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Abstract – Three phase squirrel cage induction 

motors are the major power consuming device in 

houses and small scale industries. So, fault 

identification is very much essential for three phase 

induction motors to increase its life time and also to 

reduce its power consumption. There are many 

conventional techniques and soft computing 

techniques available for fault identification in three 

phase squirrel cage induction motors. Recent work 

has been carried out to find the faults in three phase 

induction motors by entropy based wavelet analysis 

of startup transient current. The entropy based 

wavelet analysis has disadvantage compared to 

norm based wavelet analysis while quantifying the 

fault. In this paper, fuzzy logic and norm based 

wavelet analysis of startup transient current is 

proposed to identify and quantify the faults such as 

broken rotor bar and bearing fault in three phase 

induction motors. The proposed work identifies the 

fault using norm based discrete wavelet transform 

and quantifies the level of the fault with the help of 

fuzzy logic. The results are verified by doing 

simulation using MATLAB. Practical verification is 

also done using 2Hp three phase induction motor. 
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1. INTRODUCTION 

In India, conveyor motor load has 2% share, 

cooling motor has 7% share, air compressor motor 

has 18% share and other industrial motor has 36% 

share out of total motor load of a country [1-2]. 

Three phase induction motors are majorly used for 

conveyor, cooling, air compressor and other 

industrial applications. Fault identification in these 

motors leads to cost saving because of its increased 

life time and decreased power consumption. 

Recently single parameter based fault identification 

in induction motors using entropy based wavelet 

analysis of startup transient current is reported [3]. 

Before that various methods such as fault 

identification by three phase current monitoring [4-

5], fault identification by current pattern recognition 

[6], fault identification by analyzing various 

parameters of induction motor [7-8], fault 

identification with the help of neural network, fuzzy 

logic and neuro fuzzy [9], [13-15],[17-18], fault 

identification by current fluctuations and zero 

crossing instants [10] and fault identification with 

the help of support vector machine [11] are used by 

industries. Fault identification in the machines 

which employs field oriented control is discussed in 

[12] and review of different fault classification 

techniques are discussed in [16]. Single parameter 

fault identification through entropy based wavelet 

analysis of startup transient currents is very simple 

to implement due to its one parameter identification 

of multiple faults and it also has good diagnosis 

certainty compared to other methods. Discrete 

wavelet transform is very useful to decompose a 

signal in to various frequency bands [19]. In this 

paper, norm based wavelet analysis of startup 

transient current is used to identify the faults in 

three phase induction motor and fuzzy logic is used 

to indicate the level of fault. The norm based 

analysis is very useful while quantifying the level of 

fault compared to entropy analysis [20]. The fuzzy 

logic approach may help to diagnose three phase 

induction motor faults. The concept of fuzzy logic 

was introduced by Professor Lofti A. Zadeh to 

present vagueness in linguistic terms and express 

human knowledge in a natural way [13]. It is well 

known that fuzzy logic can describe the 

characteristics of process with linguistic terms. The 

motor fault identification and quantification task 

requires the interpretation of data and makes 

decision from the data. Simulations are performed 

in MATLAB for the proposed technique to identify 

and quantify the faults such as broken rotor bars and 

bearing fault in three phase squirrel cage induction 

motor.  



 

 

2. FREQUENCY EFFECTS ON FAULT 

SIGNAL 

In induction motor, the energy content of 

different frequency regions in current waveform 

varies according to the fault during the startup 

period [3]. Thus the frequency spectrum of the 

current signal varies during the fault condition. This 

indicates that a faulty condition modifies the 

quantity of information in the signal providing 

higher or lower entropy and norm values in 

different frequency bands. Thus fault can be 

identified by analyzing the entropy or norm values 

of the particular frequency band corresponding to a 

fault. For decomposing the current signal, discrete 

wavelet transform is used.  

3. DISCRETE WAVELET TRANSFORM 

(DWT) 

The wavelet transform converts the distorted 

signal into different time-frequency scales. The 

wavelet transform uses the wavelet function ϕ  and 

scaling function ∅  to perform simultaneously the 

decomposition and reconstruction of the measured 

signal. The wavelet function ϕ  will generate the 

detailed version (high-frequency components) of 

the decomposed signal and the scaling function ∅  

will generate the approximated version (low-

frequency components) of the decomposed signal. 

