
ABSTRACT 

AYHAN, BULENT. Linguistic Rule Generation for Broken Rotor Bar Detection in Squirrel-

cage Induction Motors. (Under the direction of Dr. Mo-Yuen Chow.) 

 

In motor condition monitoring applications, traditional human expert approach for sensor 

exploitation is not cost-effective. The training requirements for human experts are extensive, 

and the overall training process is a very time-consuming task. In addition, the performance 

of human experts has limitations. For human experts, it is difficult to examine all the input-

output data from the motor system under varying noise and motor load conditions. With a 

motor condition monitoring system that can automatically generate rules in the form of 

interpretable linguistic fuzzy if-then rules and membership functions, it would be easier for 

experts to understand and modify the rule base and also to track the motor condition for 

maintenance and replacement requirements. In this research, a methodology for fuzzy rule 

and membership function generation for broken rotor bar detection of squirrel-cage induction 

motors was developed. The methodology consists of a set of steps that an expert might do for 

fuzzy rule and membership function design. The methodology is named “H-ROC”, since it 

utilizes histogram analysis with overlapping bins and a weighted cost function based on ROC 

(Receiver Operating Characteristics) curve analysis. As a second method, an existing fuzzy 

rule extraction method was extended to broken rotor bar detection problem. The performance 

and sensitivity analyses of the two methods were conducted.  
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CHAPTER I 
 

Introduction 
 
 

Electric motors have revolutionized the way of human living and resulted in the modern 

life style that we are used to. In every product that we consume or use today or in any service 

field that we benefit, it is for sure that there is an electric motor contributing to the 

production, or there is one that is used in some phase of the production process or service. 

Induction motors have dominated in the field of electromechanical energy conversion by 

having 80% of the motors in use [1], [2]. The applications of induction motors are 

widespread. Some are key elements in assuring the continuity of the process and production 

chains of many industries. The list of the industries and applications that they take place in is 

rather long. A majority are used in electric utility industries, mining industries, petrochemical 

industries, and domestic appliances industries. Induction motors are often used in critical 

applications such as nuclear plants, aerospace and military applications, where the reliability 

must be at high standards. Induction motors often operate in hostile environments such as 

corrosive and dusty places. They are also exposed to a variety of undesirable conditions and 

situations such as misoperations. These unwanted conditions can cause the induction motor 

to go into a failure period, which may result in an unserviceable condition of the motor.  

The failure of induction motors, if not detected at its early stages of the failure period, can 

result in a total loss of the machine itself, in addition to a likely costly downtime of the whole 

plant. More important, these failures may even result in the loss of lives, which cannot be 

tolerated. With a well-designed motor condition monitoring system, we can prevent 

economic losses, increase the productivity, and even save human lives. Thus, health 

monitoring techniques for early detection of the incipient motor faults are of great concern in 

industry and are gaining increasing attention [3]-[7].  

In order to have a reliable motor condition monitoring system it is important that the raw 

data collected from the motor are well exploited, and the features extracted from the raw data 

carry distinctive information that will allow a better separation of anomaly cases from the 

normal operating condition modes of the motor. Thus, the methodologies to enhance the 
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performance of feature extraction techniques and lessen the computational cost in their 

implementation form one of the most important phases of developing such a monitoring 

system. The first contribution of the dissertation is related to this. We have investigated 

MCSA (Motor Current Signature Analysis) techniques as the feature extraction methods for 

broken rotor bar detection in squirrel-cage induction motors. We have considered the 

nonparametric DTFT based spectrum analysis methods and the parametric AR (Auto 

Regressive) spectrum methods. We have demonstrated with experimental results that the use 

of a lower sampling rate with a notch filter is feasible for motor current signature analysis in 

broken rotor bar detection with DTFT (Discrete Time Fourier Transform) and AR (Auto 

Regressive) based spectrum methods. The use of the lower sampling rate does not affect the 

performance of the fault detection while requiring less computation and low-cost in 

implementation, which would make it easier to implement in embedded systems for motor 

condition monitoring.  

In broken rotor bar detection, there are multiple signatures that can be used for fault 

analysis. In order to overcome or reduce the effects of any misinterpretation of the signatures 

that are obscured by factors such as measurement noises and different load conditions, 

broken rotor bar fault detection schemes should depend on multiple signatures. Another 

important aspect, which affects the detection performance, is the motor load condition. The 

second contribution of the dissertation points to these aspects. We have validated the 

effectiveness of multiple signature processing over single signature processing for broken 

rotor bar detection with the investigation of the use of two technologies LDA (Linear 

Discriminant Analysis) and ANN (Artificial Neural Networks). We have developed multiple 

signature processing based monolith (single detector) and partition schemes (multiple 

detectors) for broken rotor bar fault detection under varying motor load condition. 

In motor condition monitoring applications, traditional human expert approach for sensor 

exploitation is not cost-effective. The training requirements for human experts are extensive, 

and the overall training process is a very time-consuming task. In addition, the performance 

of human experts has limitations. For human experts, it is difficult to examine all the input-

output data from the motor system under varying noise and motor load conditions. Because 

of all these facts, a system that can automatically generate rules is highly preferable. With a 

motor condition monitoring system that can automatically generate rules in the form of 
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interpretable linguistic fuzzy if-then rules and membership functions, it would be easier for 

experts to understand and modify the rule base and also to track the motor condition for 

maintenance and replacement requirements. In related with these, we have developed a 

methodology for fuzzy rule and membership function generation for broken rotor bar 

detection. The methodology consists of a set of steps that an expert might do for fuzzy rule 

and membership function design. We have named the methodology “H-ROC”, since it 

utilizes histogram analysis with overlapping bins and a weighted cost function based on ROC 

(Receiver Operating Characteristics) curve analysis. As a second method, we have extended 

Chiu’s fuzzy classification rule extraction method to generate fuzzy if-then rules and 

membership functions for broken rotor bar detection. We have investigated the sensitivity 

analysis of the two methods with respect to measurement noise. Both the two methods 

generate linguistic fuzzy if-then rules, which contain heuristics about the broken rotor bar 

detection process; and it is highly likely that they might enable easy interference by the 

experts in case of a need to adjust the rules and corresponding membership functions for new 

conditions, which could be a future research topic.  With respect to the two methods, the 

extended method is found to be promising in broken rotor bar detection because of its less 

sensitivity-to-noise and higher correct detection performance when compared to the H-ROC 

method. 

In order to give a visual insight to the readers, the overall picture of the dissertation 

milestones is depicted in Fig. 1. 

Motor 

Feature 
(Signature) 
Extraction

Multiple 
Signature 
Processing

Linguistic 
rule 

generation

 
Fig. 1. Milestones of the dissertation. 

  

This dissertation is composed of six chapters. The second chapter of the dissertation is 

titled: “Broken rotor bar fault in squirrel-cage induction motors”. In this chapter, the squirrel-

cage induction motors and the broken rotor bar fault are introduced. Broken rotor bar fault 

dynamics are discussed and illustrated using the squirrel-cage induction motor mathematical 
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model. The characteristic signatures to detect broken rotor bar fault are elaborated. Among 

the works introduced in this chapter, a paper titled “Statistical analysis on a case study of 

load effect on PSD technique for induction motor broken rotor bar fault detection,” is 

published in the proceedings of SDEMPED 2003 (4th IEEE International Symposium on 

Diagnostics for Electric Machines, Power Electronics and Drives, 2003) 

The third chapter is titled: “On the use of a lower sampling rate for broken rotor bar 

detection with DTFT and AR based spectrum method”. This chapter discusses the MCSA 

techniques as feature extraction methods for broken rotor bar detection, and investigates 

signal processing techniques that lead to improvement in feature extraction performance and 

easiness in the implementation. This work is submitted to IEEE Transactions in Industrial 

Electronics on April 2005, and is still under review. A short version of this work is accepted 

for presentation in IECON05 conference (The 31st Annual Conference of the IEEE Industrial 

Electronics Society). 

Chapter IV is titled: “Multiple signature processing based fault detection schemes for 

broken rotor bar detection”, and introduces the developed multiple signature processing 

based monolith and partition schemes for broken rotor bar detection. A part of this work in 

this chapter is published in the June 2005 issue of IEEE Transactions in Energy Conversion 

(TEC) with the paper title “Multiple Signature Processing-Based Fault Detection Schemes 

for Broken Rotor Bar in Induction Motors”. The TEC paper consists of the analysis of Linear 

Discriminant Analysis (LDA) as the detector units. We have also investigated the use of 

Artificial Neural Networks (ANN) as the detector units, and this work is accepted for 

publication in IEEE Transactions in Industrial Electronics on April 28, 2005.    

The two fuzzy rule generation methods, H-ROC and the extended method for broken 

rotor bar detection are introduced in Chapter V. The results of the performance and 

sensitivity analyses of the two methods are presented in this chapter. The title of this chapter 

is: “A comparison of two methods of linguistic rule generation for broken rotor bar 

detection”. Chapter VI presents the conclusions and the future research highlights.  
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CHAPTER II 

Broken Rotor Bar Fault in Squirrel-Cage Induction Motors 
 

 

I. Introduction to squirrel-cage induction motors 

An induction machine is defined as an asynchronous machine that comprises a magnetic 

circuit which interlinks with two electric circuits, rotating with respect to each other and in 

which power is transferred from one circuit to the other by electromagnetic induction. The 

induction motor is an induction machine, which transforms electric power into mechanical 

power, and in which the first winding, usually the stator, is connected to the power source, 

and a secondary winding, the rotor, carries induced current [1]. According to NEMA 

(National Electrical Manufacturers’ Association), an induction motor is classified as an AC 

motor [1].   

The rotor winding in induction motors can be squirrel-cage type or wound-rotor type. 

Thus, the induction motors are classified into two groups: squirrel-cage and wound-rotor 

induction motors. The squirrel-cage rotor winding is composed of aluminum or copper bars 

embedded in the rotor slots and shorted at both ends by aluminum or copper end rings [2]. 

The wound-rotor winding has the same form as the stator winding, and the terminals of the 

rotor winding are connected to three slip rings. The squirrel-cage induction motor is simpler, 

more economical, and more rugged than the wound-rotor induction motor [2]. Fig. 1 

illustrates the rotor windings in squirrel-cage and wound-rotor induction motors. 
 

 
(a) Squirrel-cage type 

 
(b) Wound-rotor type 

Fig. 1. Induction motor types (Courtesy of Westinghouse Canada Inc.) 
 

A squirrel-cage induction motor is a constant speed motor when connected to a constant 

voltage and constant frequency power supply [2]. If the load torque increases, the speed 
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drops by a very small amount. It is therefore suitable for use in constant-speed drive systems 

[2]. On the other hand, many industrial applications require several speeds or a continuously 

adjustable range of speeds. DC motors are traditionally used in adjustable drive systems. 

However, since DC motors are expensive, and require frequent maintenance of commutators 

and brushes, squirrel-cage induction motors are preferred because they are cheap, rugged, 

have no commutators, and are suitable for high-speed applications. In addition, the 

availability of solid state controllers has also made possible to use squirrel-cage induction 

motors in variable speed drive systems. The squirrel-cage induction motor is widely used in 

both low performance and high performance drive applications because of its roughness and 

versatility [3-4].  

 

II. The squirrel-cage induction motor model 

The mathematical model of a squirrel-cage induction motor [5-6] consists of stator 

current lines and rotor current loops with inductances and resistances representing the 

windings and the rotor cage bars. Fig. 2 and Fig. 3 depict the electrical model of the stator 

and rotor parts of a squirrel-cage induction motor, respectively.  The voltage equations 

corresponding to the stator and rotor are expressed in (1) and (2), where sV  and  are the 

stator and rotor voltage vectors, 

rV

sI  and  are the stator and rotor current vectors, rI sΛ  and 

 are the stator and rotor flux linkages. rΛ sR  is the stator phase resistance matrix, and R is 

the rotor loops’ resistance matrix.    

r

s
av

s
bv

s
cv

s
ai

s
bi

s
ci

s
aR

s
bR

s
cR

saL sbL scL

 
Fig. 2. Electrical model of the stator. 
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Fig. 3. Electrical model of the rotor cage. 
  

s
s s s

d
dt

= +
ΛV R I ,     (1) 

r
r r r

d
dt

= +
ΛV R I .     (2) 

 
In a more open form, sV , , rV sI , , rI sΛ  , rΛ sR , and are expressed in (3) to (10). 

Regarding the notations used in (3) to (10), 
rR

s
iv  corresponds to the stator voltage supply of 

phase i, where there are three phases, a, b, and c.  is the kth rotor loop voltage, where k is 
equal to the number of rotor bars. 

r
kv

s
ji  is the stator supply current of phase j.  is the kth rotor 

loop current.  is the end ring loop voltage. i  is the end ring loop current. 

r
ki

ev e
s
iΛ  is the stator 

flux linkage of phase i.  is the flux linkage of jth rotor bar. rΛk eΛ  is the endring flux linkage 
(there are two endrings in the rotor cage.) bR  is the rotor bar resistance and eR  is the rotor 
end ring segment resistance.   
   

Ts s s
s a b cv v v =  V ,     (3) 

1 21 2   
Tr r r

r n ev v v v ve =  V … ,    (4) 
Ts s s

s a b ci i i =  I ,     (5) 

1 21 2   
Tr r r

r n ei i i i ie =  I … ,    (6) 
Ts s s

s a b c = Λ Λ Λ Λ ,         (7) 

1 21 2   
Tr r r

r n e e = Λ Λ Λ Λ Λ Λ … ,   (8) 
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e
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R R R R R R
R R R R R nR
R R R R R n

+ − − − 
 − + − 
 

=  − − + 
 
 

− − − − −  

R

R

−

−
,  (10) 

 

The flux linkages of stator and rotor are mathematically expressed in (12) and (13), 

respectively. 

                                                              s ss s sr r= +Λ L I L I ,      (11) 
     r rs s rr r= +Λ L I L I ,         (12) 

 

ssL  is the inductance matrix of the stator phase, and is depicted in (14), where s
mL  is the 

stator magnetizing inductance, and s
ijL  is the stator mutual inductance between phase i and j. 

s s s
m ab ac
s s s

ss ba m bc
s s s
ca cb m

L L L
L L L
L L L

 
 =  
  

L ,      (13) 

 

srL  is the mutual inductance matrix between the stator phase and the rotor loop, and is 

depicted in (14), where sr
ijL  is the mutual inductance between stator phase i and jth rotor bar, 

and 
k

sr
ieL  is the mutual inductance between stator phase i and kth end ring. 

 

1 2

1 2

1 2

1 2

1 2

1 2

sr sr sr sr sr
a a an ae ae

sr sr sr sr sr
sr b b bn be be

sr sr sr sr sr
c c cn ce ce

L L L L L

L L L L L

L L L L L

 
 

=  
 
  

L ,       (14) 

 

rrL

L L

 is the rotor loop inductance matrix, and is depicted in (15), where 

 and  is the magnetizing inductance of a rotor loop.  and  2( )r
mm m b eL L= + + r

mL bL eL
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correspond to the rotor bar and end ring leakage inductances, respectively. In (15), 

, where  is the mutual inductance between ith and jth rotor loops. 
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−
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,     (15) 

 
The overall flux and voltage equations are expressed in (16) and (17), where 

, [ ]Tr= , [ ]Ts r= ΛΛ Λ , s

r

 
=  
 

R 0
R

0 R
, and ss sr

rs rr

 
=  
 

L L
L L

L . 

 
d
dt

= +
ΛV RI ,     (16) 

=Λ LI .     (17) 
 

The mathematical relation corresponding to the electromagnetic torque, T , and 

mechanical motion is depicted in (18), where  is the rotor inertia, 

em

mJ mB  is the friction 

coefficient, and T  is the load torque.  L

2

2
r r

em m m L
d dT J B T
dt dt
θ θ

= + + .        (18) 

 

 is computed using the magnetic coenergy, W . The equations corresponding to  

and W  are expressed in (19) and (20), respectively.  

co emT

co
em

r

WT
θ

∂
=
∂

,         (19) 

1
2

T
coW = I LI ,         (20) 

 

The Winding Function Approach (WFA) is a technique used to compute the mutual 

inductances between two windings in modeling squirrel-cage induction motors [5]. WFA 

enables to calculate the mutual inductance between any two windings. Suppose the first 
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winding is denoted by i, and the second winding denoted by j. The mutual inductance 

between i and j, , is expressed according to WFA in (21), ijL

 

( ) ( ) ( )
( )

2

0
0

, , ,
( )

,
r i r j r

ij r
ag r

r n N
L l

g

π θ φ θ φ θ φ
dθ µ φ

θ φ
= ∫ ,        (21) 

 

where rθ  corresponds to the rotor angular position with respect to the stator reference frame 

and φ  denotes the angular position along the stator inner surface [5]. In (21),  is the air 

gap length, l  is the stack length, is the average radius of the airgap,  is the winding 

distribution of the winding i, and  is the winding function of the winding j.  is 

interpreted as the magnetomotive force (mmf) distribution along the air gap for a unit 

current. n , , , and  are functions of 

agg

r

N

in

j jN

i jN agg r rθ  and φ .  

With the mathematical model, a 7.5HP squirrel-cage induction motor with 28 rotor bars 

and 36 stator slots are simulated. Table I depicts the parameters of the simulated motor [5]. 

Fig. 4 (a)-(f) show the phase-a current, electrical torque, and motor speed waveforms of the 

motor under three load conditions, 0, 5, and 10 Nm, respectively. From Fig. 4 (e)-(f), it can 

be seen as the motor load condition increases; a small amount of decrease in motor speed is 

observed. 
 

Table I. Squirrel-cage induction motor parameters used in the mathematical modeling. 
Rated power 7.5 HP 

Input voltages 220/380 V 
Number of rotor bars 28 
Number of stator slots 36 

Number of poles 4 
Number of stator turns 90 

Stack length 0.1024m 
Air gap 0.4564e-3m 

Average radius 63.2968e-3m 
Stator resistance 3.5332 ohm 

Stator leakage inductance 0.028 H 
Rotor bar resistance 62.34e-6 

ohm 
Rotor bar leakage inductance 0.28e-6 H 

Rotor end ring segment resistance 1.56e-6 ohm 
Rotor end ring segment leakage 

inductance 
0.03e-6 H 

Rotor inertia 0.02  2kgm
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(a) Stator phase-a current (transient and steady) 

 
(b) Stator phase-a current (a portion of steady part) 

 
(c) Electrical torque (transient and steady) 

 
(d) Electrical torque (a portion of steady part) 

 
(e) Speed (transient and steady) 

 
(f) Speed (a portion of steady part) 

Fig. 4. Simulation results of a 7.5HP squirrel-cage induction motor under load conditions TL=0, 5, and 
10 Nm. 

 

III. Broken rotor bar fault 

Induction motors often operate in hostile environments such as corrosive and dusty 

places. They are also exposed to a variety of undesirable conditions and situations such as 

misoperations. These unwanted conditions can cause the induction motor to go into a failure 

period, which may result in an unserviceable condition of the motor, if not detected at its 

early stages of the failure period. The early detection of the incipient motor fault is thus of 
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great concern. Rotor failures are among these failures and they now account for the 5-10% of 

total induction motor failures [7]. Broken rotor bar fault is one of the causes of rotor failures, 

and since 1980 the broken rotor bar fault detection problem has created substantial interest 

among researchers [8-9]. 

When there is a broken bar, no current flows through the broken rotor bar, thus no 

magnetic flux is generated around the broken rotor bar as is illustrated in Fig. 5. This 

generates an asymmetry in the rotor magnetic field by yielding a non-zero backward rotating 

field. It has to be noted that for a symmetrical rotor with no broken bar the resultant of 

backward rotating fields is zero [10]. This non-zero backward-rotating field rotates at slip-

frequency speed with respect to the rotor, and induces harmonic currents in the stator 

windings, which are superimposed on the stator winding currents [10]. These superimposed 

harmonics are used as signatures of broken rotor bar fault in motor current signature analysis 

(MCSA) techniques. 

The broken rotor bar fault can be simulated using the squirrel-cage induction motor 

mathematical model. Fig. 6 shows the electrical model of the rotor cage in the existence of a 

broken bar. From Fig. 6, it is seen that one of the branches that is composed of a resistor and 

an inductor which represents a rotor bar is removed from the rotor cage electrical model to 

simulate a broken bar.  

