using a 

Fast Fourier Transform algorithm (FFT), which depends on 

signal analysis in the frequency domain. Then extract the 

amplitudes in case of four broken adjacent bars. The Figures 

17-21, presents fuzzy inference for output Values. These 

values represent the center of gravity calculated in each of case 

of healthy and faulty (four broken bars) by tracking the 

developments of the three currents (Isa, Isb, Isc) and the state 

of the machine (LM) according to the following stages: 

 

• In case of a healthy machine we find : 

*Input the currents (Isa=0.9, Isb=0.9, Isc=0.9).  

Output LM=0.681 

• In case of a defect we find: 

*At t = 1s one broken bar  

Input the currents (Isa=1.26, Isb=0.148, Isc=1.41) 

Output LM=1.29 

* At t = 2s two broken bars 

Input the currents (Isa=1.2, Isb=0.293, Isc=1.49) 

Output LM=1.31 

* At t = 3s three broken bars 

Input the currents (Isa=1.37, Isb=0.12, Isc=1.49) 

Output LM=1.35 

* At t = 4s four broken bars 

Input the currents (Isa=0.905, Isb=0.724, Isc=1.63) 

Output LM=1.31 

 

Then we move on towards the fuzzy logic which translates 

the three stator current (Isa, Isb, Isc) considered as input 

variables in the fuzzy system and the condition of the machine 

(LM) is considered as an output variable for the detection and 

diagnosis of broken bar faults (the decision). The advantages 

of fuzzy logic are illustrated by the approximate reasoning 

capacity when a fault occurs and capable of separating and 

identifying the faults according to time as shown in Figures 

22-26, we notice an increase in the undulations of the current 

stator and increases according to the number of broken bars. 

As shown in Table 1. 
 

Table 1. Value calculated in center of gravity 

 

Type faults 
One 

bar 

Tow 

bars 

Three 

bars 

Four 

bars 

Output fuzzy 

Values LM 
1.37 1.38 1.4 1.5 

 

 
 

Figure 11. Defuzzification by the center of gravity 

 

 
 

Figure 12. FFT of the stator currents (Isa- Isb- Isc) in healthy 

case 
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Figure 13. FFT of the stator currents (Isa- Isb- Isc) in case 

one broken bar 

 

 
 

Figure 14. FFT of the stator currents (Isa- Isb- Isc) in case 

two broken bar 

 
 

Figure 15. FFT of the stator currents (Isa- Isb- Isc) in case 

three broken bars 

 

 
 

Figure 16. FFT of the stator currents (Isa- Isb- Isc) in case 

four broken bars 

 

 
 

Figure 17. Fuzzy inference for Output Values in case of a 

healthy machine 

 

 
 

Figure 18. Fuzzy inference for Output Values in case of one 

broken bar 
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Figure 19. Fuzzy inference for Output Values in case two broken 

bars 

 

 
 

Figure 20. Fuzzy inference for Output Values in case broken 

three bars 

 

 
 

Figure 21. Fuzzy inference for Output Values in case of four 

broken bars 

 

 
 

Figure 22. System output of fuzzy in the healthy case 

 

 
 

Figure 23. System output of fuzzy in case of one broken bar 
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Figure 24. System output of fuzzy in case broken two bars 

 

 
 

Figure 25. System output of fuzzy in case of three broken 

bars 
 

 
 

Figure 26. System output of fuzzy in case of four broken 

bars 

 

 

7. CONCLUSIONS 

 

Recent technological developments in fault diagnosis in 

induction machines become the most widely used in the field 

of control systems. However, fault detection and diagnosis 

through the use of modern methods allow us to monitor and 

control by taking preventive measures to detect these sudden 

accidents. The proliferation of electrical disturbances is due to 

an increase in the number of faults that occur in the machine 

for example: break of bars. 

Monitoring a machine comprises diagnosing faults by 

detecting an abnormal transposition in the behavior or state of 

a system and in locating its cause. The aim is to guarantee 

security and continuity of service and to record events useful 

for curative maintenance or feedback. In this paper, we 

presented the induction machine fault by using the multi-

winding model for simulation of broken bars.  

The proposed detection technique could be used by artificial 

intelligence represented fuzzy logic (FL) based on Fast Fourier 

Transform (FFT) for extracting the necessary information to 

identify faults. Depending on the center of gravity. This 

method gives much better results and is also widely used in 

fuzzy systems. These results signify that the proposed fuzzy 

logic has great importance and a better way with signal and the 

uncertainties for fault determination. Finally, this technique is 

a simple and effective tool to implement diagnosis in the early 

stage. 
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APPENDIX 

 

Appendix for simulation broken bar 

 
Symbol                           Definition                           Value 

Pn output power 1.1 kW 

Vs stator voltage per phase 220 V 

Fs stator frequency 50 Hz 

p poles pair number 1  

Rs stator resistance 7.58 Ω 

Rr rotor resistance 6.3 Ω 

Rb rotor bar resistance 0.15 m Ω 

Re resistance of end ring 

segment 

0.15 m Ω 

Lb rotor bar inductance 0.1 μH 

Le inductance of end ring 0.1 μH 

Lsf leakage inductance of stator 0.0265 H 

Nr number of rotor bars 16  

Ns number of turns per stator 

phase 

160  

J moment of inertia 0.0054 kg m2 

e Air-gap mean diameter 2 mm 
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