The wavelet transform is a well-suited tool for 

analyzing high-frequency transients in the presence 

of low-frequency components such as non 

stationary and non periodic wideband signals.  

4. MATHEMATICAL MODEL OF DWT 

Before the WT is performed, the wavelet function 

( )tϕ  and scaling function  ( )t∅  must be defined. 

The wavelet function serving as a high pass filter 

can generate the detailed version of the distorted 

signal, while the scaling function can generate the 

approximated version of the distorted signal. In 

general, the discrete ( )tϕ  and  ( )t∅  can be defined 

as follows [20]: 
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Where 
jc is the scaling coefficient at scale j, and 

j
d is the wavelet coefficient at scale j. 

simultaneously, the two functions must be 

orthonormal and satisfy the properties as follows: 
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Assuming the original signal ( )jx t at scale j is 

sampled at constant time intervals, thus 

( ) ( )0 1 1,j nx t v v v −= … the sampling number is N = 

2J. J is an integer number. For ( )jx t , its DWT 

mathematical recursive equation is presented as 

follows: 
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Where 1,j n
u + the approximated version at scale j + 1 

is, 
1,j nw + is the detailed version at scale j+1, and j is 

the translation coefficient. Figure 1 illustrates the 

five decomposed level of the DWT algorithm. At 

each decomposition levels, the length of the signals 

(e.g., u1 and w1) is half of that of the signal x0.  

5. ENTROPY ANALYSIS 

Entropy is a statistical measure of randomness 

that can be used to characterize the texture of the 

input image. Entropy in information theory 

describes the amount of information provided by a 



 

 

signal or event. It relates the amount of uncertainty 

about an event associated with a given probability 

distribution. The entropy is a measure of the 

average information contents associated with a 

random outcome [3]. Considering a random event x 

with possible outcomes x1, x 2, x 3….. x n, and every xi 

with a probability p(xi); then, the information 

entropy of a random event x is given by equation 

(8) [3]. 
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Fig.1. Five level decomposition of DWT  

6. NORM ANALYSIS 

The norm is used to quantify the strength of the 

various frequency band signals by measuring its 

magnitude and its mathematical expression is given 

in equation (9) [20]. In equation (9) x1, x2….xn are 

the values corresponding to a wavelet coefficient of 

particular frequency band (w1 or w2 or w3 or w4 or 

w5). Since norm measures the magnitude, 

quantifying the level of fault using norm is better 

compared to entropy which measures the 

randomness (for a particular fault, the magnitude 

level of the current signal increases or decreases 

when the corresponding fault increase or decrease, 

but randomness does not vary very much).  

 

2 2 22
1 2( ) ( ) .( )i nW x x x= + …         (9) 

7. PROPOSED METHOD 

The objective of the proposed work is to identify 

and quantify the bearing fault and broken rotor bar 

fault in three phase induction motor with a help of 

startup transient current signal analysis using fuzzy 

logic and norm based DWT. Here norm based DWT 

is used to identify the faults and fuzzy logic is used 

to quantify the level of fault. Norm based DWT 

analysis is used in this work due to its good 

quantification compared to entropy based DWT 

analysis [20]. 

 

 

 
Fig.2. Startup current during healthy condition   

 

 

 
Fig.3. DWT wavelet coefficients for healthy 

condition   
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Fig.4. Norm of wavelet coefficients during healthy 

condition   

 

Simulations are performed on 5.4 Hp, 400V and 

50Hz three phase squirrel cage induction motor in 

Matlab. The parameters such as friction coefficient 

and rotor resistance are used to create the bearing 

fault and broken rotor fault respectively. The 

increase in bearing fault is simulated by increase in 

the friction coefficient and the increase in broken 

rotor fault is simulated by increase in rotor 

resistance.  

 The startup transient current signal of three phase 

induction motor up to 0.5 second is used to identify 

and quantify the fault [3]. Nearly 500 samples of 

startup transient current signal are collected within 

this 0.5 second for healthy condition, broken rotor 

bar fault condition and bearing fault condition.  

Then five level DWT decomposition is performed 

on the collected samples. The Daubanchie “db4” 

wavelet function was adopted to perform the five 

level decomposing DWT, thus resulting in the 

larger energy distributions of the decomposition 

levels 3 and 4 [20]. Norm value for the wavelet 

coefficients corresponding to different conditions 

are found using equation (9). 