 

 
Fig. 5. Illustration of rotor bar currents and magnetic flux in the existence of a broken rotor bar. 
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Fig. 6. Illustration of a broken bar in the mathematical model. 

 

IV. Broken rotor bar signatures 

Kliman, Thomson, Filipetti, Elkasabgy [11-14] used the spectrum sideband components 

around the supplied current fundamental frequency (i.e. the line frequency), of , to detect 

broken rotor bar faults: 

(1 2 )b of s f= ± ,     (22) 
 

where bf  are the sideband frequencies associated with the broken rotor bar, s is the per unit 

motor slip. The slip s is defined as the relative mechanical speed of the motor, , with 

respect to the motor synchronous speed, 

mn

sn , as:  

s m

s

n ns
n
−

= .      (23) 

 
The motor synchronous speed, sn , is related to the line frequency of  as: 

 
120 o

s
fn
P

= ,      (24) 

 
where P is the number of poles of the motor and constant ‘120’ is used to express the motor 

synchronous speed, sn ,  in revolutions per minute (rpm) unit. 

The broken rotor bars also give rise to a sequence of other sidebands given by: 
 

(1 2 ) ,    where 0b of ks f fb= ± > ,    (25) 
 
and is depicted conceptually in Fig. 7. 
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Fig. 7 Sideband frequencies around the fundamental line frequency. 

 

Fig. 7 shows the frequency components specific to a broken rotor bar fault, which is 

given in equation (25) for  and 2. These frequencies are located around the fundamental 

line frequency and called as lower sideband and upper sideband components, as indicated in 

Fig. 7. 

1k =

Fig. 8 and Fig. 9 depict motor current spectrum amplitudes of healthy and broken rotor 

bar data that are generated with the mathematical model and that are collected from an actual 

motor experiment conducted in Sunchon University Lab in Korea, respectively. The motor 

used in the Sunchon University Lab is a 1 HP squirrel-cage induction motor with 44 rotor 

bars and 36 stator slots under full load condition. The simulated data with the mathematical 

model corresponds to the motor parameters depicted in Table I at TL=10Nm. In the spectrum 

computation of the actual and simulated data, the DTFT spectrum technique is applied using 

a Hanning window. In Fig. 8 and Fig. 9, the vertical lines indicate the lower and upper 

sideband locations, which are determined according to (22). From both the simulated and the 

actual motor current spectrums, the anomalies regarding the broken rotor bar can be observed 

at the two sidebands. 
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Fig. 8 Spectrum of the simulated motor current 

data with the mathematical model. 

 
Fig. 9 Spectrum of the actual motor current data. 

 

With respect to the detection of broken rotor bar fault, the motor load condition is an 

important factor that directly affects the fault detection performance. It is shown by 

experimental results that the significance of discrimination between the broken bar and 

healthy spectrum amplitudes at the characteristic frequencies degrade as the motor load 

condition is closer to no load [15]. 
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On the Use of a Lower Sampling Rate for Broken Rotor Bar 

Detection with DTFT and AR Based Spectrum Methods 
 

 

Abstract- Broken rotor bars in an induction motor create asymmetries and result in 

abnormal amplitude of the sidebands around the fundamental supply frequency and its 

harmonics. Motor current signature analysis (MCSA) techniques are applied in order to 

inspect the spectrum amplitudes at the broken rotor bar specific frequencies for abnormality, 

and decide about broken rotor bar fault detection and diagnosis. In this work, we have 

demonstrated with experimental results that the use of a lower sampling rate with a notch 

filter is feasible for motor current signature analysis in broken rotor bar detection with DTFT 

(Discrete Time Fourier Transform) and AR (Auto Regressive) based spectrum methods. The 

use of the lower sampling rate does not affect the performance of the fault detection, while 

requiring much less computation and low-cost in implementation, which would make it 

easier to implement in embedded systems for motor condition monitoring.      

Index Terms-- Fault Diagnosis, Spectral Analysis, Induction Motors, Broken Rotor Bar, 

MCSA   

I. INTRODUCTION 

Induction motors have dominated in the field of electromechanical energy conversion by 

having 80% of the motors in use [1], [2]. The applications of induction motors are 

widespread. Some are key elements in assuring the continuity of the process and production 

chains of many industries. The list of the industries and applications that they take place in is 

rather long. A majority are used in electric utility industries, mining industries, petrochemical 

industries, and domestic appliances industries. Induction motors are often used in critical 

applications such as nuclear plants, aerospace and military applications, where the reliability 

must be at high standards.   

The failure of induction motors can result in a total loss of the machine itself, in addition 

to a likely costly downtime of the whole plant. More important, these failures may even 

result in the loss of lives, which cannot be tolerated. Thus, health monitoring techniques to 
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prevent induction motor failures are of great concern in industry and are gaining increasing 

attention [3]-[7].  

Induction motors often operate in hostile environments such as corrosive and dusty 

places. They are also exposed to a variety of undesirable conditions and situations such as 

misoperations. These unwanted conditions can cause the induction motor to go into a failure 

period, which may result in an unserviceable condition of the motor, if not detected at its 

early stages of the failure period. The early detection of the incipient motor fault is thus of 

great concern. Rotor failures are among these failures and they now account for the 5-10% of 

total induction motor failures [8]. Since 1980, the broken rotor bar fault detection problem 

has created substantial interest among researchers [9], [10]. Several monitoring techniques 

have been developed, most of which are based on vibration, thermal and motor current 

signature monitoring (MCSA) [11]. MCSA techniques are gaining more attention because of 

their easiness to use since they do not require access to the motor [12]. In recent years, 

several advanced signal processing techniques have been applied for motor current signature 

analysis. Some of these techniques are High Resolution Spectral Analysis, Higher Order 

Statistics and Wavelet Analysis [1], [10], [12], [13]. 

In general, MCSA techniques include parametric, non-parametric and high resolution 

spectrum analysis methods. In the parametric methods, autoregressive models have been 

fitted with time series of the signal and model parameters have been used in order to compute 

the frequency spectrum. Non-parametric methods on the other hand, are based on Fourier 

Transform and search for periodicities of the signal. High resolution spectrum methods 

correspond to eigenvalue analysis of the autocorrelation matrix of the motor current time 

series signal. 

One of the classical and widely used non-parametric spectrum method as a MCSA 

technique is the well-known Fast Fourier Transform (FFT) [1]. The FFT is an algorithm to 

compute the Discrete Fourier Transform (DFT) of a discrete time series function with 

minimum computational effort. FFT yields computationally efficient results, which makes it 

a powerful and conceptually simple MCSA technique. Power Spectral Density (PSD) 

analysis of motor current is another widely used MCSA technique [1]. There are several 

approaches to calculate PSD. The periodogram method, which is known as the classical way 

to estimate PSD, is one of the non-parametric spectrum methods [24]. Welch’s periodogram 
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is another non-parametric spectrum method to calculate PSD estimate [24]. This method 

differs from the classical periodogram by splitting the data into overlapping segments. It then 

calculates the periodogram of each windowed segment and takes the average of the 

periodograms to find the final PSD estimate. The eigenvalue based techniques such as 

MUSIC (Multiple Signal Classification) are reported to deal with resolution problems; but, 

on the other hand, are computationally intensive [12]. The parametric spectrum methods are 

used for sensorless speed estimation of induction machines [14], and there are only a few 

reported applications of them in the condition monitoring area [15]. Burg, Yule-AR (auto 

regressive), covariance, and modified covariance are well known parametric spectrum 

methods. Among these methods, Yule-AR provides a stable model, and its autocorrelation 

matrix is guaranteed to be nonsingular [23]. 

The spectral estimation techniques form the core of the MCSA techniques. These 

techniques are extensively elaborated in the signal processing media considering their pros 

and cons. However, there are only a few published works, which have recently initiated the 

discussion of some of the spectral estimation techniques’ feature extraction performance for 

the condition monitoring of rotating machinery applications [12], [15]. In [12], Benbouzid 

has investigated high resolution spectral analysis methods for motor condition monitoring. In 

[15], Cupertino has presented a performance comparison of several spectral estimation 

techniques on their proposed diagnostic test, which is based on the analysis of the current 

space vector. However, there is much need to be investigated with these techniques regarding 

the discipline of condition monitoring of rotating machinery systems. One important aspect is 

related to the selection of signal processing and filtering techniques in order to enhance the 

feature extraction performance and lessen the computational cost in implementation. The 

contribution of this work is to show by experimental results that a lower sampling rate with a 

notch filter is feasible with DTFT (Discrete Time Fourier Transform) and AR (Auto 

Regressive) based spectrum methods for motor current signature analysis in broken rotor bar 

detection.  

The broken rotor bar specific frequencies, which are also called the sideband frequencies, 

are located around the main line frequency. The difference (in frequency) between the closest 

sideband and the main line frequency depends on the motor slip factor. Motor slip factor is 

found using the motor rotor speed where higher slip values indicate higher motor load 
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conditions, and lower slip values correspond to lower load conditions. The difference (in 

frequency) between the closest sideband and the main line frequency narrows down as the 

motor goes to a lower load condition. Thus, the frequency resolution must be selected higher 

than the difference between the closest sideband and the main line frequency; otherwise, the 

computed spectrum amplitudes at the sideband frequencies will not be detected, since the 

resolution would not be adequate enough to show the sidebands. In spectral analysis, in 

addition to the type of the windowing function and the length of the window, the sampling 

rate determines the frequency resolution. Thus, the selection of the sampling rate is important. 

In previous works regarding the spectrum analysis of broken rotor bar fault, in [20], 2 kHz is 

applied, in [15], 1.5 kHz is used, and in [12], 1 kHz is applied as the sampling rate. However, 

there is not much discussion specific to the selection of the sampling rate. In this work, we 

have applied a lower sampling rate of 200 Hz. One of the reasons that we select 200 Hz is 

that, the sidebands of interest are in the 0-100 Hz region, thus higher frequency regions will 

not provide any information, and a sampling rate of 200 Hz is believed to provide good 

performance without any aliasing effects. With the applied 200 Hz sampling rate and 

different windowing functions used with the nonparametric spectrum methods, the frequency 

resolution in this work takes a value between 1-6 Hz where the difference between the 

closest sideband and the main line frequency is 9.30 0.77± Hz. Another reason is that, a 

notch filter, which will not cause any significant suppression at the sidebands, can be 

designed efficiently at a lower sampling rate of 200 Hz. In addition to these reasons, from a 

general point of view, the use of a lower sampling rate results in results in much less 

computation and low-cost in implementation. Thus, it would be easier to design embedded 

systems with respect to software and hardware implementation for motor condition 

monitoring applications.  

In this work, the induction motor current data used is collected from an actual experiment 

setup in a laboratory environment. The experiments have been carried out under full load 

condition of the motor. The healthy and one broken rotor bar motor current data are sampled 

at 10 kHz in order to allow a wide range of study with the sampling rate. The detection of the 

faults is done at this rate. Then the data are decimated in order to decrease the original 

sampling rate that is applied in the experiments to a lower value, 200 Hz, and show that the 

use of the lower sampling rate does not affect the performance of the fault detection. Two 
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nonparametric spectrum methods: DTFT and Welch’s periodogram, and the Yule-AR 

parametric method has been applied with the higher and lower sampling rates. Throughout 

the spectrum computation, only the spectrum amplitudes at the lower and upper sideband 

broken rotor bar fault specific frequencies are computed, rather than computing the overall 

spectrum. In this way, exact spectrum amplitudes are obtained, which improves the healthy-

faulty discrimination performance, and decrease the computational cost considerably. The 

results indicate that the sidebands can be clearly seen with the nonparametric based methods, 

while the sidebands can not be detected with the Yule-AR method. Thus, a second order 

notch filter is designed to suppress the main line frequency and isolate the broken rotor bar 

specific sideband frequencies for the Yule-AR method. This allows the identification of the 

characteristic sidebands. The spectrum amplitudes of the healthy and one broken rotor bar 

motor data resulting from each technique are evaluated using a statistical measure based on a 

hypothesis test with respect to determining the feature extraction performance. Experimental 

results affirm that a lower sampling rate with a notch filter can be used with DTFT (Discrete 

Time Fourier Transform) and AR (Auto Regressive) based spectrum methods for broken 

rotor bar detection, and significant discrimination is obtained between the healthy and faulty 

data sets. 

This paper is organized as follows: Section II discusses the frequencies of interest to 

detect the broken rotor bar fault. Section III describes the fundamental properties of the three 

MCSA techniques. Section IV presents the experiment setup and motor data specifications. 

Section V introduces the decimation and notch filter design process. The experimental results 

and statistical analysis are also described in Section V. Finally, Section VI concludes the 

findings of this work. 

 

II. MOTOR CURRENT SPECTRAL COMPONENTS FOR BROKEN ROTOR BAR  

Kliman, Thomson, Filipetti, Elkasabgy [16]-[19] used motor current signature analysis 

(MCSA) methods to detect broken rotor bar faults by investigating the sideband components 

around the supplied current fundamental frequency (i.e. the line frequency), of : 

(1 2 )b of s f= ± ,     (1) 
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where bf  are the sideband frequencies associated with the broken rotor bar, s is the per unit 

motor slip. The slip s is defined as the relative mechanical speed of the motor, n , with 

respect to the motor synchronous speed, 

m

sn , as:  

 

s m

s

n ns
n
−

= .      (2) 

 

The motor synchronous speed, sn , is related to the line frequency of  as: 

 

120 o
s

fn
P

= ,      (3) 

 

where P is the number of poles of the motor and constant ‘120’ is used to express the motor 

synchronous speed, sn ,  in revolutions per minute (rpm) unit. 

The broken rotor bars also give rise to a sequence of other sidebands given by [18]: 

 

(1 2 ) ,    where 0b of ks f fb= ± > ,    (4) 

 

and is depicted conceptually in Fig. 1. 

f0 (1+2s)f0 (1+4s)f0
Frequency

(Hz)

Spectrum
Amplitude

(1-2s)f0(1-4s)f0

Upper sideband
components

Lower sideband
components

 
Fig. 1 Sideband frequencies around the fundamental line frequency. 
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Fig. 1 shows the frequency components specific to a broken rotor bar fault, which is 

given in equation (4) for k  and 2. These frequencies are located around the fundamental 

line frequency and called as lower sideband and upper sideband components, as indicated in 

Fig. 1. 

1=

III. MCSA TECHNIQUES FOR BROKEN ROTOR BAR FAULT DETECTION 

 

MCSA techniques in general include non-parametric, parametric and high resolution 

spectrum analysis methods. In this section, we will briefly describe the general principles of 

the three investigated MCSA techniques. Two of the techniques are among the non-

parametric spectrum methods: DTFT and Welch’s periodogram. The third technique is a 

parametric spectrum based method: Yule-AR.   

A. Discrete Time Fourier Transform (DTFT) 

To review the basics of the DTFT, consider a sequence of N equispaced samples of a 

finite discrete time series signal, [ ]x n , defined for 0 1n N≤ ≤ − . The Discrete Time Fourier 

Transform (DTFT) of [ ]x n

}j ne ω−

, is a representation of this sequence in terms of a complex 

exponential sequence { , where ω  is the real frequency variable, and  0 2ω π≤ ≤ . The 

DTFT of [ ]x n  is depicted as ( )jX e ω . ( )jX e ω  is defined as: 
1

0
( ) [ ] [ ]

N
j

n
X e x n w n e j nω ω

−
−

=

=∑ ,     (5) 

where  is the window function. In this work, [ ]w n ω  needs to be evaluated only at two 

frequencies, ( ; thus, the entire DFT need not to be computed. In the fault analysis 

with respect to the DTFT method, we use 

1 2 ) os f±

( )jX e ω  as the feature.  

The selection of w n  is important and affects the resolution. The resolution of the 

nonparametric based methods such as DTFT and Welch’s periodogram depends on the 

sampling rate, Fs, and the window length, , 

[ ]

wN

sF

w

f
N

β∆ = ,      (6) 
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where f∆  is the resolution, and β  depends on the applied window function, w n . For the 

windows used in this work, 1

[ ]

3β≤ ≤ . 

B. Welch’s Periodogram Method 

In Welch’s periodogram method, the data sequence, , is first 

partitioned into Z segments. The length of each segment consists of L samples and these 

segments can be overlapping on each other with (

[ ],  { [0], [1], , [ 1]}x n x x x N −…

)SL − overlapping samples, where S is the 

number of points to shift between segments.  

 

Segment 1:  [0], [1], , [ 1]x x x L −…

Segment 2:  [ ], [ 1], , [ 1]x S x S x L S+ +… −

−

         

Segment Z: . [ ], [ 1], , [ 1]x N L x N L x N− − + …

The weighted  segment will consist of the samples, thz

 

[ ] [ ] [ ]zx n w n x n zS= + , for 0 1,  0n L z Z-1≤ ≤ − ≤ ≤ .   (7) 

 

The window function, , is applied to the data at each segment before the computation 

of the segment periodogram.  

[ ]w n

The sample spectrum of the weighted z  segment is depicted for the real frequency 

value, 

th

ω  as, 

2*1 1( ) ( )[ ( )] ( )z j z j z j z j
xxP e X e X e X e

UL UL
ω ω ω= = ω

n

,   (8) 

where U is the discrete time window energy, 

 
1

2

0
[ ]

L

n
U w

−

=

= ∑ ,      (9) 

and ( )z jX e ω is the DTFT of the  segment, thz
1

( )

0
( ) [ ]

L
z j z j n

n
X e x n eω ω

−
−

=

= ∑ .    (10) 
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Finally, Welch’s PSD estimate, , has been found by averaging the periodogram values 

of the Z segments,   

ŴP

 
21 1 1

( )

0 0 0

1 1 1ˆ   ( ) ( ) [ ]
Z Z L

j z j z
W xx

z z n
P e P e x n e

Z Z UL
ω ω

− − −
−

= = =

= =∑ ∑ ∑ j nω .  (11) 

 

The factor U is used to remove the effect of the window energy bias in the Welch PSD 

estimator [22]. 

 

C. Yule-AR Method 

Yule-AR is a parametric spectrum method based on the AR (auto regressive) model. In 

order to compute the spectrum of [ ],  { [0], [1], , [ 1]}x n x x x N −… , which is given over a finite 

interval , firstly 0 1n N≤ ≤ − [ ]x n  is modeled with an AR model. The AR model parameters 

of [ ]x n  are estimated by using the autocorrelation estimates of [ ]x n  in the autocorrelation 

normal equation. Finally, the power spectrum is computed using the AR model parameters 

by a technique derived from the Wiener-Khintchine theorem [22]. 

 In the following, Yule-AR spectrum method will be introduced briefly without going 

into further details. For further information, please see the references [21], [22]. Suppose 

[ ]x n  is modeled with a p order AR model, AR( )p . The AR parameter estimates, a  and ˆ ( )p m

ρ , are computed by solving the autocorrelation normal equation depicted in (12),  

,   (12) 

where 1 . m p≤ ≤

In (12), r  denotes the autocorrelation estimate, and is mathematically expressed in 

(13),  

ˆ ( )x h
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1

0

1ˆ ( ) ( ) ( )
N h

x
n

r h x n h x n
N

− −
∗

=

= +∑ .    (13) 

where . Note that the autocorrelation matrix in (12) is Hermitian Toeplitz and 

positive definite [22], and r h  denotes the complex conjugate of r h , and thus 

 is satisfied.  

0 h p≤ ≤

*( )xr h− =

*ˆ ( )x ˆ ( )x

垐( )xr h

After solving the autocorrelation normal equation in (12), the AR model order estimates, 

 and ˆ ( )pa m ρ , are found, and put in (14) to find the Yule-AR power spectrum, ,  at the 

real frequency value 

ˆ
ARP

ω  as, 

2

1

ˆ ( )
ˆ1 ( )

j
AR p

j m
p

m

P e

a m e

ω

ω

ρ

−

=

=

+∑
.    (14) 

IV. EXPERIMENT SETUP AND MOTOR DATA SPECIFICATIONS 

In order to investigate the feature extraction performance of the three investigated MCSA 

techniques for the broken rotor bar detection problem under a lower sampling rate, we 

performed experiments on an actual induction motor. The characteristics of the 3-phase 

induction motor used in our experiment are listed in Table I. The motor was tested with a 

healthy rotor and with a faulty rotor that had one broken rotor bar. The broken rotor bar fault 

was induced by filling one of the rotor bars full with anchoring cement before the die-casting 

process. Anchoring cement is a high strength, fast-setting gypsum cement with low 

conductivity. The overall data collection scheme and the actual experiment setup picture are 

depicted in Fig. 2 and Fig. 3, respectively. 