  Startup current during healthy condition is 

shown in figure 2. DWT wavelet coefficients for 

healthy condition are shown in figure 3. Norm of 

wavelet coefficients during healthy condition is 

shown in figure 4 and their values are shown as H 

in table I. Startup current during bearing fault 

condition is shown in figure 5. DWT wavelet 

coefficients for bearing fault condition are shown in 

figure 6.  

Norm of wavelet coefficients during bearing fault 

condition is shown in figure 7 and their values are 

shown as DBF in table I. Startup current during 

broken rotor bar fault condition is shown in figure 

8. DWT wavelet coefficients for broken rotor bar 

condition are shown in figure 9.  

Norm of wavelet coefficients during broken rotor 

bar fault is shown in figure 10 and their values are 

shown as DRF in table I. The norm of wavelet 

coefficients for maximum broken rotor bar fault 

condition is shown as Max DRF in table I and norm 

for maximum bearing fault condition is shown as 

Max DBF in table I. 

 

 
Fig.5. Startup current during Bearing fault condition   

 

TABLE I 
NORM OF WAVELET COEFFICIENTS DURING THE 

FAULTS AND HEALTHY CONDITIONS 

 

 
Fig.6. DWT wavelet coefficients for Bearing fault 

condition   

 

1 2 3 4 5
0
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250

Decomposition levels

N
o

rm

Norm  H 

 

DRF 

 

DBF 

 

Max 

DRF 

Max 

DBF 

1w  1.4 1.1 1.5 0.497 4.39 

2w  18.2 13.4 18.1 6.15 29.13 

3w  123.0 76.5 131.0 46.09 231.2 

4w  220.0 140.4 229.0 92.16 448.8 

5w  40.5 32.0 38.8 30.28 82.84 



 

 

  From the table I, it is analyzed that the norm of 

wavelet coefficients w3 and w4 varies with respect to 

type and level of the fault. In this paper wavelet  

 
Fig.7. Norm of wavelet coefficients during Bearing 

fault condition   

 

 
Fig.8. Startup current during broken rotor bar fault 

condition   

 

 
Fig.9. DWT wavelet coefficients for broken rotor 

bar fault condition 

   

coefficients w3 and w4 corresponding to healthy 

condition is taken as reference (base). Compared to 

the norm of w3 and w4 under healthy condition, the 

norm of w3 and w4 increases corresponding to the 

level of bearing fault and during the broken rotor 

bar fault, the norm of  w3 and w4 decreases. Thus 

fault can be easily identified by comparing the norm 

of w3 and w4 with the norm of w3 and w4 under 

healthy condition. Schematic diagram for fuzzy 

logic implementation of the proposed work is 

shown in figure 11. Here fuzzy logic is used to 

quantify the fault by analyzing the norm of wavelet 

coefficient w3 and w4 [20]. 

Primarily, the motor condition constitutes a fuzzy 

set. In practice, the users are concerned about the 

condition of the motor in terms of a linguistic 

variable that can be expressed as ‘‘Healthy’’, 

‘‘Minor Fault’’ or ‘‘Dangerous Fault’’. Further, a 

fuzzy system can store certain knowledge, which 

allows it to make decisions with a high percent of 

accuracy. This knowledge expressed in rules and 

membership functions is obtained from the 

analytical study of the motor startup transient 

current and power engineer experience. From the 

point of view that sees induction motor condition as 

a fuzzy concept, there has been some fuzzy logic 

approaches for diagnosis.  

 
Fig.10. Norm of wavelet coefficients during broken 

rotor bar fault condition  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.11. Schematic diagram for Fuzzy logic 

implementation of the proposed work   
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  In the proposed work, wavelet coefficient w3 

and w4 for healthy condition is taken as base. Each 

fault is separated into two categories one is minor 

fault (5% deviation from the healthy condition 

values) and the dangerous fault (above 5% 

deviation from the healthy condition values). In 

electrical system, 5% is the global tolerance limit. 

So, less than 5% deviations are considered as minor 

fault and deviations above 5% are considered as 

dangerous faults. Figure 11 clearly illustrate the 

values of the wavelet coefficient w3 and w4 for 

various levels of faults. In this ‘DB’ represents 

dangerous bearing fault values, ‘MB’ represents 

minor bearing fault values, ‘H’ represents healthy 

condition values, ‘MR’ represents minor broken 

rotor bar fault values and ‘DR’ represents 

dangerous broken rotor bar fault  values. The fuzzy 

rules are  

• If (w3 is DR) and (w4 is DR) then (output1 is 

DRF)  

• If (w3 is MR) and(w4 is MR) then (output1 is 

MRF) 

• If (w3 is DB) and (w4 is DB) then (output1 is 

DBF)  

• If (w3 is MB) and (w4 is MB) then(output1 is 

MBF)   

• If (w3 is H) and (w4 is H) then (output1 is H)  

• If (w3 is DR) and (w4 is MR) then (output1 is 

DRF)  

• If (w3 is MR) and (w4 is DR) then (output1 is 

DRF)  

• If (w3 is MB) and (w4 is DB) then (output1 is 

DBF)  

• If (w3 is DB) and (w4 is MB) then (output1 is 

DBF)  

• If (w3 is H) and (w4 is MR) then (output1 is 

MRF)  

• If (w3 is MR) and (w4 is H) then (output1 is 

MRF)   

• If (w3 is H) and (w4 is MB) then (output1 is 

MBF)  

• If (w3 is MB) and (w4 is H) then (output1 is 

MBF)   

The membership functions for inputs and output are 

framed such that: 

Minor Bearing Fault (MBF) - Norm of wavelet 

coefficients (w3 and w4) is higher, but within 5% 

deviation from the base value. The fuzzy output 

value is between (0.5<MBF≤0.55).  

Dangerous Bearing Fault (DBF) - Norm of 

wavelet coefficients (w3 and w4) is higher, but more 

than 5% deviation from the base value. The fuzzy 

output value is between (0.55<DBF≤ 1).  

Healthy condition (H) - Norm of wavelet 

coefficients (w3 and w4) must be equal to the base 

value. The fuzzy output value is (H≈0.5).  

Minor broken Rotor bar Fault (MRF) - Norm of 

wavelet coefficients (w3 and w4) is lower, but within 

5% deviation from the base value. The fuzzy output 

value is between (0.5>MRF≥0.45).  

Dangerous broken Rotor bar Fault (DRF) - 

Norm of wavelet coefficients (w3 and w4) is lower, 

but more than 5% deviation from the base value. 

The fuzzy output value is between (0.45>DRF≥0). 

 

 
Fig.12. Fuzzy rule view for the proposed work   

 

Thus fault level is quantified between the values 

0 to 1 in addition to identification of the fault with 

the help of fuzzy logic. The fuzzy rule view for the 

proposed work is shown in figure 12. The fuzzy 

surface view for the proposed work is shown in 

figure 13. Fuzzy output for the various wavelet 

coefficients is shown in table II and the output value 

shows the level of fault. The increase of fuzzy 

output from 0 to 0.45 represents the decrease of 

dangerous broken rotor bar fault (DRF) from its 

maximum value to minimum value and the increase 

of fuzzy output from 0.451 to 0.499 represents the 

decrease of minor rotor fault (MRF) from its 

maximum value to minimum value and the fuzzy 

output value 0.5 represents the healthy condition 

(H) and the increase of fuzzy output from 0.501 to 

0.550 represents the increase of minor bearing fault 

(MBF) from its minimum value to maximum value 

and the increase of fuzzy output from 0.556 to 1.0 

represents the increase of dangerous bearing fault 

(DBF) from its minimum value to maximum value. 

 



 

 

 
Fig.13. Fuzzy surface view for the proposed work   

   

TABLE II 
NORM VALUES AND FUZZY OUTPUT FOR DIFFERENT 

FAULT CONDITIONS 

3w  
4w  Type of 

Fault 

 

Fuzzy 

Output 

 

123.0 220.0 H 0.5 

55.44 112.0 DRF 0.151 

191.3 355.9 DBF 0.833 

119.4 214.8 MRF 0.493 

126.2 226.1 MBF 0.531 

8. PRACTICAL VERIFICATION 

   The practical verification of the proposed 

method is done in 2Hp 3 Phase Induction Motor. 