 
Table I.  Induction motor characteristics used in the experiment.  

Description Value 
Power 0.75 kW (1Hp) 

Input Voltage 380 V 
Full Load Current 2.2 A 
Supply Frequency 60 Hz 
Number of Poles 4 

Number of Rotor Slots 44 
Number of Stator Slots 36 

Full Load Torque 0.43 kg⋅m 
Full Load Speed 1690 rpm 
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The induction motor was fed through a 3 phase ABB, ACS 501 inverter. A Tektronix TM 

5003 current amplifier amplifies the induction motor stator currents before being sent to the 

interfacing Pentium PC through the oscilloscope. The needed load condition of the induction 

motor was established by connecting the test motor to a DC Motor, which is used as a 

generator and is capable of simulating any desired load condition. The speed of the induction 

motor was measured by a digital stroboscope. 

The experiments involved collecting three phase stator induction motor current and speed 

data for the full load condition of the motor both with one broken rotor bar fault and without 

any fault. The motor load condition is determined according to the motor nameplate 

information given in Table I. Thus, there are two different experiment cases: healthy motor 

(no broken bar) under full load and motor with one broken rotor bar under full load. For each 

individual case, 20 sets of motor current data were collected with sampling rate 10 kHz, Fs= 

10 kHz. Thus, each motor current data set contains 10,000 samples for a duration of one 

second.  

Fig. 2. Motor data collection scheme. 
 

Fig. 3. Actual experiment setup to collect healthy 
and faulty motor data. 

 

V. EXPERIMENTAL RESULTS AND ANALYSIS 
As described in Section II, broken rotor bar fault specific frequencies depend on motor’s 

slip, which is a function of motor’s synchronous speed and motor’s actual speed. In this 

study, we investigate the spectrum amplitudes of the motor current (phase-a) at the two 

frequencies specific to broken rotor bar fault. These two frequencies are the first lower and 

upper sidebands,  and (1 2 ) os f− (1 2 ) os f+ , respectively, which are derived from equation (4).  
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Finding the spectrum amplitudes at the actual frequency components, bf , which are 

specific to broken rotor bar fault, is important in order to make an accurate decision about the 

existence of a fault. These frequency components are computed by first incorporating the 

actual motor speed data values into equation (2) to find the slip values. The computed slip 

values are then used in (1) to find the frequency components. According to the experimental 

data, motor speed under full load condition varies between 1649 and 1672 rpm. Thus, using 

equation (1), the lower sideband frequency location is found to vary between 49.93 – 51.47 

Hz, while the upper sideband frequency location varies between 68.53 – 70.07 Hz.  

Fig. 4 depicts the DTFT spectrum of a healthy and one broken rotor bar motor current 

data at the original sampling rate, Fs = 10 kHz, with Hanning window applied. The lower and 

upper sidebands should be examined at 51.07 Hz and 68.93 Hz according to the 

corresponding speed data. These frequency locations are marked with vertical lines in Fig. 4. 

The solid line represents the spectrum of the healthy motor data, and the dashed line 

corresponds to the spectrum of the broken rotor bar data. The motor current data is decimated 

with a decimation rate of 50. In this way, the sampling rate is reduced by a factor of 50, 

Fs=200 Hz. In Fig. 5, the DTFT spectrums of the decimated healthy and faulty motor current 

data with Hanning window are depicted. From Fig. 4 and Fig. 5, it can be clearly seen that 

the sidebands of interest can be detected with the DTFT method both with the higher 

sampling rate, Fs = 10 kHz, and the lower sampling rate, Fs=200 Hz. For the feature 

extraction performance analysis of the three investigated methods, we will compute the 

DTFT at only the two sideband frequencies, (1 2 ) os f± , which are indicated by the vertical 

lines in Fig. 4 and Fig. 5. Fig. 6 depicts the Yule-AR spectrum of the decimated healthy and 

faulty motor current data with a model order of 30. Unlike the DTFT method, the two 

sidebands can not be seen, since the dominance of the main line frequency does not allow the 

sidebands to appear with the Yule-AR method. Thus, a filtering process is needed in order to 

suppress the main line frequency. In part A of this section, the filter design process is 

introduced, which will enable the Yule-AR method to be applicable for broken rotor bar 

detection.    
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Fig. 4. DTFT of a healthy and faulty motor current data with Hanning window (no filtering applied, Fs = 

10 kHz,  vertical lines indicate the location of the fault specific sidebands). 

 
Fig. 5. DTFT of a healthy and faulty motor current data with Hanning window (no filtering applied, Fs = 

200 Hz). 
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Fig. 6. Yule-AR spectrum of the decimated data (Fs=200 Hz, model order 30). 

A. Notch filter design 
The motivation behind applying a notch filter is to isolate the two sidebands of interest by 

suppressing the dominance of the main line frequency, such that Yule-AR method can be 

successfully applied for broken rotor bar detection.  

The transfer function of a second order notch filter, N z , can be mathematically 
expressed as: 

( )

 

( )( )
( )( )

( )
c c

c c

j j
z z

gain j
p p

z r e z r e
N z N

z r e z r e

ω ω

ω

−

−

− −
=

− − jω
,   (15) 

 

where cω  denotes the notch frequency ( 0 2cω π< < ),  denotes the zero radius (zr 0 1zr<< ≤ ), 

 denotes the pole radius ( 0 ) , and pr 1pr<< < gainN  denotes the gain. 

We have set  and zr gainN  to 1, and considered several different values for r , in the range,  

. We have observed that the 60 Hz (

p

0.85 0.99pr< < of ) second order notch filter design for 

the higher sampling rate, Fs=10 kHz, causes high attenuations at the two sidebands. Fig. 7 

depicts the magnitude responses of the notch filters for Fs=10 kHz, with r  having values 

0.85 and 0.99, respectively. From Fig. 7, it can be seen that the sidebands, (  and 

, are significantly attenuated in addition to attenuation of 

p

1 2 ) os f−

(1 2 ) os f+ of . In order to obtain 

lower attenuation at this sampling rate, the poles would have to be much closer to the unit 
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circle. This will produce unacceptable instabilities caused by numerical round-off. Thus, we 

do not consider this case further.   
 

 
a)  = 0.85 pr

 
b) = 0.99 pr

Fig. 7. Notch filter designs with Fs=10 kHz for r = 0.85 and = 0.99. p pr
 

At the lower sampling rate of Fs=200 Hz , the notch filter can be implemented effectively 

for reasonable pole radii. We have evaluated the magnitude responses of the filter designs 

and considered their transient response, when applied to motor current data. Fig. 8 depicts 

notch filter magnitude responses and their application to motor current data, for r  having 

values 0.85, 0.91, and 0.99. From the magnitude responses of the investigated notch filter 

designs, it is observed that as  gets closer to 1 in value, a sharper filter magnitude response 

is obtained. However, a notch filter with a sharp magnitude response produces a long 

transient response in the output data. 

p

pr

 

  
a)  = 0.99 pr
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b)  = 0.91 pr

  
c)  = 0.85 pr

 
Fig. 8. Notch filter magnitude responses with different pole radius, and output data after filtering. 

 
The spectrums in Fig. 9 correspond to the same healthy and broken rotor motor current 

data pairs that were used in Fig. 4-Fig. 6. A model order of 30 has been applied in the Yule-

AR method. Before applying Yule-AR, the decimated motor current data is filtered with a 

second order notch filter, having a r  value of 0.85. Thus, Fig. 9 verifies that the lower and 

upper sidebands can be successfully detected after notch filtering with the Yule-AR method 

with a lower sampling rate, Fs=200 Hz. From Fig. 4 and Fig. 5, it is seen that the DTFT 

method (with Hanning window) reveals the sidebands of interest without applying filtering 

both with the higher and lower sampling rates. Fig. 10 illustrates that the sidebands can also 

be seen with the notch filtered data using DTFT (with Hanning window) under Fs=200 Hz.    

p

 34



 
Fig. 9. Yule-AR spectrum of the notch filtered data with Fs=200 Hz. 

 
Fig. 10. DTFT of the notch filtered data with Fs=200 Hz. 

 

In order to illustrate that the lower sampling rate with a notch filter can be successfully 

applied for broken rotor bar detection with the three investigated spectrum methods; we have 

incorporated a performance measure in our analyses. The performance measure is based on a 

hypothesis test that statistically shows the difference among the observed spectrum estimates 

of the healthy and broken rotor bar data sets. The hypotheses are stated as:  
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0H : The mean of healthy motor spectrum estimates is the same as the mean of faulty 

motor spectrum estimates at the inspected frequency. 

1H : The mean of healthy motor spectrum estimates is not the same as the mean of faulty 

motor spectrum estimates at the inspected frequency. 

We apply these hypotheses on the two specific frequencies under investigation for the three 

spectrum methods. We then use t-test p-value results to determine if the hypothesis test is 

significant with the spectrum data under investigation [23].  

In general, the t-test allows us to assess whether the means of two groups are statistically 

different from each other. The t-test evaluates the means of the compared groups relative to 

the variability of their samples. In our case the two groups under comparison are healthy and 

faulty spectrum estimates under the full load condition of the motor. The numerical value 

that the p-value yields is a probability value, which gives information on whether the two 

groups differ from each other and at what degree. If p-value is smaller than a pre-defined 

significance level, then the null hypothesis, H , is rejected. This implies that the difference 

between the means of the compared groups is statistically significant. Otherwise H  is 

rejected. In other words, as p-values get smaller, the discrimination between the two groups 

become more significant. A significance level value of 0.05, which is also interpreted as 95% 

confidence interval, is the most commonly used significance level in statistics for 

classification problems [23].  

0

1

In the remaining parts of this section, we will show the feature extraction performance of 

the three investigated techniques. For the DTFT and Welch’s periodogram methods, we will 

consider three cases: higher sampling rate with no filtering, lower sampling rate (after 

decimation) with no filtering, and lower sampling rate with notch filter. For the Yule-AR 

method, we will consider the lower sampling rate with no filtering and lower sampling rate 

with notch filter cases only. This is because with the Yule-AR method the sidebands of 

interest can not be seen without filtering. Thus, the case of higher sampling rate with no 

filtering is of no use.    
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B. Feature extraction performance of DTFT 
 

In this work, we have considered several windowing techniques when applying the DTFT 

and Welch’s periodogram methods since the type of the windowing technique is a significant 

factor that affects the feature extraction performance. We have applied eight different 

windows with the DTFT method: rectangular, triangular, Hamming, Gaussian, Hanning, 

Parzen, Nuttall, and Chebyschev (100 dB). Fig. 11 and Fig. 12 depict four of these windows 

and their magnitude responses, respectively. 

Table II and Table III depict the p-values for the DTFT method with the applied eight 

windows at the lower and upper sidebands for the three cases. It has to be noted that filtering 

results in the generation of an unsteady output data portion. In the computation of the 

spectrum amplitudes, only steady state data portion is considered, that is, we have avoided 

using the transient portions shown in Fig. 8. Among the applied windows, for the higher 

sampling rate with no filtering and lower sampling rate with no filtering cases, Hanning, 

Parzen, Nuttall, and Chebyschev (100dB) windows provide high healthy-faulty 

discrimination performance, while rectangular, triangular, Gaussian, and Hamming windows 

are not satisfactory. This is caused by the leakage of the main line frequency.    

 
Fig. 11. Four of the windows used in the DTFT 

method. 

 
Fig. 12. Magnitude responses of the four windows. 

From Fig. 4 and Fig. 5, it can be seen that the dB magnitude of the main line frequency 

( of =60 Hz) signal, is about 50 dB above the sideband signals. In order to avoid leakage 

effects on the sidebands, the main line frequency needs to be suppressed more than 50 dB. 

The rectangular, triangular, Hamming and Gaussian windows barely suppress the main line 

frequency, and are not adequate for suppression of 50 dB and above. On the other hand, 
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Hanning, Parzen, Nuttall, and Chebyschev (100dB) provide adequate suppression. A second 

way to suppress the main line frequency is with a notch filter. 

For the lower sampling rate with notch filter case, all windows provide satisfactory 

results, as expected. It is also observed that the Hamming window generates considerably 

lower p-values after notch filtering, and the upper sideband, ( , has more 

discriminative information when compared to the lower sideband, (

1 2 ) os f+

2 ) os f1− . In order to give 

a visual insight to the reader about the relation between the p-value and the discrimination 

rate, Fig. 13 and Fig. 14 depict the DTFT amplitudes of the notch filtered healthy and faulty 

data sets with Fs=200 Hz for the lower and upper sidebands, respectively. In Fig. 13 and Fig. 

14, the applied second order notch filter has a  value of 0.91, and the DTFT amplitudes are 

computed with a Hamming window that has a window size of 150.  

pr

 
Table II. p-values for DTFT with different windows for the lower sideband for the three cases. 

Window type (1 2 ) os f−   p-value  
 no filtering (window size 

= 10,000, Fs=10kHz) 

(1 2 ) os f−   p-value  
no filtering (window size 

=200, Fs=200 Hz) 

(1 2 ) os f−   p-value  
notch filtering (window 

size=150, =0.91, Fs=200 Hz) pr

Rectangular 0.6044 0.6200 1.0763e-007 
Triangular 0.5154 0.6802 1.3247e-008 
Hamming 0.9448 0.5879 1.0131e-008 
Gaussian 0.4344 0.2343 2.1361e-008 
Hanning 3.7151e-008 3.6097e-008 2.2211e-008 
Parzen 4.7526e-008 4.8167e-008 3.1003e-007 
Nuttall 2.1175e-008 1.9510e-008 4.7217e-007 

Chebyschev  
(100 dB) 

1.9878e-008 1.7920e-008 3.8629e-007 

 
Table III. p-values for DTFT with different windows for the upper sideband for the three cases. 

Window type  (1 2 ) os f+ p-value  
no filtering (window  

size = 10,000, Fs=10kHz) 

(1 2 ) os f+   p-value  
no filtering (window size 

=200, Fs=200 Hz) 

(1 2 ) os f+   p-value  
notch filtering (window 

size=150, =0.91, Fs=200 
Hz) 
pr

Rectangular 0.9369 0.8534 7.8225e-018 
Triangular 0.3648 0.5592 7.2810e-024 
Hamming 0.0126 0.0431 5.1141e-024 
Gaussian 7.0427e-005 4.0134e-004 9.8761e-024 
Hanning 2.1511e-022 6.9927e-023 1.2820e-023 
Parzen 3.0145e-023 2.6593e-023 5.7059e-022 
Nuttall 1.4849e-023 1.2766e-023 1.0396e-021 

Chebyschev 
(100 dB) 

1.2830e-023 1.0719e-023 7.5226e-022 
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Fig. 13. DTFT amplitudes of the notch filtered 

healthy and faulty data sets at the lower sideband. 

 
Fig. 14. DTFT amplitudes of the notch filtered 

healthy and faulty data sets at the upper sideband. 
 

C. Feature extraction performance of Welch’s periodogram  
Table IV, Table V and Table VI depict the p-values for the Welch’s periodogram method 

at the lower sideband for the three cases. Four different windows are applied: rectangular, 

Hamming, Hanning, and Chebyschev. It is noted that the averaging of the overlapping 

segments with the Welch’s periodogram method has generated lower p-values for the lower 

sideband when compared to DTFT for some combinations of overlapping samples and 

window sizes, e.g., for the 10 kHz case, a Chebyschev (100 dB) window size of 5,000 and an 

overlap of 4,000 data samples generates a p-value of 2.81e-9 (see Table IV); for the 200 Hz 

with notch filtering case, a Hanning window size of 100 and an overlap of 50 data samples 

generates a p-value of 2.39e-9 (see Table VI). It is also observed that filtering improves the 

feature extraction performance of Welch’s periodogram method depending on the type of 

window used.   
Table IV. p-values for Welch’s periodogram method under different window sizes and overlapping 

samples for the lower sideband with no filtering and Fs=10 kHz. 
(1 2 ) os f− p-value with no filtering, Fs=10 kHz Window  

size 
Overlapping 

Samples 
Number of 
Windows Rectangular Hamming Hanning  Chebyschev 

(100 dB) 
10,000 0 1 0.2574 0.8896 3.0990e-008 1.3147e-008 
9,500 9,000 2 0.6244 2.4802e-004 3.2216e-009 1.5221e-008 
9,000 8,500 3 0.9558 0.0143 1.0638e-008 1.7851e-008 
8,000 7,500 5 0.4057 5.0619e-004 1.0758e-008 1.8305e-008 
7,000 6,500 7 0.4821 4.5656e-004 7.6076e-009 1.2201e-008 
6,000 5,500 9 0.6504 0.0051 3.3157e-009 6.1211e-009 
5,000 4,500 11 0.0388 0.1936 5.9496e-007 3.3873e-009 
5,000 4,000 6 0.0354 0.9058 0.0126 2.8087e-009 
5,000 2,500 3 0.0266 0.7393 6.4632e-004 6.3845e-009 
4,000 2,000 4 0.0040 0.7195 0.9275 4.4937e-008 
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Table V. p-values for Welch’s periodogram method under different window sizes and overlapping 
samples for the lower sideband with no filtering and Fs=200 Hz 

(1 2 ) os f− p-value with no filtering, Fs=200 Hz Window  
size 

Overlapping 
Samples 

Number of 
Windows Rectangular Hamming Hanning  Chebyschev 

(100 dB) 
200 0 1 0.2979 0.6823 3.1033e-008 1.1863e-008 
180 160 2 0.6945 0.6210 1.3312e-007 1.5017e-008 
160 140 3 0.7493 0.4654 8.4583e-007 1.3322e-008 
140 120 4 0.7955 0.5023 9.7537e-006 8.1462e-009 
120 100 5 0.4462 0.8265 1.6977e-004 4.1961e-009 
100 80 6 0.0270 0.5817 0.0079 2.7646e-009 
100 50 3 0.0281 0.7311 0.0011 6.3474e-009 

 
Table VI. p-values for Welch’s periodogram method under different window sizes and overlapping 

samples for the lower sideband with notch filtering and Fs=200 Hz 
(1 2 ) os f− p-value notch filtering ( =0.91) and Fs = 200 Hz prWindow  

size 
Overlapping 

Samples 
Number of 
Windows Rectangular Hamming Hanning  Chebyschev 

(100 dB) 
150 0 1 9.5084e-008 7.1084e-009 1.5372e-008 2.4240e-007 
140 130 2 2.0050e-009 1.3939e-008 2.3288e-008 3.8211e-007 
130 120 3 1.7320e-009 2.0346e-008 3.6220e-008 4.5243e-007 
120 110 4 1.1606e-009 2.6919e-008 4.9877e-008 3.9500e-007 
110 100 5 2.0330e-009 3.1228e-008 5.2827e-008 2.4602e-007 
100 90 6 1.9855e-009 2.5792e-008 4.1032e-008 1.1156e-007 
100 50 2 4.9841e-007 1.5320e-009 2.3917e-009 2.2988e-009 

 

Similarly, Table VII, Table VIII, and Table IX depict the p-values for the Welch’s 

periodogram method at the upper sideband for the three cases. It is observed that Welch’s 

periodogram method did not provide any significant contribution for the upper sideband in 

terms of improving the healthy-faulty discrimination when compared to the DTFT method. 