The current samples are collected using ARDUINO 

Mega 2560 controller. Then the current samples are 

normalized and DWT is applied to find the wavelet 

coefficients. Finally fuzzy is used to classify the 

faults. Figure 14 shows the picture of healthy rotor, 

broken rotor, healthy bearing and faulty bearing. 

TABLE III 

PRACTICAL OUTPUT FOR DIFFERENT FAULT 

CONDITIONS 

3w  
4w  Type of 

Fault 

 

Fuzzy 

Output 

113.0 217.0 H 0.495 

50.32 103.0 DRF 0.191 

186.2 345.5 DBF 0.816 

 

Table3 shows the fuzzy output for the practical 

readings. From the results it is clear that the 

proposed method classify the fault accurately. The 

simulation results are on par with the practical 

results.  

 
Fig.14. Rotor and Bearing for 3 Phase Induction 

Motor  

9. CONCLUSION 

  This paper presents a fuzzy logic and wavelet 

analysis based technique for identification and 

quantification of the bearing and broken rotor bar 

faults in three phase induction motor. The proposed 

methodology is able to quantify the level of faults in 

addition to identifying the fault by analyzing 

startup-transient current from the three phase 

induction motor, which is different from previously 

proposed methodologies or expert systems that only 

identify the faults. The proposed method can reduce 

the complexity and computing time by utilizing 

single parameter startup transient current analysis in 

identifying and quantifying the faults. In this paper 

discrete wavelet transform is applied to the startup 

transient current signal for finding the wavelet 

coefficients and the norm of the wavelet 

coefficients are used to identify the fault. Finally 

fuzzy logic is used to indicate the level of fault by 

checking the norm of the wavelet coefficient values 

with the wavelet coefficient values for different 

faults and healthy conditions. Simulations are 

successfully performed in Matlab Simulink for a 

400V, 50Hz and 5.4Hp three phase squirrel cage 

induction motor to verify the results. Practical 

verification is also done for 2Hp Induction Motor.  

Acknowledgement 

The authors express their sincere thanks to the 

University Grants Commission, New Delhi, India 

for supporting this research work through the Major 

Research Project (F.No. 38-245/2009 (SR)) and the 



 

 

Management of Thiagarajar college of Engineering, 

Madurai. 

References 

[1]. Saidur.R, A review on electrical motors energy 

use and energy savings, Elsevier renewable and 

sustainable energy reviews, 2010, Vol. No.14, 

PP. 877–898. 

[2]. M.Hasanuzzaman, Saidur.R, Ali.M.B, 

Rajakarunakaran.S, Devaraj.D, Rahim N.A, 

Analysis of electrical motors load factors and 

energy savings in an Indian cement industry, 

Elsevier energy, 2011, Vol.No.36, PP.4307–

4314. 

[3]. Cabal-Yepeza.E, Romero-Troncosoa.R.J, 

Garcia-Pereza.A, Osornio-Riosb.R.A, Single-

parameter fault identification through 

information entropy analysis at the startup-

transient current in induction motors, Elsevier 

electric power systems research, 2012, 

Vol.No.89, PP.64– 69. 

[4]. Rasool Sharifi, Mohammad Ebrahimi, 

Detection of stator winding faults in induction 

motors using three-phase current monitoring, 

Elsevier ISA transactions, 2011, Vol. No.50, 

PP.14–20. 

[5]. Acosta.G.G, Verucchi.C.J, Gelso E.R, A 

current monitoring system for diagnosing 

electrical failures in induction motors, Elsevier 

mechanical systems and signal processing, 

2006, Vol.No.20, PP. 953–965. 

[6]. João Martins.F, Vitor Pires.F, Tito Amaral, 

Induction motor fault detection and diagnosis 

using a current state space pattern recognition, 

Elsevier pattern recognition letters, 2011, 

Vol.No.32, PP. 321–328. 

[7]. Olak.I.C, Elik.H.C, Sefa I, Demirbas.S, On line 

protection systems for induction motors, 

Elsevier energy conversion and management, 

2005, Vol.No.46, PP.2773–2786. 

[8]. Liang.B, Payne.B.S, Ball.A.D, Iwnicki.S.D, 

Simulation and fault detection of three-phase 

induction motors, Elsevier mathematics and 

computers in simulation, 2002, Vol.No.61, 

PP.1–15. 

[9]. Ye.Z, Sadeghian.A, Wuc.B, Mechanical fault 

diagnostics for induction motor with variable 

speed drives using Adaptive Neuro-fuzzy 

Inference System, Elsevier electric power 

systems research, 2006, Vol.No.76, PP.742–

752. 

[10]. Hakanalıs.C, Abdulkadirakır.C¸ Rotor bar fault 

diagnosis in three phase induction motors by 

monitoring fluctuations of motor current zero 

crossing instants, Elsevier electric power 

systems research, 2007, Vol.No.77, PP.385–

392. 

[11]. Dragan Matic, Filip Kulic, Manuel Pineda-

Sanchez, Ilija Kamenko, Support vector 

machine classifier for diagnosis in electrical 

machines: Application to broken bar, Elsevier 

expert systems with applications, 2012, 

Vol.No.39, PP.8681–8689. 

[12]. Klemen Drobnic, Mitja Nemec, RastkoFiser, 

VanjaAmbrozic,  Simplified detection of 

broken rotor bars in induction motors controlled 

in field reference frame, Control engineering 

practice, 2012, Vol.No.20, PP.761–769. 

[13]. Dong Mingchui, Cheang Takson, Chan Sileong, 

On-Line Fast Motor Fault Diagnostics Based on 

Fuzzy Neural Networks, Tsinghua science and 

technology, 2009, Vol.No.14, PP.225-233. 

[14]. Lucia Frosini, Giovanni Petrecca, Neural 

networks for load torque monitoring of an 

induction motor, Elsevier applied soft 

computing, 2001,  Vol.No.1, PP. 215–223. 

[15]. Pedro Vicente, Jover Rodrı guez, Antero 

Arkkio, Detection of stator winding fault in 

induction motor using fuzzy logic, Elsevier 

applied soft computing, 2008, Vol.No.8, 

PP.1112–1120. 

[16]. Manish Kumar Saini, Rajiv Kapoor, 

Classification of power quality events – A 

review, Elsevier electrical power and energy 

systems, 2012, Vol.No.43, PP.11–19. 

[17]. Sri Kolla, Logan Varatharasa, Identifying three-

phase induction motor faults using artificial 

neural networks, Elsevier ISA transactions, 

2000, Vol.No.39, PP.433–439. 

[18]. Sri Kolla.R, Shawn Altman.D, Artificial neural 

network based fault identification scheme 

implementation for a three-phase induction 

motor, Elsevier ISA transaction, 2007, 

Vol.No.46, PP.261–266. 

[19]. Coifman.R.R,  Meyer.Y, Wickerhauser.M.V, 

Wavelet analysis and signal processing in 

Wavelets and Their Applications, Jones and 

Bartlett Publishers, 1992,  PP.153–178. 

[20]. Zwe-Lee Gaing, Wavelet-based neural network 

for power disturbance recognition and 

classification, IEEE transactions on power 

delivery, 2004, Vol.No. 4, PP.1560-1568. 

[21]. Prince Winston. D, Saravanan. M, Review of 

Energy Saving Techniques for Three Phase 

Squirrel Cage Induction Motor Drive  Journal 

of Electrical Engineering, 2013, Vol.13, 

Edition. 4, pp.292-301. 



 

 

[22]. Alexander kusko and Donald Galler. “Control 

means for Minimization of Losses in Ac and Dc 

motor drives”, IEEE. Transactions on Industry 

Applications, Vol.19, No.4, pp.561 – 570, 1983. 

[23]. Ali Bazzi, M. and Philip Krein, T. “Review of 

Methods for Real- Time Loss Minimization in 

Induction Machines”, IEEE Transactions on 

Industry Applications, Vol.46, No.6, pp.2319–

2328, 2010. 

[24]. Basanta Palit B. “Energy saving operation of 

Induction Motors by voltage reduction at no 

and low partial–load”, IEEE Industry 

Applications Society Annual Meeting, 1989. 

[25]. Debmalya Banerjee and Ranganathan, V. T. 

“Load-Commutated SCR Current-Source-

Inverter-Fed Induction Motor Drive with 

Sinusoidal Motor Voltage and Current”, IEEE 

Transactions on Power Electronics, Vol.24, 

No.4, pp.1048–1062, 2009. 

 