 
Table VII. p-values for Welch’s periodogram method under different window sizes and overlapping 

samples for the upper sideband with no filtering. 
(1 2 ) os f+ p-value with no filtering, Fs=10 kHz Window  

size 
Overlapping 

Samples 
Number of  
Windows Rectangular Hamming Hanning  Chebyschev 

(100 dB) 
10,000 0 1 0.8843 0.0129 4.7938e-022 1.3812e-022 
9,500 9,000 2 0.5782 0.0050 3.6459e-023 1.7177e-022 
9,000 8,500 3 0.7319 0.0024 5.4615e-023 2.3047e-022 
8,000 7,500 5 0.4282 0.0017 1.7275e-022 3.2801e-022 
7,000 6,500 7 0.6524 0.0106 3.0127e-021 4.0645e-022 
6,000 5,500 9 0.4459 0.1935 7.6902e-017 5.2342e-022 
5,000 4,500 11 0.0279 0.7680 1.2829e-004 8.1668e-022 
5,000 4,000 6 0.0310 0.9114 0.0090 5.0362e-022 
5,000 2,500 3 0.0283 0.9979 0.0039 1.1827e-022 
4,000 2,000 4 0.0052 0.7438 0.1035 8.5018e-020 
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Table VIII. p-values for Welch’s periodogram method under different window sizes and overlapping 
samples for the upper sideband with no filtering and Fs=200 Hz. 

(1 2 ) os f+ p-value no filtering, Fs=200 Hz Window  
size 

Overlapping 
Samples 

Number of  
windows Rectangular Hamming Hanning  Chebyschev 

(100 dB) 
200 0 1 0.7603 0.0393 9.4497e-023 8.7724e-023 
180 160 2 0.5796 0.0072 5.2544e-021 1.5749e-022 
160 140 3 0.2724 0.0035 9.6811e-019 1.8757e-022 
140 120 4 0.4250 0.0096 3.8953e-015 2.0919e-022 
120 100 5 0.6752 0.1079 4.6177e-010 2.5324e-022 
100 80 6 0.0497 0.8670 0.0066 4.1840e-022 
100 50 3 0.0417 0.7923 0.0037 1.0183e-022 

 
Table IX. p-values for Welch’s periodogram method under different window sizes and overlapping 

samples for the upper sideband with notch filtering and Fs=200 Hz 
(1 2 ) os f+ p-value with notch filtering( =0.91) , Fs=200 Hz prWindow  

size 
Overlapping 

Samples 
Number of 
Windows Rectangular Hamming Hanning  Chebyschev 

(100 dB) 
150 0 1 1.3046e-016 4.8351e-023 9.8914e-023 2.9467e-021 
140 130 2 4.6814e-021 8.9846e-023 1.5842e-022 6.6551e-021 
130 120 3 3.4619e-022 1.0657e-022 2.9676e-022 1.1948e-020 
120 110 4 2.4930e-022 1.9154e-022 4.8788e-022 1.7851e-020 
110 100 5 4.3752e-023 2.4115e-022 7.3473e-022 2.2059e-020 
100 90 6 2.4433e-022 4.1069e-022 9.7731e-022 2.3080e-020 
100 50 2 1.9469e-018 6.7038e-023 9.3676e-023 3.0267e-022 

 

In Table IV and Table VII, it is noticed that Hanning window with window size 5,000 

and less, generates poor p-values when compared to Chebyschev (100 dB) window with the 

same window size. The p-values in Table IV and Table VII correspond to the Welch’s 

periodogram method with respect to the higher sampling rate with no filtering case. Fig. 15 

illustrates the Welch’s periodogram spectrum estimates for window sizes 5,000 and 10,000 

with Hanning and Chebyschev (100 dB) windows. From Fig. 15, it is seen that as the 

window size decreases to 5,000, some significant distortions occur around the main lobe with 

the Hanning window, which results from spectral leakage. The leakage problem has not been 

observed with the Chebyschev (100 dB) window at this window size.  
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a) window size=10,000 

 
b) window size = 5,000 

Fig. 15. Hanning and Chebyschev windows applied to Welch’s periodogram method for window sizes 
5,000 and 10,000, Fs=10 kHz. 

D. Feature extraction performance of Yule-AR 
Table X depicts the p-values with respect to the Yule-AR method at the lower and upper 

sidebands for the lower sampling rate with no filtering case. From Table X, we can see that 

no useful classification is possible without suppressing the dominant main line frequency. 

 Table XI depicts the p-values with respect to the Yule-AR method at the lower sideband 

for the lower sampling rate with notch filtering case. In Table XI, p-values correspond to 

different combinations of model orders and pole radius of notch filters. It is observed that a 

p-value as low as 3.26e-9 is obtained with r  equal to 0.91 and model order 30. Similarly, 

Table XII depicts the p-values with respect to the Yule-AR method at the upper sideband for 

the lower sampling rate with notch filtering case. It is examined that a p-value of 5.70e-22 

has been obtained with r  equal to 0.85 and model order 90. The “X” in Table XI and Table 

XII indicate that the Yule-AR spectrum can not be computed since the data length is smaller 

than the applied model order for these cases. With respect to Table XI and Table XII, as the 

poles of the notch filter get closer to the unit circle, the impulse response of the filter gets 

longer and the length of the usable data becomes smaller. Thus, we get no results or poor p-

values for these cases. 

p

p

 

Table X. p-values with respect to Yule-AR  for the lower and upper sidebands (no filtering, Fs=200 Hz). 
 Model order 

Sideband 20 30 40 50 60 70 80 90 100 
(1 2 ) os f−  0.0011 0.0013 0.0029 0.0048 0.0054 0.0109 0.0062 0.0150 0.0095 

(1 2 ) os f+  0.0535 0.0525 0.0475 0.0593 0.0610 0.1233 0.0796 0.2234 0.1089 
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Table XI. p-values with respect to Yule-AR  for the lower sideband (notch filtering, Fs=200 Hz).  
Filter Model order 

pr  20 30 40 50 60 70 80 90 100 

0.85 3.43e-04 6.19e-08 4.47e-07 1.11e-05 4.94e-06 1.34e-05 1.55e-05 2.37e-05 2.71e-06 
0.87 2.92e-04 8.01e-08 5.59e-06 1.55e-05 2.27e-05 1.74e-04 9.59e-06 1.03e-04 2.42e-05 
0.89 1.75e-04 4.97e-06 1.85e-05 5.59e-07 6.35e-06 3.85e-05 2.33e-04 1.53e-04 3.36e-05 
0.91 2.42e-06 3.26e-09 3.72e-06 1.80e-05 2.21e-05 4.97e-06 8.82e-05 1.41e-04 5.98e-06 
0.93 5.62e-06 3.31e-05 7.11e-05 2.45e-06 5.37e-06 3.55e-05 3.06e-04 2.70e-04 0.0018 
0.95 3.47e-04 5.65e-04 1.73e-04 0.0014 0.0092 0.0109 0.0789 0.0179 X 
0.97 0.3280 0.0742 0.1537 0.1867 0.1804 X X X X 

 
Table XII. p-values with respect to Yule-AR for the upper sideband (notch filtering, Fs=200 Hz). 

Filter Model order 
pr  20 30 40 50 60 70 80 90 100 

0.85 9.07e-17 2.11e-15 2.57e-19 1.77e-17 3.20e-18 9.54e-19 1.63e-20 5.70e-22 2.23e-19 
0.87 1.14e-17 3.86e-13 1.14e-20 1.73e-19 2.73e-20 2.95e-20 9.56e-19 2.10e-19 2.35e-18 
0.89 3.14e-15 1.69e-13 1.32e-18 1.55e-16 4.86e-21 2.64e-17 2.95e-17 1.77e-15 2.48e-15 
0.91 7.24e-13 5.49e-16 3.91e-15 9.14e-17 5.22e-16 2.65e-16 1.40e-17 4.11e-16 9.67e-16 
0.93 1.22e-13 6.24e-16 2.74e-19 7.88e-20 8.14e-19 3.46e-19 2.06e-18 2.16e-17 1.77e-16 
0.95 3.52e-13 6.30e-20 9.50e-15 1.27e-15 7.10e-12 2.56e-13 3.37e-11 4.23e-11 X 
0.97 3.97e-04 4.69e-04 1.39e-04 0.0029 0.0015 X X X X 

 

Before applying filtering, Yule-AR results are useless because of not providing any 

information in terms of healthy-faulty discrimination, as can be seen from the p-values 

depicted in Table X. After filtering, the dominance of the main line frequency is suppressed, 

and the sidebands are significantly isolated.  

The decimation results indicate that a lower initial sampling rate can be used for broken 

rotor bar fault detection with DTFT and Welch’s periodogram methods. It is the applied 

window function that makes a deep impact on the feature extraction performance with the 

nonparametric spectrum methods. For example, applying a rectangular window without 

notch filtering of the motor current data generates misleading results both for the DTFT and 

Welch’s periodogram methods. There is no need for filtering with the DTFT and Welch’s 

periodogram methods if a window function that can significantly reduce the spectral leakage 

effects is applied. In order to apply the Yule-AR method for broken rotor bar detection, the 

dominance of the main line frequency must be suppressed. Otherwise, the sidebands of 

interest, can not be extracted even high model orders are used. The suppression of the main 

line frequency and isolation of the sidebands can be done by applying a second order notch 

filter. After notch filtering, Yule-AR can be applied successfully, and provide accurate 

healthy-faulty discrimination as the DTFT and Welch’s periodogram methods.   
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VI. CONCLUSION 
This paper has illustrated with experimental results that a lower sampling rate with a 

notch filter can be successfully applied with the DTFT and AR based spectrum methods for 

the broken bar detection problem and the use of the lower sampling rate does not affect the 

performance of the fault detection. The utilization of a lower sampling rate is significantly 

important because lower sampling rate means less computation and low-cost in 

implementation which could lead to more effective and less costly embedded system designs 

for motor condition monitoring applications.  
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Multiple Signature Processing Based Fault Detection 

Schemes for Broken Rotor Bar in Induction Motors 

 
Abstract- The existence of broken rotor bars in induction motors can be detected by 

monitoring any abnormality of the spectrum amplitudes at certain frequencies in the motor 

current spectrum. It has been shown that these broken rotor bar specific frequencies are 

located around the fundamental stator current frequency and are termed lower and upper 

sideband components. Broken rotor bar fault detection schemes should rely on multiple 

signatures in order to overcome or reduce the effect of any misinterpretation of the signatures 

that are obscured by factors such as measurement noises and different load conditions. Linear 

Discriminant Analysis (LDA) provides an appropriate environment to develop such fault 

detection schemes because of its multi-input processing capabilities. The focus of this paper 

is to provide a new fault detection methodology for broken rotor bar fault detection and 

diagnostics in terms of its multiple signature processing feature and the motor operation 

partitioning concept to improve the overall detection performance. This paper describes two 

fault detection schemes within this methodology, and demonstrates that multiple signature 

processing is more efficient than single signature processing. The first scheme, which will be 

named the “monolith scheme,” is based on a single large-scale LDA unit representing the 

complete operating load torque region of the motor, while the second scheme, which will be 

named the “partition scheme,” consists of many small-scale LDA units, each unit 

representing a particular load torque operating region.  

Index Terms-- Fault Diagnosis, Induction Motors, Broken Rotor Bar, Artificial Neural 

Networks, Discriminant Analysis 

 

I. INTRODUCTION 
Broken rotor bar fault in induction motors can be detected by monitoring any abnormality 

of the motor current power spectrum amplitudes at several certain frequency components. 

These frequency components are located around the main frequency line and are determined 

according to the number of poles and mechanical speed of the motor. However, there are 
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other effects that may obscure the detection of the broken rotor bar fault or cause false 

alarms. For example, these effects can be intrinsic manufacturing dissymmetry, or load 

torque oscillation that can produce stator currents with the frequency values the same as the 

monitored frequencies. In monitoring these frequency components, it is assumed that the 

load torque is constant. Any variation of the load torque with the rotational speed can 

produce frequency harmonics, which may overlap the harmonics caused by broken rotor bar 

fault [1].  A broken rotor bar fault detection scheme based on multiple frequency signatures 

thus should be more reliable in overcoming or reducing the effect of misinterpreted 

signatures, which are caused by the effects discussed formerly or some other unknown 

reasons. Linear Discriminant Analysis (LDA) provides an appropriate environment to 

develop such fault detection schemes because of its multi-input processing capabilities. 

The focus of this paper is to provide a new fault detection methodology for broken rotor 

bar fault detection and diagnostics in terms of its multi signature processing feature and the 

motor operation partitioning concept to improve the overall detection performance. This 

paper presents two fault detection schemes within this methodology, and demonstrates that 

multiple signature processing is more effective than single signature processing. The first 

scheme will be named the “monolith scheme,” and it is based on a single LDA unit 

representing the complete motor operating load torque region. The second scheme will be 

named the “partition scheme,” and it consists of several small LDA units, each of which 

represents a particular load torque operating region. In the partition scheme, the 

computational load and complexity of the single units in the monolith scheme are distributed 

to smaller units, which as a result increase the broken rotor bar fault detection performance. 

The partition scheme thus can be thought of as partitioning a highly nonlinear mapping 

problem in a high dimension space into linear or low order nonlinear mapping problems in a 

reduced dimensional space. The two detection schemes have been investigated using 

experimental data. 

The characteristics of the 3-phase induction motor used in the experiments are listed in 

Table I. The motor was tested with a healthy rotor and with a faulty rotor that had one broken 

rotor bar. The broken rotor bar fault was induced by filling one of the rotor bars with 

anchoring cement before the die-casting process. Anchoring cement is a high strength, fast-

setting gypsum cement with low conductivity.  
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Table I. Induction motor characteristics used in the experiment. 
 

Description Value 
Motor Manufacturer  HYOSUNG, 

Korea 
Motor Brand HSX0504211 
Power 0.75 kW (1Hp) 
Input Voltage 380 V 
Full Load Current 2.2 A 
Supply Frequency 60 Hz 
Number of Poles 4 
Number of Rotor Slots 44 
Number of Stator 

Slots 
36 

Full Load Torque 0.43 kg⋅m 
Full Load Speed 1690 rpm 

 

The induction motor was fed through a 3 phase ABB, ACS 501 inverter. A Tektronix TM 

5003 current amplifier amplifies the induction motor stator currents before they are sent to 

the interfacing Pentium PC through the oscilloscope. The needed load condition of the 

induction motor was established by connecting the test motor to a DC Motor, which is used 

as a generator and is capable of simulating any desired load condition. The speed of the 

induction motor was measured by a digital stroboscope.  

The experiments involved collecting phase-a stator induction motor current data for 

spectrum signature extraction and speed data for computing locations of the broken rotor bar 

specific frequencies at four different load conditions of the motor, both with one broken rotor 

bar fault and without any fault. The load conditions of the motor are 25%, 50%, 75% and full 

load, respectively. These load condition percentages are determined according to the motor 

nameplate information given in Table I. Thus, there are a total of 8 different experiment 

cases. For each individual case, 20 sets of motor current data were collected with sampling 

frequency 10kHz. Thus, each motor current data set contains 10,000 samples for a duration 

of one second. 

The fault detection schemes investigated in this paper depend on multiple signature 

processing. These signatures correspond to the power spectrum amplitudes of the motor 

current (phase-a) data at the selected frequencies. We used Welch’s periodogram method to 

compute the power spectrum of phase-a motor current data. In the Welch’s periodogram 

method, we applied a Hanning window and 50% overlapping percentage among the 
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partitioned segments. In the fault detection schemes, we considered four of the broken rotor 

bar fault specific frequency components. Let { }1 1 2 2
, , ,f f f f− + − +=F  be the set of broken rotor 

bar fault specific frequency components, and { }1 1 2
, , ,

2
p p p− + −=P p +  be the set of Welch’s 

spectrum amplitudes at these frequencies. The frequency components in set F are: 

01
(1 2 )f s f− = − , 01

(1 2 )f s f+ = + , 0)
2

(1 4f s f− = − , and 02
(1 4 )f s f+ = + , where 0f  is the 

fundamental stator current frequency and s is the slip. 
1

f −  and 
1

f +  are the first lower and 

upper sidebands, while 
2

f −  and 
2

f +  are the second lower and upper sidebands around 0f . 

The inputs for the LDA units in the monolith and partition schemes thus consist of the 

signature set: { }1 1 2 2
, , ,p p p p− + − + .  

The motivation in choosing the first and second lower and upper sidebands around the 

fundamental supply frequency is due to higher signal to noise ratio of these harmonics, which 

contain more reliable and discriminative information when compared to other harmonics. 

The higher frequency harmonics are relatively low in spectrum amplitude, they are thus more 

sensitive to noise. However, there is no restriction in including other signatures or increasing 

the number of signatures within the investigated detection schemes, as far as the included 

signatures provide discriminative information about the broken rotor bar fault. 

The methodology, in the investigated fault detection schemes, uses the Welch’s spectrum 

amplitudes of motor current data at the broken rotor bar fault specific frequencies as the 

discriminative signatures in the fault detection decision. However, the locations of the 

monitored frequencies, bf , depend on the slip factor, , which is a function of the motor 

mechanical speed. When the no load case of motor is considered, the slip factor value 

approaches to 0. This results in the interference of the monitored frequencies with the main 

supply frequency or its harmonics. The current detection schemes will thus not be able to 

perform efficiently for the no load condition of the motor. On the other hand, signatures that 

are not dependent on the slip factor, and that carry discriminative information, can be 

included within the methodology in order to make the detection schemes provide reliable 

fault decision in the no load condition of the motor. 

s

The investigated fault detection schemes require motor current, motor speed data, and 

motor load condition information, which are easily accessible measurements through the 
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motor. Thus, the investigated fault detection schemes can be used in motor manufacturing 

facilities, or assembly plants for quality control testing, without disturbing the motors’ 

normal operation. 

Section II describes the fundamental properties of LDA. Section III outlines the fault 

detection schemes together with experimental results and analysis. Section IV concludes the 

findings of this work. 

II. LINEAR DISCRIMINANT ANALYSIS (LDA) 
Suppose we have a d-dimensional data set, , which consists of n data samples, 

 that belong to two different classes, 

D

11, , nx … x ω  and 2ω . We want to project the data 

samples in , onto a line and look for a good separation on the projected points. An 

arbitrarily selected line for the projection will possibly result with a poor classification 

performance. However, by playing with the orientation of the line, it is likely to improve the 

separability of the classes, unless the original distributions of the samples in the classes are 

multimodal and highly overlapping. This is the aim of the Linear Discriminant Analysis 

(LDA) [2]. 

D

Suppose  and  are the subsets of  and include the n  data samples in 1D 2D D 1 1ω  and  

data samples in 

2n

2ω , respectively, where 1 2n n n+ = , and 1 2∩ =∅D D . A linear combination 

of the components of x , can be formed by a scalar dot product of x  and  as is expressed 

in (1) 

w

  ,                    (1) ty = w x

where  is the projection of  onto a line in the direction of w  if y x 1=w . The magnitude of 

is related to scaling of , while direction of  affects the separability of the two classes. 

Finding the direction that generates the highest separability forms the objective of LDA.     

w y w

In order to find the best direction of , the difference of the sample means is used a 

separation measure. Let  and  represent the class mean and the number of samples in 

class

w

im in

iω , respectively, where . The mathematical expression for m  is depicted in (2). 1,i = 2 i

1
i

in ∈

= ∑
x

m
iD

x ,                   (2) 
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The sample mean for the projected points, , is mathematically expressed in (3). im

1 1

i

t t
i

yi i

m y
n n∈ ∈

= = =∑ ∑
x

w x w m
iDY

i .              (3) 

The absolute difference between the projected means is depicted by (4). 

1 2 1 2(tm m− = −w m m ) .               (4) 

The difference between the projected means can be made as large as possible by scaling 

; however, this alone does not guarantee a good separation of the projected data. In order 

to have a good separation, the difference between the means has to be large relative to some 

measure of the standard deviations of each class. The term scatter is defined and used instead 

of forming sample variances for the samples of each class, 

w

iω . The scatter term for iω  is 

mathematically expressed in (5),    

( 22

i

i
y

s y m
∈

= − )i∑
Y

.                (5) 

The estimate of variance of the pooled data can be expressed using the scatter definitions 

as depicted in (6),  

 ( 2 2
1 2

1 s s
n

+ )
2
2

,                   (6) 

where  is called the total within-class scatter of the projected samples. The criterion 

function, which is expressed in (7), is maximized in order to find the best separation of the 

projected samples. 

2
1s s+

2
1 2
2 2

1 2

( )
m m

J
s s
−

=
+

w .                  (7) 

We will define the scatter matrices, S ,S , and S , in the following, in order to express 

 as an explicit function of .  is called the class scatter matrix, and is expressed in 

(8). S  is called the within class scatter matrix, and  is expressed in (9). 

i W B

( )J w

W

w iS

( )( t
i i

∈

= − − )i∑
x

S x m x m
iD

.               (8) 

2

1
1

W i
i=

2= = +∑S S S S .                (9) 
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Using (5) and (8), we can express  as depicted in (10). 2
is

2 2( ) ( )( )t t t t t
i i i is

∈ ∈

= − = − − =∑ ∑
x x

w x w m w x m x m w w S w
i iD D

i

2
2

t

,      (10) 

2
1s s+  can be expressed in the form depicted in (11). 

2 2
1 2 1 2( )t

Ws s+ = + =w S S w w S w .            (11) 

In a similar way, using (4), the projected means is expressed in (12).  

( ) ( )22 2
1 2 1 2 1 2 1 2 1 2= ( )( )t t t t t

Bm m m m− = − = − − − =w m w m w m m m m w w S w .  (12) 

where                                                        

1 2 1 2( )( t
B = − −S m m m m )

2

.              (13) 

BS

w

 is called the between class scatter matrix. S  is symmetric, positive definite, and its 

rank is 1, since it is the outer product of two vectors. It has to be also noted that for any w , 

 is in the direction of .    

B

BS 1( )−m m

With the introduced scatter matrices, the criterion function  is transformed from the 

form in (7) to a form consisting of an explicit function of  as depicted in (14). 

( )J w

w

( )
t

B
t

W

J =
w S ww
w S w

.                  (14) 

The mathematical expression in (14) is the well-known Rayleigh quotient.  reaches 

its absolute maximum when is a generalized eigenvector of S  corresponding to the 

largest eigenvalue 

( )J w

w B

maxλ  as depicted in (15) [2]. 

B Wλ=S w S w .                  (15) 

Assuming  is nonsingular, a conventional eigenvalue problem is obtained as 

expressed in (16). 

WS

1
W B λ− =S S w w .                 (16) 

Since  is in the direction of (BS w 1 2 )−m m

)

, and the scale factor for is impertinent, the 

solution of that maximizes  can be mathematically expressed as: 

w

w (J w
1

1 2(W
−= −w S m m )                  (17) 

By LDA, a d-dimensional problem is transformed to a one dimensional problem. After 
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finding the linear discriminant function, the remaining work is to find the threshold, which 

will be used in separating the projected points along the one dimensional space.  

Suppose that the conditional densities ( / )ip ωx  are multivariate normal with equal 

covariance matrices, . For this case, the threshold can be computed using the optimal 

decision boundary equation, 

Σ

  0 0t ω+ =w x ,                  (18) 

where,  

  ,                (19) 1
1 2(−= Σ −w m m )

and 0ω  should be set to the value where the posteriors in the one dimensional distributions 

are equal [2]. For further information about Discriminant Analysis, please refer to [4].  

III. FAULT DETECTION SCHEMES AND EXPERIMENTAL RESULTS 
Let  denote the motor condition, which is comprised of the two states of the motor: 

healthy condition, , and faulty condition with one broken rotor bar, , 

C

H F { }, F∈C H . From 

the motor current power spectrum analysis and broken rotor bar specific frequency 

components knowledge, there exists a mapping  from  to  as expressed in (20): M ( , )LTP C

: ( , )LT →PM C ,                (20) 

where { }1 1 2 2
, , ,p p p p− + − +=P

{

 is the set of Welch’s periodogram power spectrum amplitudes 

at frequencies }1 1
, ,

2 2
,f f f− +=F f− +  and T  is the motor load condition. In our experiments, 

we have collected data at four different load conditions of the motor, where T  is either at 

full load, 75%, 50% or 25% load, T

L

1L L

L

00% 75% 50% 25%
{ , , ,L L LT T T T }∈ . In these experiments, motor 

speed variation in the collected motor speed data is less than 1.4% in all of the four 

investigated motor load conditions. Fig. 1 demonstrates the PSD estimates at one of the 

broken rotor bar fault specific frequencies, 
1

(1 2 ) of s f− = −

25%LT

, under four different motor load 

conditions: . In this figure, symbol ‘o’ represents the PSD 

estimate of a healthy motor data, while symbol ‘x’ represents the PSD estimate of a faulty 

motor data with one broken rotor bar.  

100% 75%
{L L LT T T∈

50%
, , ,LT }

In the monolith scheme, we use a single fault mapping unit, , which maps the M
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signatures extracted throughout the complete motor operating load condition, to the motor 

condition. This scheme is depicted in Fig. 2. Inputs of the LDA mapping unit consist of the 

signature set { }1 1 2 2
, , , ,LT p p p p− + − + , where T  is the motor load condition, L 1 1

,p p− +  are the 

first and 
2 2

,p p− +  are the second lower and upper sidebands’ Welch’s periodogram power 

spectrum amplitudes around the fundamental current frequency, of , respectively. The 

mapping for the monolith scheme is depicted in (21): 

: ( , ,p p+ − +

2
,

M

: (i

iM i =∅M

4=

−M

1 (1 2 )f − = −
100%L L 75% 50%

,L LT T

1 1 2 2
, , ) { , }Lp p T H F− → .             (21) 

  In the partition scheme, the single mapping unit , which is used in the monolith 

scheme, is divided into disjoint sub-mapping units , where  corresponds to a sub-

mapping unit for a particular motor load condition and, , . In our 

case, . Thus, the sub-mapping units in the partition scheme consist of the spectrum 

amplitude signatures only. A sub-mapping unit is depicted in (22): 

M

iM iM

1

m

i=
∪M=

1

m

i=
∩

m

1 1 2
, , ) { , }p p p p H F− + + → .             (22) 

 

 
Fig. 1. PSD estimates at os f  under motor load conditions: T T . 

25%
{ , , LT∈ }
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Fig. 2. The monolith scheme. 

 

The conceptual diagram of the partition scheme is presented in Fig. 3. The mapping units 

in the partition scheme provide partitioning of the complete motor operating load region into 

subregions, each subregion corresponding to a constant load condition. This procedure thus 

transforms the nonlinear mapping problem into linear mapping problems or mapping 

problems with a lower order of nonlinearities. The partition scheme needs motor load 

condition information as a prerequisite for the preparation of the corresponding mapping 

units.  

In our case, we partition the motor’s load operating region into four subregions, depicted 

as . We then form LDA units for each particular load subregion 

using the corresponding motor current signatures. 

100% 75% 50% 25%
{ , , ,L L L L LT T T T T= }

For analyses and performance comparisons of the fault detection schemes with LDA 

units, two different cases are considered:  

Case 1: Motor signature data set is treated as one whole training data set, where 

. DataSet ={Training Set} ={Test Set}D

Case 2: Motor signature data set is separated into two sets: training and test, where 

and {TDataSet  ={Training Set} {Test Set}∪D raining Set} {Test Set}=∩ ∅ . 

In this work, experimental motor data are collected such that they fall into two main 

groups: healthy state and faulty state of the motor (with one broken rotor bar). Training 

process for the two cases consists of computing the coefficients of the linear discriminant 

functions. Detailed information about the general principles of LDA is presented in Section 

II. 
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Fig. 3. The partition scheme. 

 
 

In order to compare the fault detection performances of single signature and multiple 

signature processing, we have applied LDA to each of the four signatures individually for 

both Case 1 and Case 2.   

In analyzing fault detection performances of the two detection schemes, we will use 

statistical hypothesis testing, Type I error,α , and Type II error, β . The definitions of Type I 

and Type II error are depicted in Table II. Hypothesis testing is one of the most common 

aspects in statistical inference. An experimenter first determines a hypothesis about a 

population parameter. This hypothesis is termed as ‘null hypothesis’ and is depicted with the 

notation . The term ‘population’ is used to indicate that the population is composed of an 

entire set of objects or observations that have something in common. In our case for example, 

healthy and faulty motor data are two different populations. The aim of hypothesis testing is 

to test the applicability of the null hypothesis in the knowledge of experimental data. If the 

null hypothesis is rejected while it is actually true, this error is termed as Type I error, 

0H

α . In 

a similar way, if the null hypothesis fails to be rejected while it is actually false, this error is 

termed as Type II error, β . We use a hypothesis test to analyze the fault detection 

performances of the investigated monolith and partition schemes with LDA. The null 

hypothesis, , in our case is stated as: 0H

0H : Incoming motor signature test data correspond to healthy state of the motor. 
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Table II. Type-I and Type-II error definitions. 
  Decision 0H is true 0H is false 
Reject 0H  Type I error Correct 
Do not 

reject 0H  
Correct Type II error 

 

 

Type I error, α , will then correspond to the ratio of the healthy motor data, which are 

classified as faulty according to LDA, to the total number of motor data. Likewise, Type II 

error, β , will correspond to the ratio of the faulty motor data, which are classified as 

healthy, to the total number of motor data. Apparently, Type II error has more severe 

consequences than Type I error in engineering applications. For example, in a motor 

manufacturing company, Type II error causes labeling faulty motors as healthy motors and 

shipment of these faulty motors to the consumers. With Type I error, on the other hand, 

healthy motors are labeled as faulty; however, a further analysis of these motors helps to 

identify and fix the problem without affecting any consumers.  

We will use the term ‘Correct Detection Rate’, CDR, in our analyses, which is 
mathematically expressed in (23): 

CDR (1 )α β= − − .               (23) 

Table III and Table IV depict the CDRs of each single signature under Case 1 and Case 2 

together with Type I and Type II error measures. These tables indicate that CDRs change 

significantly according to each individual signature. Among these signatures, (1  has 

the highest CDR, while the other three signatures have lower CDRs. The seventh to ninth 

rows of Table IV simply sums CDRs and Type I-II errors of training and test data sets. We 

have then considered four of the signatures together and applied the monolith and partition 

schemes. 

4 ) os f−

Table III. CDRs of single frequency components under Case 1. 
 Correct Detection Rate (CDR) 
 (1 2 ) os f−  (1 2 ) os f+  (1 4 ) os f−  (1 4 ) os f+  
CDR 132/160 

=82.5% 
150/160 

=93.75% 
152/160 
=95.0% 

117/160 
=73.12% 

Type I Error 10/160 
=6.25% 

2/160 
=1.25% 

1/160 
=0.63% 

21/160 
=13.13% 

Type II Error 18/160 
=11.25% 

8/160 
=5.00% 

7/160 
=4.37% 

22/160 
=13.75% 
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Table IV. CDRs of single frequency components under Case 2. 
 Correct Detection Rate (CDR) 
 (1 2 ) os f−  (1 2 ) os f+  (1 4 ) os f−  (1 4 ) os f+  

CDR (Training) 72/80=90.00% 76/80=95.00% 75/80=93.75% 57/80=71.25% 
Type I Error (Training) 4/80=5.00% 1/80=1.25% 1/80=1.25% 10/80=12.5% 
Type II Error (Training) 4/80=5.00% 3/80=3.75% 4/80=5.00% 13/80=16.25% 

CDR (Test) 61/80=76.25% 75/80=93.75% 77/80=96.25% 61/80=76.25% 
Type I Error (Test) 4/80=5.00% 0/80=0.0% 0/80=0.0% 10/80=12.5% 
Type II Error (Test) 15/80=18.75% 5/80=6.25% 3/80=3.75% 9/80=11.25% 

CDR (Training+Test) 133/160=83.13% 151/160=94.38% 152/160=95.0% 118/160=73.75% 
Type I Error 

(Training+Test) 
8/160=5.00% 1/160=0.63% 1/160=0.63% 20/160=12.5% 

Type II Error 
(Training+Test) 

19/160=11.87% 8/160=5.00% 7/160=4.37% 22/160=13.75% 

 
Table V depicts the CDR of LDA for the two schemes under Case 1 together with Type I 

and Type II error measures. Note that LDA’s correct detection performance improves with 

the partition scheme. It is also observed that CDRs in both schemes are higher than any of 

the single signature’s CDRs given in Tables III and IV. 
Table V. CDRs with monolith and partition scheme under Case 1. 

 Correct Detection Rate (CDR) 
 Monolith Scheme Partition Scheme 
CDR  153/160=95.63% 159/160=99.38% 
Type I Error  1/160 = 0.63% 0/160=0.0% 
Type II Error  6/160 = 3.75% 1/160=0.63% 

 
The bar chart depicted in Fig. 4 presents the CDRs of both single signature processing 

and multiple signature processing for the two schemes under Case 1. This bar chart affirms 

that multiple signature processing is more efficient in broken rotor bar fault detection as 

expressed mathematically in (24). 

_ _ (1 4 ) (1 2 ) (1 2 ) (1 4 )CDR CDR >CDR CDR CDR CDR
o o oLDA partition LDA monolith s f s f s f s f− + −> > >

o+>  (24) 
 

 
Fig. 4. CDRs with single signature processing and multiple signature processing under Case 1. 
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Similarly, Table VI depicts the CDRs and Type I-II errors of LDA for the two schemes 

under Case 2. In Case 2, since we have separated the data into training and test sets, we have 

included the sum of training and test data sets’ CDRs, in addition to each set’s separate CDR. 

There is a considerable improvement examined in the CDR with the partition scheme. In 

addition, these CDRs are higher than any of the single signature’s CDRs that are depicted in 

Table III and Table IV with the exception of one equal case. 

 
Table VI. CDRs with monolith and partition schemes under Case 2. 

 Correct Detection Rate (CDR) 
 Monolith Scheme Partition Scheme 

CDR (Training) 76/80=95.00 % 80/80=100.0 % 
Type I Error 1/80=1.25% 0/80=0.0% 
Type II Error 3/80=3.75% 0/80=0.0% 
CDR (Test) 76/80=95.00 % 78/80=97.50% 
Type I Error  0/80=0.0% 1/80=1.25% 
Type II Error 4/80=5.0% 1/80=1.25% 
CDR (Total) 152/160=95.00% 158/160=98.75% 
Type I Error  1/160=0.63% 1/160=0.63% 
Type II Error 7/160=4.37% 1/160=0.63% 

 
 

The partition scheme has provided a way to cope with the nonlinearities in the mapping 

process and demonstrates an improved correct detection performance with LDA. Partitioning 

the initial mapping space of the fault detection problem with respect to one of its input 

variables into smaller disjoint subregions and introducing sub-mapping units, for each of 

these small subregions provide an increase in the correct detection performance. 

The 3-D bar chart depicted in Fig. 5 presents the CDRs of both the single signature and 

multiple signature processing for the two schemes under Case 2. This bar chart clearly 

indicates that the multiple signature processing is advantageous to the single signature 

processing and is mathematically expressed in (25). It can be also noticed that CDR is 

improved with the partition scheme. 

 

_ _ (1 4 ) (1 2 ) (1 2 ) (1 4 )CDR CDR CDR CDR CDR CDR
o o o oLDA partition LDA monolith s f s f s f s f− + − +> = > > > . (25) 

 61



 
Fig. 5. CDRs with single signature processing and multiple signature processing  under Case 2. 

 

In this section, we have investigated two multiple signature processing based fault 

detection schemes for broken rotor bar in induction motors. The investigated fault detection 

schemes can be adapted to more than one broken rotor bar faults. In addition, the 

methodology has the appropriate structural formation to be applied to other severe induction 

motor faults, such as stator winding and bearing faults, where there exist multiple signatures 

within the induction motor that can be utilized in the decision process.  

In the monolith and partition schemes, we have applied LDA in the detection units. 

However, we believe that other methodologies other than LDA can also be applied to the 

detection units in order to increase the correct detection performance. Among these 

methodologies, Artificial Neural Networks (ANN) is perhaps the first methodology that 

comes to mind. ANN, because of its nonlinear mapping capability, is thought to surmount the 

nonlinearities in the mapping process and provide an improved detection performance when 

compared to LDA. In the next part, we will investigate ANN’s correct detection 

performance.   
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A. ANN (Artificial Neural Networks) detector units 

We have investigated using ANN detector units in the monolith and partition schemes. In 

the trials for finding proper ANN structures for both monolith and partition schemes, it is 

observed that there is a substantial range of ANN structures that can be selected among, 

which provide efficient and satisfactory performance. We have selected an ANN (5-10-1) 

structure for the large-scale unit in the monolith scheme and an ANN (4-5-1) structure to 

represent the small-scale units for each particular load condition in the partition scheme. In 

selection of these structures, we have taken into consideration that we have a larger number 

of units in the hidden layer than the input layer. The LM (Levenberg-Marquardt) training 

algorithm is used in both schemes. 

In Case 1, we have stopped training if the network training error reaches a pre-set value, 

which in our case is set to 1e-5. In Case 2, we considered the same ANN structures but 

applied a different training stop technique, known as “cross validation”. Setting a fixed 

training error value to stop the training process may cause overtraining. Cross validation is a 

method to prevent overtraining. According to this technique, data are divided into two 

disjoint sets: The first data set is the training set, which is used for computing and updating 

the neural network weights and biases and the second set is used as the validation set [3].  

We will also use the term “test set” as the “validation set” in our analyses. The error on 

the validation set is checked throughout the training process. It can be anticipated that the 

error in the validation set decreases during the initial steps of the training, just as the error in 

the training set. However, when the network begins to overfit the data in the training set, the 

error for the validation set begins to rise. When the validation error increases for a specified 

number of steps, the training is stopped to avoid overtraining, and the most recent weights 

and the biases are used as the neural network parameters [3]. Fig. 6 illustrates the principle of 

the cross validation technique. In this figure, it can be seen that training stops at the 12th 

epoch, since the validation error corresponding to the validation set or test data set does not 

decrease, but slightly increases for some consecutive steps, while training error continually 

decreases. 

Table VII depicts the CDR for the two schemes under Case 1 together with Type I and 

Type II error measures with respect to ANN units. Fig. 7 presents the CDRs of both single 
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signature processing and multiple signature processing applied with LDA and ANN for the 

two schemes under Case 1. Table VIII depicts the CDRs and Type I-II errors of ANN for the 

two schemes under Case 2.  

 
Fig. 6. Training and validation error curves with cross validation technique. 

 
Table VII. CDRs with monolith and partition schemes under Case 1 for ANN. 

 Correct Detection Rate (CDR) 
 Monolith Scheme Partition Scheme 
CDR (ANN) 160/160=100.0 % 160/160=100.0 % 
Type I Error (ANN) 0/160=0.0% 0/160=0.0% 
Type II Error (ANN) 0/160=0.0% 0/160=0.0% 
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Fig. 7. CDRs with single signature processing and multiple signature processing under Case 1. 

 

The partition scheme has provided an improved correct detection performance both in 

LDA and ANN. However, a significant performance increase is observed in LDA rather than 
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ANN. This is because ANN has already given satisfactory response in the monolith scheme 

because of its nonlinear mapping and universal approximation capability. The partition 

scheme thus provides a way to cope with the nonlinearities in the mapping process especially 

for LDA. Partitioning the initial mapping space of the fault detection problem with respect to 

one of its input variables into smaller disjoint subregions and introducing sub-mapping units, 

either ANN or LDA, for each of these small subregions provide an increase in the correct 

detection performance. 
 

Table VIII. CDRs with monolith and partition schemes under Case2 for ANN units. 
 Correct Detection Rate (CDR) 
 Monolith Scheme Partition Scheme 
CDR( ANN, Tr)  80/80=100.00% 80/80=100.0 % 
Type I (ANN - Total) 0/80=0.0% 0/80=0.0% 
Type II (ANN - Total) 0/80=0.0% 0/80=0.0% 
CDR (ANN, Test) 78/80=97.50% 80/80=100.0% 
Type I (ANN – Test) 2/80=2.5% 0/80=0.0% 
Type II (ANN - Test) 0/80=0.0% 0/80=0.0% 
CDR (ANN Tr +Test) 158/160=98.75% 160/160=100.0% 
TypeI (ANN Tr + Test) 2/160=1.25% 0/160=0.0% 
TypeII (ANN Tr+Test) 0/160=0.0% 0/160=0.0% 

 

IV. CONCLUSION 
Multiple signature processing for broken rotor bar fault detection is considered to be 

more reliable and effective than single signature processing because of the possibility of the 

obscuring effects that can overlap the significance of the one and only inspected signature. 

LDA and ANN provide suitable environments to process multiple signatures for broken rotor 

bar fault detection. In this section, we have demonstrated that multiple signature processing 

provides better accuracy with respect to fault detection performance when compared to 

single signature processing. In addition to this, we have investigated two fault detection 

schemes for broken rotor bar fault detection with multiple signature processing feature: the 

monolith and the partition schemes. Experimental results show that with the partition 

scheme, correct detection performance of LDA improves. The partition scheme reduces the 

dimension of the initial mapping space by partitioning it into smaller disjoint subregions and 

introduces sub-mapping units for each particular subregion. This, at the end, provides a better 

discrimination of broken rotor bar fault from the healthy state of the motor. 
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CHAPTER V 
 

A Comparison of Two Methods of Linguistic Rule Generation  

for Broken Rotor Bar Detection 
 

 

 

Abstract 

A superior classification performance with a black-box type of classifier, but without 

understanding the characteristics of the process of interest, is not feasible for some 

engineering applications. These methods do not provide heuristics about the process. This 

makes it difficult to make some adjustments in their structure to adapt them to new 

conditions. In this chapter, two methods of linguistic fuzzy rule generation for broken rotor 

bar detection problem are investigated. The first rule generation method is named “H-ROC”, 

since it is based on histogram analysis and a weighted cost function based on ROC (Receiver 

Operating Characteristics) curve analysis. H-ROC method consists of a set of steps that an 

expert might do for fuzzy rule and membership function design. The second method is an 

extension of “Chiu’s fuzzy classification rule extraction method”, which is adapted to broken 

rotor bar detection. This method initializes the membership function parameters using a 

clustering technique and fine-tunes the parameters with a gradient descent based technique.  

Both the two methods provide linguistic fuzzy if-then rules that are easy to understand 

interpret and transfer to other information domains if necessary. The sensitivity analysis of 

the two methods to measurement noise has been conducted. 

Keywords: Fuzzy expert system, fuzzy rule generation, Receiver Operating Characteristics 

(ROC), broken rotor bar, induction motor 

 

I. Introduction 

Induction motors have dominated in the field of electromechanical energy conversion, 

being 80% of the motors in use [1]. The applications of induction motors are widespread. 

Some induction motors are key elements in assuring the continuity of the process and 
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production chains of many industries. Induction motors are also often used in critical 

applications such as nuclear plants, aerospace, and military applications, where the reliability 

must be of high standards.   

Induction motors often operate in hostile environments such as corrosive and dusty 

places. They are also exposed to a variety of undesirable conditions and situations such as 

misoperations. These unwanted conditions can cause the induction motor to go into a 

premature failure period, which may result in an unserviceable condition of the motor, if not 

detected at its early stages of the failure period [2]-[3]. The early detection of the incipient 

motor fault is thus of great concern. Rotor failures are among these failures, and they account 

for 5-10% of total induction motor failures [4]. Broken rotor bar is one of the reasons that 

results in rotor failures. Several monitoring techniques have been developed for broken rotor 

bar fault detection, most of which are based on motor current signature analysis (MCSA). In 

recent years, several advanced signal processing techniques such as High Resolution Spectral 

Analysis, Higher Order Statistics, and Wavelet Analysis have been applied to extract features 

to detect broken rotor bar and other motor faults [1]. The use of multiple signature processing 

with Discriminant Analysis (DA) and Artificial Neural Networks (ANN) has been 

investigated to improve the broken rotor bar detection performance in [5].  

A superior classification performance with a sophisticated black-box type of classifier is 

not feasible for some safety critical medical and industrial applications. The use of these 

methods can be risky. In broken rotor bar detection problem for example, suppose that the 

detection system, which continuously monitors the motor’s condition, is structured upon one 

of these sophisticated classifiers, and is trained using only the healthy and up to a limited 

number of broken bar condition of the motor. For motor conditions, which have not been 

learned during training, the classifier is more likely to yield inaccurate decisions. Moreover, 

even if it has detected the anomaly; it becomes a more challenging problem to integrate these 

new conditions into the existing system. Thus, an emerging research field is to design 

decision systems that contain heuristics in the form of linguistic rules [6-7]. The objectives of 

these decision systems are not only to provide an efficient classification performance but also 

to provide information and insights about the dynamics of the process, which will allow 

humans to understand the process and intervene to make proper adjustments if necessary. 
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In the quest for designing such systems with these objectives, expert analysis has been 

generally used to produce fuzzy models [8-12] and guide the system toward a reasonable 

solution in an efficient manner. In most of the fuzzy expert system designs, it is generally 

seen that the expert’s intuition and knowledge leads to the determination of the shape of the 

membership functions rather than following a systematic approach. For example, in [13], 

experts from the related field were requested to determine each classification of the fuzzy 

sets. In other related works [14], it is observed that more systematic approaches are 

conducted. These approaches relate to defining the maximum and minimum allowable ranges 

for the fuzzy sets and selecting membership functions according to these determined ranges.  

As the problem complexity increases, it becomes a more challenging problem to extract 

rules by a heuristic analysis of the system of interest. The difficulties in constructing heuristic 

rules have resulted in the emergence of many research efforts for the development of 

automatic rule and membership function extraction methods from numerical data [11]. It has 

to be noted that there are no guidelines available to choose an appropriate rule and 

membership function generation technique [15]. One of the reasons that make rule and 

membership function a non-trivial task is believed to result from the different interpretations 

of the fuzzy membership function [15]. 

As being alternatives to the expert systems, data-driven fuzzy rule generation methods 

seek to optimize some numerical objective function. There is a variety of technologies that 

are applied for rule extraction. Evolutionary programming and genetic algorithms are among 

them [16-18]. In order to construct fuzzy models using these technologies, a population 

consisting of multiple rule bases is created and the members of the population are evaluated 

relative to some measure of fitness [19]. A subset of the population is selected for 

reproduction in order to improve the fitness of the rule bases by retaining the more desirable 

members of the population while eliminating the less desirable ones [19].  

Neurofuzzy system modeling [20], [47] has also attracted a lot of attention. There are two 

major phases in neurofuzzy system modeling: structure identification and parameter 

identification. In the structure identification phase, fuzzy rules are discovered from the input-

output data set. In the parameter identification phase, on the other hand, fuzzy rules are 

generally tuned by learning algorithms of neural networks [20]. 
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In [21]-[23], regarding the structure identification part, multiple subspaces are obtained 

by partitioning the input space and defining rules for each of the multiple subspaces. The 

most common way to partition the input space is grid partitioning, where each grid represents 

a fuzzy rule. The major concern with these approaches is that the number of rules increases 

exponentially as the dimension of the input space increases, and the number of rules can even 

reach to tremendous values that cause high computational burden. Thawonmas and Abe [24] 

proposed a fuzzy rule generation method from a set of training patterns. According to this 

method, a hyperbox is introduced by computing the minimum and maximum values of each 

input variable, followed by the definition of the fuzzy rules for the defined hyperboxes. 

Bezdek et al. [25] proposed the fuzzy c-means algorithm to produce a fuzzy partition for a 

given dataset. Yager and Filev [26] proposed a grid-based mountain clustering method. Sin 

and deFigueiredo [27] applied the fuzzy k-means algorithm to find the centers and patches of 

clusters. Lin et al. [28] proposed to cut each dimension of the input space into two parts 

iteratively to obtain fuzzy partitions. Yen et al. [29] proposed to reduce the number of fuzzy 

rules by evaluating their degrees of importance using singular value decomposition (SVD). 

In [30], k-means clustering and a nearest-neighbor heuristic are used to determine the 

parameters of the fuzzy membership functions. In [31], Wang and Lee, proposed mapping-

constrained agglomerative (MCA) clustering algorithm and used the center and variance 

information of each cluster for the construction of an initial SANFIS structure. In [32], Chiu 

partitioned the input space by subtractive clustering, and used the generated clusters to 

represent the fuzzy rules.    

Regarding the parameter identification phase, the extracted fuzzy rules’ parameters are 

generally tuned by neural networks learning algorithms for the purpose of higher precision. 

Backpropagation is the most extensively used technique for learning in many systems [32], 

[33], [34]. Different methods of least squares estimation (LSE) [35] have also been proposed 

as alternative approaches to backpropogation. Pseudoinverse techniques have been applied 

by many researchers [36]-[38] to obtain optimal solutions for LSE.  

In this chapter, two methods for designing rules and membership functions for broken 

rotor bar detection problem are introduced. The first method is named “H-ROC”, since it is 

based on histogram analysis and a weighted cost function based on ROC (Receiver Operating 

Characteristics) curve analysis. H-ROC method is believed to imitate an expert type of 
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thinking in designing fuzzy rules and membership functions. The second method is an 

extension of Chiu’s fuzzy classification rule extraction method [32], which is adapted to 

broken rotor bar detection. The method initializes the membership function parameters using 

a clustering technique and fine-tunes the parameters with a gradient descent based technique. 

Two studies with respect to using expert approaches for broken rotor bar detection have been 

found in literature, [39-40]. In [39], Leith and Rankin proposed an Expert System (ES) 

knowledge base for on-line diagnosis of rotor electrical faults of induction motors. The 

expert system starts its operation by asking for general information such as the motor 

nameplate data, and continues by asking for more specific details in order to calculate the 

frequency positions of possible sideband components in the spectra. Following the 

computation of the sideband frequency locations, it requires the user to confirm whether such 

peaks exist or not. The Expert System ends its job by reporting whether or not a rotor fault 

exists. In [40], Filipetti et.al. have used diagnostic indexes in their proposed expert system, 

which are related to distinguishing faulty events from healthy events due to unavoidable 

manufacturing asymmetries. They have used a simplified model of faulted rotor to generate a 

database. The database consists of ˆ /I I  values at different motor slip values, where Î  

corresponds to the current spectrum amplitude at the first lower sideband, and I corresponds 

to the current spectrum amplitude at the main line frequency. This rate is compared with a 

threshold in order to decide about the condition of the rotor. There is another work [41], 

which is based on linguistic fuzzy if-then rules for detecting voltage unbalance and open 

phase faults in induction motors. Regarding this work, the authors have stated that they have 

constructed the fuzzy rules and membership functions by observing the data set [41].  

The developed H-ROC method is efficient in computation, and does not contain an 

optimization algorithm. A weighted cost function based on ROC curve analysis and 

histogram analysis with overlapping histogram bins are used to design the fuzzy membership 

functions. The extended Chiu’s method is easy to use, simple and practical to apply [42], 

which makes it a proper selection for broken rotor bar detection. The error cost function in 

the extended method is a competitive learning type, and it is based on incremental learning 

rather than batch learning. With an error cost function based on incremental learning, it is 

believed to have more resemblance to the way human beings actually learn [67]. This error 

cost function has also been used in [43]. The extended method consists of two parts. The first 
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part relates to fuzzy membership function parameter initialization, and the second part 

corresponds to parameter fine-tuning.  

Both the two methods generate linguistic fuzzy if-then rules, which contain heuristics 

about the broken rotor bar detection process; and it is highly likely that they might enable 

easy intervention by the experts in case of a need to adjust the rules and corresponding 

membership functions for new conditions, which could definitely be a future research topic.  

This chapter is organized as follows: Section II provides information about the features 

used in the two methods. Section III and Section IV introduce the H-ROC and extended 

Chiu’s methods for fuzzy rule and membership function design, respectively. Section V 

presents the approach for generating motor current data at different SNR (signal-to-noise 

ratio) levels that are going to be used in correct detection performance and sensitivity 

analyses of the two methods. Section VI and Section VII illustrate the correct detection 

performance and sensitivity analyses, respectively. Section VIII presents the concluding 

comments. 

 

II. Features used in the H-ROC and extended methods 

The difference in dB (decibel) between the spectrum amplitude of the main line frequency 

and the lower and upper sidebands are determined as two separate features in this work [44]. 

Suppose MS  is the spectrum amplitude at the main line frequency, and S ,  are the 

spectrum amplitudes at the lower and upper sideband, respectively. The two extracted 

features, Feature1 and Feature2, for broken rotor bar detection, are mathematically expressed 

in (1). 

L US

Feature1 = ,
Feature2 = .

M L

M U

S S
S S

−
−

     (1) 

 

In computing the spectrum amplitudes of the lower and upper sidebands, the motor speed 

information is used to determine the two sidebands’ frequencies. Following the determination 

of the sidebands, the spectrum amplitudes of the motor current data, which are collected at 10 

kHz, are computed by the DTFT method with Hanning window. These values are then 

assigned to  and , respectively.  LS US
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III. The H-ROC method 

We have developed a fuzzy rule generation method for broken rotor bar detection, which 

is based on histogram analysis and a weighted cost function based on ROC curve analysis. 

Because of the utilized techniques, we have named the method “H-ROC”. The H-ROC 

method aims to project an expert’s thinking to fuzzy rule and membership function design.  

The investigated broken rotor bar detection problem is identified as a two-class/two-rule 

problem with two features that are related to motor current spectrum sideband information. 

The investigation of multiple classes with multiple features is left as a future research topic. 

The two classes are the healthy and the broken rotor bar condition of the motor, respectively. 

A sample feature distribution with respect to the two classes is shown in Fig. 1. The fuzzy 

rules in a fuzzy inference system (FIS) consist of membership functions which represent the 

fuzzy sets in the corresponding universe of discourse. The number of universes of discourse 

is equal to the number of identified features; thus, there are two universes of discourse: the 

universe of discourse regarding the lower sideband related feature, “Feature1”, and the 

universe of discourse regarding the upper sideband related feature, “Feature 2”. In each 

universe of discourse, there are two fuzzy sets that represent the two conditions of the 

features: Low (spectrum difference between sideband and main line is low) and High 

(spectrum difference between sideband and main line is high). Thus, the number of 

membership functions is two in each of the universe of discourses.  

 
Fig. 1. A sample feature distribution of the two classes from the investigated problem (SNR: 24).  
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In the H-ROC method, we will denote a fuzzy rule in the corresponding FAM (Fuzzy 

Associative Memory) table as: 
1

1 (Rule ):  IF (  is ) AND ... (  is ) THEN ("motor is in condition ?")n
k i k i knR k x A x A ,  (2) 

where j
ix  corresponds to the jth input feature, (j=1,…,n), of the ith data sample, x , where 

 and N  corresponds to the number of data samples, and n denotes the number of 

features, n=2. In (2), 

i

1,i = ..., N

kjA  is the fuzzy subset defined on the universe of discourse of the jth 

input feature, where k  and K is the total number of rules. In this work, since the 

case of one rule for each class (motor condition) is investigated only, there are two rules, 

. The question mark in (2) indicates the condition of the motor: healthy or the broken 

rotor bar condition. Each fuzzy subset, , has a corresponding membership function that is 

mathematically denoted by 

1,...,

(
kj

K=

2K =

kjA

)j
A ixµ . Suppose Rule 1, (k=1), relates to the broken rotor bar 

condition of the motor, and Rule 2 (k=2), corresponds to the healthy condition, and 
11Aµ is the 

membership function that relates to the “Low” fuzzy set, , and 11A
12Aµ  is the membership 

function that corresponds to the “High” fuzzy set in the universe of discourse of Feature1, 

. Similarly, 12A
21Aµ and 

22Aµ are the membership functions that correspond to the two fuzzy 

sets, with respect to the universe discourse of Feature2. The problem consists of finding the 

parameters of the membership functions and the corresponding FAM rule table. The resultant 

FAM table is supposed to look like the one depicted in , and the linguistic rules 

generated by the H-ROC method will have the forms that are shown in Table II. 

Table I

Table I. FAM table for broken rotor bar detection. 

Feature1/ Feature2 12A (Low) 22A (High) 

11A (Low) Broken bar  

21A (High)  No broken bar 
 

 

Table II. Linguistic rules for broken rotor bar detection. 

1

2

 (Rule 1):  IF (Feature1 is Low) AND (Feature2 is Low) THEN ("motor has broken bar")
 (Rule 2):  IF (Feature1 is High) AND (Feature2 is High) THEN ("motor is OK")

R
R
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In this work, the intersection point of the two membership functions will be called the 

“primary threshold value” [45], and the points where the grades of membership start to 

decline from 1 (highest membership grade) will be called the “first (or last) core point” [46]. 

The core of a membership function represents the section where the membership grade is 1 

[46]. Thus, the first and the last core points determine the boundary points of the core in a 

membership function. The ordering of the first and last core points is done according to the 

magnitudes of the corresponding points in the universe of discourse, that is, the last core 

point comes after the first core point [46]. The primary threshold value and the first and last 

core points of two intersecting membership functions in the universe discourse of one of the 

features are illustrated in Fig. 2. 

Fig. 2 illustrates the one-sided Gaussian membership functions that will be determined by 

the H-ROC method for the broken rotor bar detection problem. The H-ROC method 

determines the primary threshold values using a weighted cost function based on ROC curve 

analysis and determines the first (or last) core point using histogram analysis with 

overlapping histogram bins.  

 
Fig. 2. Illustration of the membership functions, PRI, and the first (or last) core points of the investigated 

problem.  
  
A. Primary Threshold Value (PRI) estimation by ROC curve analysis of H-ROC method 

A ROC curve is a graphical representation of the trade-off between the probability of 

detection versus probability of false alarm rate for every possible primary threshold value. 

 introduces a 2x2 contingency table of the actual type of a detection event with Table III
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respect to the classification. The hit rate and false alarm rate are mathematically expressed in 

(3) and (4), respectively.  
Table III. 2x2 contingency table. 

  Standard 
  Anomaly Normal 

Anomaly True Positive False Positive Test 
Normal False Negative True Negative 

 

True positiveHit rate = 
True positive + False negative

,    (3) 

False positiveFalse alarm rate = 
False positive + True negative

,    (4) 

 
A sample ROC curve is depicted in Fig. 3. In a ROC curve, generally, x-axis is used for 

the false alarm rate, and y-axis is used for the hit rate. The quantification of the performance 

of a classification method is generally done by computing the area under the ROC curve. The 

ideal case is that the area under the ROC curve (AUC) is 1, indicating 100% hit rate while 

0% false alarm rate. This is the case, where the two classes are fully separable. If the area is 

close to 0.5, it means that the test is useless since the test is no better than flipping a coin. If 

the ROC curve climbs rapidly towards upper left corner of the graph, it means that the hit 

rate is high while false alarm rate is low. On the other hand, if the ROC curve follows a 

diagonal path from the lower left hand corner to the upper right hand corner, this indicates 

that every improvement in the hit rate is compensated by a corresponding increase in the 

false alarm rate. In general, the closer the AUC is to 1, the better the test is, and the closer the 

AUC to 0.5, the worse the test is.  

 
Fig. 3. A sample ROC curve. 
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The ROC curve analysis is generally applied to evaluate how a classification method 

differs from another method with respect to the hit rate and false alarm rate performance 

measures. Another use of the ROC curve analysis is for selecting the best points in 

determining the threshold values, which are going to be used in the decision process with 

respect to the two-class problems. In ROC curve analysis terminology, the term cut-off point 

is generally used to denote these points [59-63]. The “medical diagnosis” and “biomedical 

engineering” fields widely use this type of methodology. Two types of approaches have been 

observed with the ROC curve analysis based cut-off point estimation. In the first approach, 

the ROC curve has been constructed, and the best cut-off points are estimated with the 

utilization of the constructed ROC curves by experts. That is, the expert makes the final 

decision about the cut-off points. The works in [59-60] use this type of approach. The second 

approach is based on a more systematic approach. According to this approach, the Youden 

index [61] is used. The Youden index, J , is mathematically defined as: 

. According to this approach, the Youden indices are 

computed using the ROC curve with respect to each cut-off point. The one, which maximizes 

, is determined as the best cut-off point. In the literature, there are a number of 

applications, which utilize ROC curve and the Youden index to find the best cut-off points 

[62-63]. 

y

 = Hit rate - False alarm rateyJ

yJ

From the conducted literature survey, it is seen that, regarding the Fuzzy Systems, the 

ROC curve analysis is mostly used as a diagnostic measure to compare the accuracies of the 

Fuzzy Systems based methods with other existing methods in order to provide a quantitative 

basis for performance comparison purposes but no reported work is found, which 

investigates the ROC curve analysis, for fuzzy membership function design. 
 

A.1.Weighted cost function based on ROC curve analysis to estimate PRI 

In the following, we will introduce the weighted cost function that we have used in 

estimating the PRI points of the membership functions. Suppose ( , )i if h  are the points that 

form the ROC curve, where if  is the false alarm rate,  is the hit rate, , and ih 1,...,i ∗N= N ∗  is 

the total number of points that form the ROC curve. Suppose the optimal hit rate and false 

alarm rates are denoted by ( , )f h∗ ∗  and the cost function for determining the optimal hit rate, 
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false alarm rate and the corresponding cut-off point is expressed mathematically in (5) with 

two constraints,  and , where T  is the minimum allowable hit rate, and T  

is the maximum allowable false alarm rate.  

hrTh∗ ≥

1 2 1w w+ =

farTf ∗ ≤ hr

= −

far

∗

, )i i

1 2 0.5

h

2w

1w

0.55

j
c

2
1 2(1 ) ( )iJ w h w f+ 2

i .    (5) 

In (5),  is the weight representing the relative effect of the hit rate on the cost function, 

 is the weight corresponding to the relative effect of the false alarm rate on the cost 

function, and . The objective is to find (

1w

2w

, )f h∗ ∗

hrT≥

 that minimizes the cost function in 

(5), with respect to the two given constraints, h  and . When the weights are 

equally selected, w w , the cost function becomes the squared Euclidian distance 

computation between two points, the point (

farTf ∗ ≤

= =

f  and (0,1), where (0,1) is the ideal point on 

the ROC curve, which is 100% hit rate and 0% false alarm rate.  

Setting different weight values changes the relative effects of the hit rate and false alarm 

rate on the cost function. If having higher hit rates is favored to having lower false alarm 

rates, one can consider the case, where w . On the other hand, if lower false alarm rate 

is favored to higher hit rates, then  should be selected lower than , . In this work, 

the membership functions are designed considering equal weighting, w , with the 

constraints,  meaning 55% minimum allowable hit rate and , meaning 

45% maximum allowable false alarm rate. A low hit rate and a high false alarm rate 

constraint is selected because in the sensitivity analysis at high noise the hit and false alarm 

rates are observed to have values within these ranges.    

1 >

2w 1w w<

1 =

0.45f ∗ ≤

2

2w

h∗ ≥

The cost function in (5) is computed for all the points on the ROC curve (which satisfy 

the two constraints), and the point that gives the minimum cost function value is determined 

as ( , )f h∗ ∗ . Suppose T  is the cut-off point on the universe of discourse of the thj  feature. If 

there is more than one cut-off point, the average of the maximum and the minimum cut-off 

points is set as the finalized value for the PRI value of the intersecting membership functions.  

The pseudo-code to determine the primary threshold value (PRI) is introduced in the 

following.   

 

 78



 

1. Set the weights and constraint values. , T , ,  1 2,w w hr farT
2. Compute the cost function value according to (5) for ( , )i if h  values on the ROC curve, 

which satisfy the constraints regarding  and find the point  ( ,hr, farT T )f h∗ ∗  that provides 
the minimum value,  

3. Find the corresponding cut-off  points with respect to the point ( , )f h∗ ∗ , 
4. If more than one cut-off point exists, find the minimum and maximum of the cut-off points 

(which satisfy ,f h∗ ∗ ) and average them to find the finalized cut-off point. 
5. Set the finalized cut-off point as the PRI of the intersecting membership function for the 

corresponding feature. 
 

B. First (or last) core point estimation  

First (or last) core point estimation is done by applying a histogram based analysis. In the 

histogram analysis, overlapping histogram bins approach [64] is used in order to decrease the 

sensitivity of the first (or last) core point estimation to error that can likely be caused by 

arbitrarily selected histogram bins. A demonstration of histogram computation with non-

overlapping and overlapping histogram bins is shown in Fig. 4 where there are 20 bins in 

each case. It can be observed from Fig. 4 that with the overlapping bins, a smoothed 

histogram plot is obtained.  

Regarding the overlapping histogram bins, suppose the universe of discourse of the thj  

feature is partitioned into Z overlapping bins, and the length of each bin is L. The bins are 

overlapping on each other with length ( )L S− , where S is the length of the shift between bins. 

In this work, we have used 2 dB for L, and 1 dB for S. Following the computation of the 

number of data samples that fall into each bin for healthy and faulty classes, the first (or last) 

core point, is set to the middle point of the frequency bin that has the highest frequency of 

occurrence. If there is more than one bin with the same frequency of occurrence of the same 

class, the one that is closest to the primary threshold value (PRI) is assigned. The 

membership grades of the two intersecting membership functions at PRI is set to 0.5, 

. The standard deviation parameters of the intersecting Gaussian 

membership functions are then found using the PRI value and the first (or last) core point. 

1 2
( ) ( ) 0.

j jA APRI PRIµ µ= 5=
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Fig. 4. Overlapping histogram bins approach versus non-overlapping case. 

 

C. Fuzzy inference method of H-ROC for classification 

In H-ROC, the product implication is used as the fuzzy inference method. According to 

product implication, the degree of fulfillment for rule kR  with respect to x  is denoted by i

( )k iη x , where ( )k iη x  is mathematically expressed in (6). 

1

( ) ( )
kj

n
j

k i A i
j

xη µ
=

=∏x .     (6) 

With respect to the classification decision, the rule that generates the highest fulfillment 

degree is determined, and the data sample is classified according to this rule.  

In order to illustrate the reader the weighted cost function aspect of the H-ROC method, 

we have applied H-ROC on a motor data set (full load data set with SNR value of 18) with 

varying weights w  and  in the cost function ranging from 0.1 to 0.9. According to the 

formulation of the weighted cost function when w  is larger than w , higher hit rate is 

favored to having lower false alarm rates, and when w  is larger than , lower false alarm 

rate is favored. Fig. 5 shows the hit, false alarm and correct detection rates when the H-ROC 

method is applied. From Fig. 5, it is observed that the hit and false alarm rates change in 

accordance with the determined weights of the cost function. That is when w  is lower than 

1 2w

1 2

1w2

1
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2w , lower false alarm rates are obtained but on the contrary this causes lower hit rates, and 

vice versa. With respect to the correct detection rate, higher correct detection rates are 

obtained when the weights,  and , are close to each other.  1w 2w

 
Fig. 5. Hit, false alarm and correct detection rates of the H-ROC method with varying weights in the 

cost function. 
 

IV. Extended Chiu’s fuzzy classification rule extraction method, 

We have extended Chiu’s fuzzy classification rule extraction method [42] and have 

adapted it to broken rotor bar detection. The extended method consists of two parts. The first 

part is related to the initialization of the one-sided Gaussian membership function parameters 

(center and standard deviation). The second part corresponds to the fine-tuning of the 

parameters using a gradient descent based technique. It has to be noted that the fuzzy rules in 

the extended method have the same form shown in (2) and the product implication is used as 

the fuzzy inference method. The parameter initialization part will be described first, which 

will be followed by the introduction of the parameter fine-tuning process.  
 

A. Parameter initialization   

A.1 Initialization of the first (or last) core point   

Suppose HN

H FN N+

 denotes the number of data samples that belong to healthy motor condition 

and  corresponds to the number of data samples that belong to broken rotor bar condition, 

where .  First (or last) core point of the membership functions are initialized 

FN

N=
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using a clustering based technique [42]. Suppose the two dimensions of the HN  and  data 

points are normalized between 0 and 1 such that 0 corresponds to the minimum value and 1 

corresponds to the maximum value, and the other values in between are linearly scaled, 

, , where 

FN

,i j∀ 0 1j
ix≤ ≤ j

ix  is the j’th input feature of the ith data point, and 1,...,j n= . 

Suppose a mathematical measure, H
qP , which indicates the potential of point q among HN  

points (1 Hq N≤ ≤ ) as the cluster center of the HN  data points, is defined in (7), 

1

HN

k=
∑

. F
r

N

(
1

FN

k=
∑

FN

*
kj

HN F

*
kjx *

kjσ

*
kjx *

kjσ

( )2
expH

q qP = − −x x ,     (7) k

where  denotes the Euclidian distance. Similarly, a mathematical measure, P , which 

indicates the potential of point r among N  data points (1F Fr N≤ ≤ ) as the cluster center of 

the  data points, is defined in (8), F

 
2expF

r rP = − −x x ,     (8) )k

The potential of every point in HN  and , are computed according to (7) and (8), 

respectively. The data point with the highest potential is selected as the cluster center of the 

corresponding class. After transforming to the actual values, suppose *
kjx  denotes the cluster 

center for the kth rule jth feature. x  is set as the first (or last) core point of the one-sided 

Gaussian membership function for the corresponding rule.  

 

A.2 Initialization of standard deviation parameters   

The standard deviation values of  and  data samples with respect to each feature are 

computed, and they are set to 

N

*
kjσ , where *

kjσ  stands for the standard deviation parameter of 

the one-sided Gaussian membership function with respect to the kth rule and jth feature. 

 

B. Parameter fine-tuning using gradient descent 

A gradient descent algorithm has been used to fine-tune the parameters,  and  in the 

membership functions in order to minimize the error cost function. The notations  and  

denote the center and standard deviation parameters of the one-sided Gaussian membership 
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function regarding the kth rule and jth feature. The applied error cost function [32], [42] is a 

competitive learning based cost function. The error cost function value for a data point that 

belongs to some class c as (c is either healthy or faulty condition of the motor) is 

mathematically expressed as: 

( 2
,max ,max

1 1
2 c cE η η−= − + ) ,     (9) 

where ,maxcη  is the highest degree of fulfillment among all rules that relates to class c, and 

,maxcη−  is the highest degree of fulfillment among all rules that that does not relate to class c.  

With this error cost function, membership function parameters of the rules responsible for 

,maxcη  and ,maxcη−  are adjusted [32]. The error cost function yields a value of zero if and only 

if a rule that would correctly classify the sample has degree of fulfillment 1, and all the rules 

that would misclassify the sample have degree of fulfillment, 0. The membership function 

parameters are updated according to the following gradient descent formulae: 

* *
*kj kj
kj

Ex x
x

λ ∂
← −

∂
,     (10) 

* *
*kj kj
kj

Eσ σ λ
σ
∂

← −
∂

,     (11) 

where λ  is a positive learning rate. Thus, the parameter update equations are applied to the 

two rules: the rule, which causes ,maxcη , and the rule, which causes ,maxcη− . Please refer to 

Appendix for the derivations of (11) and (12). 

According to the applied error cost function in accordance with the gradient descent 

based fine-tuning algorithm, the winner rule among the rules (the rule which correctly 

classifies the test data point) is reinforced, while the rule with the highest degree of 

fulfillment that misclassifies the test data point is penalized. The decrease in error rate is 

used as a stopping criterion in parameter fine-tuning. If the decrease in error rate has fallen 

beyond a specified threshold value, the fine-tuning process has been stopped. In this work, 

we have set the learning rateλ  to 0.001, and the decrease in error-rate criterion to stop fine-

tuning to 2e-4, since a lower learning rate and a lower decrease in error rate criterion have 

caused excessive amount of training time.   
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V. Generation of motor current data at different SNR levels for correct detection 

performance and sensitivity analysis to the measurement noise 

A SNR (Signal-to-noise ratio) estimation method based on spectrum analysis is applied to 

estimate the SNR value of experimental squirrel-cage induction motor current data provided 

by Sunchon University Lab, Korea, and utilize this information in the correct detection 

performance and sensitivity analyses of the applied H-ROC and extended methods for broken 

rotor bar detection. We have used this SNR estimation method to generate motor current data 

at 4 different SNR levels (SNR = 12, 18, 24, and 30). We will first briefly introduce the 

technical approach for the SNR estimation.  

 

A. SNR Estimation Method using Spectrum Analysis 
 
Technical Approach 

Suppose signal and noise power are denoted by P  and , respectively. The SNR 

computation is mathematically expressed in (12). 

signal noiseP

signal

noise

SNR 10log
P
P

 
= 

 
      (12) 

With the assumption that the noise is white, it can be deduced that the noise power in 

each frequency bin in the signal spectrum would have close values to each other. The 

technical approach first determines the noise floor and a corresponding threshold level in the 

signal spectrum in order to compute  and  [65].  In order to introduce these terms, a 

signal is artificially generated and noise is added to the signal with SNR=10. Fig. 6 and 

 show a portion of the noise-free and noise-added (SNR=10) signals, respectively. The 

simulated signal is composed of the addition of three sinusoids with frequencies 45, 60 and 

75 Hz and peak amplitudes 0.5, 2.0, and 0.5, respectively. The signal is generated with a 

sampling rate of 10 kHz, and has duration of 2 seconds. 

signalP noiseP

Fig. 

7
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Fig. 6. Simulated signal. 

 
Fig. 7. Simulated signal after adding noise 

(SNR=10). 
 

The DTFT spectrum method with a Hanning window is applied to compute the signal 

spectrum of the noise-added signal. Fig. 8 depicts the computed signal spectrum. From Fig. 8, 

the actual signal’s frequency components can be clearly identified in the low frequency 

region because of their high spectrum amplitudes. In the remaining frequency regions, it can 

be noticed that there is constant spectrum content (noise floor) that belongs to the noise 

embedded in the actual signal. 

The approach uses a threshold to compute noise and signal power. The spectral content 

above the determined threshold is considered as signal related harmonics, while the spectral 

content below this threshold is linked to noise. The threshold can be determined by 

examining the spectrum plot and the histogram of the spectrum amplitudes. Fig. 8 and Fig. 9 

illustrate the spectrum plot and the histogram plot of SNR10 data, respectively. It can be seen 

that a threshold in the range of [70 100] can be used to estimate the SNR value. In order to 

show the reader how the SNR estimate changes with respect to different threshold values, in 

Fig. 10, we have plotted the estimated SNR values versus different thresholds together with 

the actual SNR value. It can be seen from Fig. 10 that in this threshold range, the accuracy of 

the SNR estimate changes between +6.00% and -4.00%.   
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Fig. 8. Spectrum of the simulated signal with noise 

added (SNR=10). 

 
Fig. 9. Histogram plot of the simulated signal 

(SNR=10) to determine the threshold. 
 

 
Fig. 10. Estimated SNR values under different thresholds. 

 

We have done the same analysis for another simulated signal at SNR30.  and 

 illustrate the spectrum plot and the histogram plot of SNR30 data, respectively. From the 

spectrum and histogram plots, it can be seen that a threshold in the range of [6 12] can be a 

reasonable threshold selection to estimate SNR. We have plotted the estimated SNR values in 

this threshold range in Fig. 13. It can be seen from Fig. 13 that in this threshold range, the 

accuracy of the SNR estimate changes between +3.67% and -1.00%. 

Fig. 11 Fig. 

12
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Fig. 11. Spectrum of the simulated signal with noise 

added (SNR=30). 

 
Fig. 12. Histogram plot of the simulated signal 

(SNR=30) to determine the threshold. 
 

 
Fig. 13. Estimated SNR values under different thresholds. 

 

B. Results with actual motor data (Sunchon University Lab, Korea) 

The simulation data results have indicated that the SNR estimation method provides 

accurate SNR estimates even in considerably wide threshold ranges. In this part, the 

experimental motor data (the SNR value is not known) is used to estimate the SNR value.  

 shows the signal spectrum of a phase-a motor current data with Hanning window, 

which is collected with a sampling rate of 10 kHz, and has duration of 2 seconds. In order to 

visualize the noise floor, a logarithmic spectrum plot is depicted in Fig. 14. Fig. 15 illustrates 

the histogram of the signal spectrum content. From Fig. 14 and Fig. 15, it is seen that a 

threshold in the range of [0.5 1.5] would be a proper selection to differentiate signal and 

Fig. 14
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noise related signal components. In , it is seen that there is a dramatic decrease in the 

number of samples at the neighborhood of 1. We have also considered the variation of the 

SNR estimates with respect to different thresholds. Fig. 16 shows the estimated SNR values 

in the threshold range of [0.5 1.5] with increments of 0.05. In this threshold range, the 

maximum value is found to be 46.1359, the minimum value is 40.2168, the mean value is 

42.1526 and the standard deviation is 1.7866. It is observed that even in a considerably wide 

threshold range, there is not a big variation in the SNR estimates. 

Fig. 15

 
Fig. 14. Spectrum of an actual motor current data. 

 
Fig. 15. Histogram plot of actual motor current 

data. 

In this work, we have set the threshold value to 1 and estimated the SNR values of all 

actual motor current data accordingly. Fig. 17 depicts the histogram of the SNR estimates of 

all the experimental motor data sets. With respect to the results, it is observed that the 

experimental motor current measurement has an SNR value of 40 5± dB. 

 

 
Fig. 16. Estimated SNR values under different thresholds for the actual motor data. 
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Fig. 17. Histogram plot of the estimated SNR values for healthy and faulty motor data sets under 

different load conditions. 
 

In order to generate data at different SNR levels, Sunchon University Lab’s three phase 

motor current data for the full load condition (experimental) are used. For the full load 

condition, there are 20 data each for healthy and faulty condition. First, the data is separated 

into 2 equal sets, training and testing. Both the three phase currents are included in the 

analysis. Thus, there are 30 healthy and 30 faulty data both in the training and testing data 

sets, which make a total of 60. The SNR value of the actual motor current data is assumed to 

be at 40 dB. The distribution of the two features in the 40 dB training data set is shown in Fig. 

18. From Fig. 18, it is seen that the two classes can be fully discriminated at this noise level.  

 
Fig. 18. Feature distribution of 40 dB motor training data set. 

 

Motor current data have been generated at 4 SNR levels (SNR = 12, 18, 24, and 30) using 

the training data set at 40 dB. When generating noisy data at any of the four investigated 
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SNR levels, the number of data in the training and testing sets is tripled to 180 by adding 3 

noise realizations to each of the 60 motor current data. This process has been repeated 5 

times for the same SNR level. That is, for the same SNR level, we have generated 5 separate 

training and testing data sets. We will denote each of the 5 training data sets as the outcome 

of a noise realization. Thus, for each training and testing data sets, we have 90 healthy and 90 

faulty motor data, which makes a total of 180 motor data for one noise realization.  
 

VI. Correct detection performances of the two methods 

We have used the training and testing data sets for the 5 noise realizations to compare the 

correct detection performances of the H-ROC and extended methods together with three 

black-box type of methods: Discriminant Analysis with linear and quadratic discriminant 

functions (LDA and QDA) and ANN (Artificial Neural Networks). Please refer to [66] for 

technical information about Discriminant Analysis (DA) with different discriminant 

functions. In this work, we have used Matlab’s “classify” command to apply the DA methods 

on the data sets and Matlab’s “train” command to train the formed neural networks with the 

Levenberg-Marquardt training method. We have used “cross validation” technique as the 

training stop criterion in ANN to prevent overfitting in training which was previously 

discussed in Chapter IV.  

With respect to ANN, we have applied a feed-forward neural net with a (2x5x2) structure. 

There are 2 output units in the formed neural net which correspond to the two classes: 

healthy and faulty, respectively. The 2-dimensional training output vectors are formed of 1’s 

and 0’s. For a healthy training sample, its corresponding output vector is set to [1 0], and for 

a faulty training sample, its output vector is set to [0 1], and the training is conducted with 

this output vector set. In the testing, the decision is made by comparing the magnitudes of the 

output units, and assigning the class of the corresponding unit (which provides the maximum 

value) to the test sample.  

For each of the five training data sets, we have trained classifiers with respect to the five 

methods (H-ROC, extended method, LDA, QDA and ANN). We have then tested the 

training and testing data sets with the corresponding classifiers.  (a)-(b) depicts the 

average correct detection percentages regarding 5 noise realizations for the training and 

testing data sets, respectively. The shaded cells in  (a)-(b) indicate the highest 

Table IV

Table IV
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detection performances for that specific SNR level. The corresponding plots are depicted in 

Fig. 19 (a)-(b). From Fig. 19 (a)-(b), it is seen that all five methods yielded close detection 

performances to each other with no significant differences except the case that the 

performance of the H-ROC method was slightly lower than the other methods at high noise 

(SNR12 and SNR18). This performance degradation of H-ROC at high noise is believed to 

result from the way the membership functions are constructed with the H-ROC method. In 

the H-ROC method, the membership functions are designed separately for each feature. Thus, 

the H-ROC method, although is believed to perform very well for each feature separately, 

when the two features are combined its performance was observed to degrade slightly. In 

order to justify the statement resulting from this observation, the five methods are applied 

using the single features of the 5 training sets. Table V depicts the results corresponding to 

the detection performances of the five methods when single features are used (for this case a 

1x5x2 neural net structure is used in ANN). Fig. 20 plots the same results on the same figure. 

The results showed that H-ROC indeed performed more accurate than the other methods. 

 
Table IV. Average correct detection percentages of five methods for 5 noise realizations at four SNR 

levels. 
(a) Training set 

 SNR12 SNR18 SNR24 SNR30 
LDA 77.00 88.78 97.55 99.33 
QDA 75.55 88.00 98.44 100.00 
ANN 78.33 90.22 98.89 100.00 

H-ROC 73.11 84.78 98.11 99.89 
Extended 77.56 88.89 98.22 99.89  

(b) Testing set. 
 SNR12 SNR18 SNR24 SNR30 

LDA 77.89 88.44 95.67 99.11 
QDA 75.44 88.56 97.67 99.89 
ANN 78.56 90.11 98.00 99.89 

H-ROC 71.11 82.89 97.67 99.78 
Extended 77.67 90.33 97.67 99.89  

 

 

 
 (a) Training set 

 
 (b) Testing set 

Fig. 19. Average correct detection percentages of five methods for 5 noise realizations at four SNR levels. 
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Table V. Average correct detection percentages of five methods for single features at four SNR levels. 
(a) Feature 1 

 SNR12 SNR18 SNR24 SNR30 
LDA 75.33 83.44 89.11 92.78 
QDA 74.44 83.67 90.11 94.89 
ANN 76.44 85.78 90.56 95.00 

H-ROC 77.78 87.22 91.89 95.22 
Extended 76.11 85.78 90.56 94.78  

(b) Feature 2 
 SNR12 SNR18 SNR24 SNR30 

LDA 58.56 75.67 92.44 97.44 
QDA 57.67 75.67 94.22 99.67 
ANN 59.44 76.89 94.44 99.56 

H-ROC 62.33 78.33 95.00 99.89 
Extended 59.56 75.56 94.11 99.33  

 
 (a) Feature 1 

 
 (b) Feature 2 

Fig. 20. Average correct detection percentages of five methods for single features. 
 

VII. Sensitivity analysis of the two methods to measurement noise 

A. Sensitivity analysis considering the variation of their discriminant lines under different 

noise realizations of the same SNR level  

In order to compare the sensitivities of the two linguistic methods to measurement noise, 

we have computed the discriminant lines of the two methods for each of the 5 noise 

realizations with respect to the 4 SNR levels. By discriminant line, we assume a line that 

separates the input space into two subspaces, where each subspace corresponds to healthy 

and faulty classes, respectively.  (a)-(h) shows the discriminant lines for 5 noise 

realizations of SNR levels 12, 18, 24, and 30 respectively. It is seen from  (a)-(h) that 

the extended method is less sensitive to measurement noise when compared to the sensitivity 

of the H-ROC method. The variation of the discriminant lines for different noise realizations 

of the same SNR level is smaller with the extended method when compared to the variations 

of the discriminant lines with the H-ROC method.  

Fig. 21

Fig. 21
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(a) Discriminant lines of the H-ROC method for 5 

noise realizations at SNR=12 

 
(b) Discriminant lines of the extended method for 5 

noise realizations at SNR=12 
 

 
(c) Discriminant lines of the H-ROC method for 5 

noise realizations at SNR=18 

 
(d) Discriminant lines of the extended method for 5 

noise realizations at SNR=18 

 
(e) Discriminant lines of the H-ROC method for 5 

noise realizations at SNR=24 

 
(f) Discriminant lines of the extended method for 5 

noise realizations at SNR=24 
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(g) Discriminant lines of the H-ROC method for 5 

noise realizations at SNR=30 

 
(h) Discriminant lines of the extended method for 5 

noise realizations at SNR=30 
Fig. 21. Discriminant lines of the H-ROC and extended methods for 5 noise realizations of the same SNR 

level (SNR = 12, 18, 24, 30). 

 

B. Sensitivity analysis considering the correct detection performance of the H-ROC and 

extended methods 

In addition to analyzing the variation of the discriminant lines of the H-ROC and 

extended methods under different noise realizations of the same SNR level, we have also 

investigated their sensitivity to measurement noise from a correct detection performance 

perspective. In order to do that, for each of the SNR levels, we have formed a classifier using 

the data set that belongs to one of the 5 noise realizations of this SNR level, and then we have 

applied this classifier on the data sets of all noise realizations (at this SNR level). We have 

repeated this process for all noise realizations. Fig. 22 (a)-(h) depicts the correct detection 

percentages of the H-ROC and extended methods for 5 noise realizations at SNR levels 12, 

18, 24 and 30 respectively. From Fig. 22 (a)-(h), it is observed that the variation of the 

correct detection percentages of the extended method (for 5 noise realizations of the same 

SNR level) is smaller when compared to the variation of the H-ROC method, and as the 

noise amount drops, correct detection percentages of the two methods increase. This 

observation is consistent with the findings of the discriminant line variation analysis since in 

that analysis it was also observed that the extended method’s discriminant lines vary less 

under different noise realizations of the same SNR level when compared to the H-ROC 

method.  
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(a) Correct detection percentages of the H-ROC 
method (5 classifiers with 5 noise realizations at 

SNR=12) 

 
(b) Correct detection percentages of the extended 

method (5 classifiers with noise realizations at 
SNR=12) 

 

 
(c) Correct detection percentages of the H-ROC 
method (5 classifiers with 5 noise realizations at 

SNR=18) 

 
(d) Correct detection percentages of the extended 
method (5 classifiers with 5 noise realizations at 

SNR=18) 
 

 
(e) Correct detection percentages of the H-ROC 
method (5 classifiers with 5 noise realizations at 

SNR=24) 

 
(f) Correct detection percentages of the extended 
method (5 classifiers with 5 noise realizations at 

SNR=24) 
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(g) Correct detection percentages of the H-ROC 
method (5 classifiers with 5 noise realizations at 

SNR=30) 

 
(h) Correct detection percentages of the extended 
method (5 classifiers with 5 noise realizations at 

SNR=30) 
Fig. 22. Correct detection percentages of the H-ROC and extended methods for 5 noise realizations of the 

same SNR level (SNR = 12, 18, 24, 30). 
 
C. Effects of SNR level estimation for the classifier design 

In addition to the sensitivity analysis, we have also investigated the effects of SNR level 

estimation for the classifier design. In order to do that, we have used the extended method, 

and formed classifiers using the data sets at each of the 5 SNR levels and tested the data sets 

at these SNR levels. The objective of this investigation is to discuss which SNR level should 

be the most appropriate to form a classifier and use it under varying noise. It has to be noted 

that the optimal case should be to use the classifier that has the same SNR level of the test 

data. Table VI and Table VII show the correct detection percentages of the SNR classifiers 

when applied to the data sets at different SNR levels for the training and testing data sets, 

respectively. The shaded cells in Table VI and Table VII denote the correct detection 

percentages when the SNR level of the classifier and the data set is the same, which 

introduces the optimal case since the highest performance can be obtained in this way.  

We have thought of two scenarios using the results of the training set in Table VI. In the 

first scenario, the data set is assumed to be at SNR12, and the classifier is assumed to be 

formed at SNR40. In this case, the correct detection performance (regarding the SNR12 data 

set) is degraded of about 20% (from 81.11% to 60.56%). In the reverse of this scenario, (the 

data set is at SNR 40, and the classifier is at SNR 12), the correct detection performance 

(regarding the SNR40 data set) is degraded of about 9% (from 100% to 91.11%).  

In the second scenario, we have considered SNR18 and SNR40 levels, first we have 

supposed that the data is at SNR18, and the classifier is at SNR40, the correct detection 
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performance (regarding the SNR18 data set) is degraded of about 6% (from 89.44% to 

83.33%). In the reverse of this scenario (data is at SNR40, and the classifier is at SNR18), the 

correct detection performance (regarding the SNR40 data set) is degraded of about 1% (from 

100% to 98.89%). A similar trend is observed in the testing data set results, which are 

depicted in Table VII.  

In both the two scenarios, it is seen that the performance degradation is larger, when a 

high SNR classifier is used whereas the actual SNR level of the data is low compared to the 

performance degradation when a low SNR classifier is used while the data has a higher SNR 

level. Lower SNR classifiers (except the SNR12 classifier) are seen to perform well at both 

low and high noise levels, which indicate that the system is not sensitive to noise in general. 

With respect to the analyzed data sets for the full load condition, the SNR18 classifer has 

performed well both in the training and testing data sets, since its correct detection 

performance was high at all SNR levels.  

In the light of the previous discussion, a relevant case is discussed in the following. 

Suppose there is no way to know what the actual SNR is at the time that the classifier is to be 

used, but it is assumed that the SNR is known to be within a range, 30dB+/- 10dB, so, under 

this situation a reasonable question is what SNR level would be used to design the classifier. 

From the previous discussion, it is observed that the performance degradation is larger when 

higher SNR classifiers are used whereas the data has low SNR when compared the 

degradation in the reverse of this. Based on this analysis, it would be more reasonable to use 

a classifier at a lower SNR level, which would thus make the 20 dB SNR classifier an 

appropriate selection for this case. 

 
Table VI. Correct detection percentages of the extended method for the training data set with different 

SNR classifiers and data sets. 
 SNR12 

data set 
SNR18 
data set 

SNR24 
data set 

SNR30 
data set 

SNR40  
Data set 

SNR12 classifier 81.11 86.67 90.00 91.11 91.11 
SNR18 classifier 76.11 89.44 96.67 99.44 98.89 
SNR24 classifier 67.78 86.11 98.33 100.00 100.00 
SNR30 classifier 60.56 84.44 97.78 100.00 100.00 
SNR40 classifier 60.56 83.33 96.67 100.00 100.00 
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Table VII. Correct detection percentages of the extended method for the testing data set with different 
SNR classifiers and data sets. 

 SNR12 
data set 

SNR18 
data set 

SNR24 
data set 

SNR30 
data set 

SNR40  
Data set 

SNR12 classifier 80.00 86.67 92.78 90.56 90.56 
SNR18 classifier 79.44 92.22 96.67 98.89 99.44 
SNR24 classifier 74.44 88.33 97.78 100.00 100.00 
SNR30 classifier 67.78 82.78 97.22 100.00 100.00 
SNR40 classifier 68.33 81.67 96.67 100.00 100.00 

 
 

 
(a) Training set 

 
(b) Testing set 

Fig. 23. Correct detection percentages of the extended method SNR classifiers for the training and testing 
data sets at different SNR levels. 

 
D. Discriminant line dynamics of the extended method under varying noise  

In this study, a trend is observed regarding the location of the extended method’s 

discriminant line when noise increases. Fig. 24 shows the discriminant lines of the extended 

method at 5 different SNR levels (SNR 12, 18, 24, 30 and 40) for one noise realization. It is 

seen from Fig. 24 that the movement of the discriminant line when noise increases (that is as 

SNR level decreases) appears to be a clockwise rotation about the contour point, ( )0 0,x y , 

where 0x  corresponds to approximately 43 dB in Feature 1, and y  corresponds to 

approximately 54 dB in Feature 2. In order to find out the cause of this trend, we have plotted 

the spectrum amplitudes of the two sidebands together with the main line frequency for both 

the healthy and faulty data samples at the two extremum cases (SNR40 and SNR12). It has to 

be noted that Feature1 and Feature2 are found by computing the difference between the main 

line frequency and the sideband amplitudes. Fig. 25 (a)-(b) depicts the amplitudes of the two 

sidebands and the main line frequency for the healthy and faulty data samples. For faulty 

samples, it is seen from Fig. 25 (b) that as noise increases; the expansion of the spectrum 

amplitudes at the two sidebands is symmetric and bidirectional. However, for healthy 

0
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samples, from Fig. 25 (a) we see that as noise increases, only the lower sideband spectrum 

amplitude expands in a symmetric way, while the expansion of the upper sideband is not 

symmetric. This is because for the healthy motor condition at high SNR levels (low noise), 

the spectrum amplitudes of the upper sideband have already very low values. Thus, an 

asymmetry occurs in the expansion of the upper sideband spectrum amplitudes when noise 

increases. This asymmetry causes the rotational trend in the discriminant line.   

 
Fig. 24. Discriminant lines of the extended method classifiers which are formed at different SNR levels. 

 
 

 
(a) Healthy  

 
(b) Faulty  

Fig. 25. Lower and upper sideband, and main line spectrum amplitudes for the healthy and faulty data 
samples at noise levels SNR40 and SNR12. 

 
From the results, it is seen that the extended method is less sensitive to noise when 

compared to the H-ROC method. Because the membership functions of the H-ROC method 

are formed using ROC curve and histogram analyses for each feature separately, the critical 
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points of the designed membership functions are considerably affected under varying noise, 

making the H-ROC method more sensitive to noise. The extended method, on the other hand, 

uses a clustering technique that considers both the two features together to determine the 

initial values of the critical points of the membership functions before fine-tuning them with 

a gradient descent technique.  

The 50% load condition is investigated in the same way the full load condition is 

analyzed. For the 50% load condition, the results have confirmed that the extended method is 

less sensitive to noise. The results for the 50% load condition can be found in the Appendix 

section. 

 
VIII. Conclusion 

In this work, two fuzzy rule generation methods for broken rotor bar detection are 

introduced. Both methods provide linguistic fuzzy if-then rules that are easy to understand, 

interpret, modify and transfer to other information domains if needed. The linguistic fuzzy if-

then rules contain heuristics about the broken rotor bar detection problem by means of the 

rules and the corresponding membership functions. It is thus a possibility that they might 

enable easy intervention by the experts in case of a need to adjust the rules and corresponding 

membership functions for new conditions, which could be a future research topic. With 

respect to the two methods, the extended method is found to be promising in broken rotor bar 

detection because of its less sensitivity-to-noise and higher correct detection performance 

when compared to the H-ROC method.  
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APPENDIX 
 
Derivations of the parameter update equations in the extended method 

The derivations of the parameter update equations for the rule, which causes ,maxcη  are 

expressed in the following. Suppose we want to update the parameter *
ijx  of the rule, which 

causes ,maxcη : 
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Suppose we want to update the parameter *
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The parameter update equations for the rule which causes ,maxcη−  are derived in the same 
way, and depicted in (19) and (20): 
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50% load condition correct detection percentages 

 
Fig. 26. Average correct detection percentages of 
five methods for 5 noise realizations at four SNR 

levels (training set, 50% load condition). 

 
Fig. 27. Average correct detection percentages of 
five methods for 5 noise realizations at four SNR 

levels (testing set, 50% load condition). 
 
 
 
50% load condition – (SNR 18, 24 and 30 are investigated only) 

 
(a) Discriminant lines of the H-ROC method (5 noise 

realizations at SNR=18) 
 

(b) Discriminant lines of the extended method (5 
noise realizations at SNR=18) 
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(c) Discriminant lines of the H-ROC method (5 noise 

realizations at SNR=24) 

 
(d) Discriminant lines of the extended method (5 

noise realizations at SNR=24) 
 

 
(e) Discriminant lines of the H-ROC method (5 noise 

realizations at SNR=30) 

 
(f) Discriminant lines of the extended method (5 

noise realizations at SNR=30) 
Fig. 28. Discriminant lines of the H-ROC and extended methods for 5 noise realizations at the same SNR 

level (SNR = 18, 24, 30). (50% load condition) 

 
50% load condition – correct detection performance  

 
(a) Correct detection percentages of the H-ROC 

method (5 classifiers with 5 realizations of noise at 
SNR=18) 

 
(b) Correct detection percentages of the extended 

method (5 classifiers with 5 realizations of noise at 
SNR=18) 
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(c) Correct detection percentages of the H-ROC 

method (5 classifiers with 5 realizations of noise at 
SNR=24) 

 
(d) Correct detection percentages of the extended 

method (5 classifiers with 5 realizations of noise at 
SNR=24) 

 

 
(e) Correct detection percentages of the H-ROC 

method (5 classifiers with 5 realizations of noise at 
SNR=30) 

 
(f) Correct detection percentages of the extended 

method (5 classifiers with 5 realizations of noise at 
SNR=30) 

Fig. 29. Correct detection percentages of the H-ROC and extended methods for 5 noise realizations at the 
same SNR level (SNR = 18, 24, 30). (50% load condition) 

 

(a) Training set (b) Testing set 
Fig. 30. Correct detection percentages of the extended method SNR classifiers for the training and testing 

data sets at different SNR levels (50% load condition). 



CHAPTER VI 

 
 

Conclusion and Future Research Highlights 
 
 

In order to have a reliable motor condition monitoring system it is important that the raw 

data collected from the motor are well exploited, and the features extracted from the raw data 

carry distinctive information that will allow a better separation of anomaly cases from the 

normal operating condition modes of the motor. The first part of this research has focused on 

the feature extraction part for broken rotor bar detection. In this part, we have demonstrated 

with experimental results that the use of a lower sampling rate with a notch filter is feasible 

for motor current signature analysis in broken rotor bar detection with DTFT (Discrete Time 

Fourier Transform) and AR (Auto Regressive) based spectrum methods. The use of the lower 

sampling rate does not affect the performance of the fault detection while requiring less 

computation and low-cost in implementation, which would make it easier to implement in 

embedded systems for motor condition monitoring.  

In order to overcome or reduce the effects of any misinterpretation of the signatures that 

are obscured by factors such as measurement noises and different load conditions, broken 

rotor bar fault detection schemes should depend on multiple signatures. In the second part of 

this research, we have validated the effectiveness of multiple signature processing over single 

signature processing for broken rotor bar detection; investigated the use of two technologies 

(LDA and ANN) with multiple signature processing and developed multiple signature 

processing based monolith (single detector) and partition schemes (multiple detectors) for 

broken rotor bar fault detection under varying motor load condition. 

The performance of human analysts for motor condition monitoring has limitations. For 

human experts, it is difficult to examine all the input-output data from the motor system 

under varying noise and motor load conditions. Thus, with a motor condition monitoring 

system that can automatically generate rules in the form of interpretable linguistic fuzzy if-

then rules and membership functions, it would be easier for experts to understand and modify 

the rule base and also to track the motor condition for maintenance and replacement 

 109



 110

requirements. Finally, in the third part, regarding the rule generation part, we have developed 

a methodology for fuzzy rule and membership function generation for broken rotor bar 

detection. The methodology consists of a set of steps that an expert might do for fuzzy rule 

and membership function design. We have named the methodology “H-ROC”, since it 

utilizes histogram analysis with overlapping bins and a weighted cost function based on ROC 

(Receiver Operating Characteristics) curve analysis. We have extended Chiu’s fuzzy 

classification rule extraction method to generate fuzzy if-then rules and membership 

functions for broken rotor bar detection. We have investigated the sensitivity analysis of the 

two methods with respect to measurement noise.  

Both the two rule generation methods provide linguistic fuzzy if-then rules that are easy 

to understand, interpret, modify and transfer to other information domains if needed. The 

linguistic fuzzy if-then rules contain heuristics about the broken rotor bar detection problem 

by means of the rules and the corresponding membership functions. It is thus highly likely 

that they might enable easy interference by the experts in case of a need to adjust the rules 

and corresponding membership functions for new conditions, which could be a future 

research topic. 

Since the rule generation methods are investigated for a two-feature/two-class/two-rule 

problem, future research should definitely consider more than two features and more than 

two motor conditions and rules for diagnosis. Since more than two features will be involved, 

investigation of feature selection techniques would be a necessity. In addition, regarding the 

parameter fine-tuning part, techniques, which have the ability to update only the relevant 

parameters instead of updating all the parameters, need to be investigated in order to decrease 

the training time. 
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