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Abstract – The diagnosis of motor failures using an on-line method has been the aim of many 

researchers and studies. Several spectral analysis techniques have been developed and are used to 

facilitate on-line diagnosis methods in industry. This paper discusses the first application of a motor 

flux spectral analysis to the identification of broken rotor bar (BRB) faults in induction motors using a 

multiple signal classification (MUSIC) technique as an on-line diagnosis method. The proposed 

method measures the leakage flux in the radial direction using a radial flux sensor which is designed as 

a search coil and is installed between stator slots. The MUSIC technique, which requires fewer number 

of data samples and has a higher detection accuracy than the traditional fast Fourier transform (FFT) 

method, then calculates the motor load condition and extracts any abnormal signals related to motor 

failures in order to identify BRB faults. Experimental results clearly demonstrate that the proposed 

method is a promising candidate for an on-line diagnosis method to detect motor failures. 
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1. Introduction 
 

Induction motors are widely used in industry as a major 

source of power due to the simplicity of their construction 

process and their reliability. However, they are subject to 

failures, which may be due to production processes or 

operating conditions. These unexpected failures can cause 

severe damage to the motors themselves, as well as motor 

related equipment and processes in industry. Therefore, the 

diagnosis of motor failures caused by stator, rotor, bearing, 

and other issues [1] is very important and needs to be 

highly accurate and the detection speed must be fast. 

Because of these requirements, on-line instead of off-line 

diagnosis methods are now being considered. For on-line 

methods to be feasible for use in industry, the following 

conditions must be met: 

1) Low priced sensors and data acquisition system (DAS) 

2) Easy installation of sensors 

3) High accuracy in detecting motor failures 

Many studies based on fast Fourier transforms (FFTs) 

have been conducted over the years to detect motor failures 

using current, vibration, and external flux signals [2-6]. 

However, FFT-based based diagnosis methods require a 

large number of data samples to improve the frequency 

resolution or the accuracy of detecting motor failures. 

However, the price of DASs increases with the number of 

data samples used.  

A multiple signal classification (MUSIC) technique has 

been introduced in the motor failure diagnosis area to 

overcome the shortcomings of the FFT-based method [7], 

[8]. The MUSIC-based diagnosis method is a high-

resolution technique that detects frequencies with a low 

signal-to-noise ratio (SNR) using a smaller number of data 

samples. The algorithm computes the autocorrelation 

matrix, and separates its eigenvalues into signal and noise 

subspaces. By using a smaller number of data samples, the 

MUSIC-based diagnosis method can improve the 

frequency resolution or the accuracy of motor failure 

detection, and reduce the influence of noise compared to 

the FFT-based diagnosis method. 

In this paper, a MUSIC-based diagnosis algorithm, 

which can improve the feasibility of the on-line diagnosis 

method, is proposed to identify broken rotor bar (BRB) 

faults using a radial flux sensor. Using this approach, a low 

price sensor can be designed compared to commercial 

current or vibration sensors [12]. For the flux sensor 

installation, there is the additional cost of manufacturing 

associated with installing it. If the flux sensor is installed 

during motor production, however, there is no additional 

cost of the installation because the flux sensor can be 

designed as a search coil to be installed between stator 

slots easily [12]. Moreover, the diagnosis algorithm 

requires a smaller number of data samples to increase the 

accuracy of BRB fault detection. As demonstrated by 

experimental results, the proposed algorithm performs 

better than the traditional FFT-based diagnosis method and 

is therefore a good candidate for the on-line diagnosis 

method. 
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2. Detection of Broken Rotor Bar 

 

This section describes how to extract abnormal signals 

that are related to BRB faults in induction motors while 

they are operating. The BRB faults produce characteristic 

frequency components, which can be observed using 

spectrum analyses of the current and flux because the 

characteristic fault-related frequencies are the same in the 

current and flux spectrum. 

 

2.1 Characteristic frequencies of broken rotor bar 

faults 

 

When an induction motor operates with BRB faults, the 

current of the broken bar flows in the two bars that are 

adjacent to it. This causes an unbalanced air-gap local field. 

The field pulsates at the slip frequency and modulates the 

coil-induced voltage. This gives rise to harmonic 

components at frequencies given as follows [9]: 

 

 ( ) 01 2BRBf ks f= ± , (1) 

 

where 0f  is the electrical supply frequency, s  is the per-

unit slip, and 1,2,3,k = … . 

The characteristic frequency components of BRB faults 

are similar to the electrical supply frequency as in (1). To 

improve the performance of BRB fault detection, therefore, 

the frequency resolution must be increased. 

 

2.2 Calculation of load condition 

 

Most induction motors used in industry operate at 

variable load conditions and the characteristic frequency 

components of BRB faults are functions of the slip. 

Therefore, a calculation of the load condition is necessary 

in order to diagnose BRB faults on-line. One of the best 

ways to obtain load condition or slip information is to use 

rotor slot harmonics (RSHs) [10]. The slip frequency can 

be obtained as follows: 

 

 0slip RSH

p R
f f f

R p
α

  
= + −  

   
, (2) 

 

where p  is the number of pole pairs, R  is the number of 

rotor slots, kα = ±  ( k  is positive integer) is the time 

harmonic order, and RSHf  is the RSH frequency given as 

follows:  

 

 0 0RSH rotor slip

R R R
f f f f f

p p p
α α

 
= ± = ± − 

 
, (3) 

 

where the rotor speed is represented by rotorf . 

3. Diagnosis Algorithm 

 

In this section, the basic theory of the MUSIC technique 

is described briefly and a diagnosis algorithm is proposed 

for BRB fault detection. The proposed algorithm calculates 

the motor load condition and extracts any abnormal signals 

related to BRB faults using the MUSIC technique. 

 

3.1 MUSIC technique 

 

The MUSIC algorithm is a subspace method that can be 

used to estimate the frequencies of complex sinusoids with 

a low SNR using eigen-based decomposition methods [11]. 

Subspace methods assume that the discrete-time signal 

[ ]x n  is a sum of M  complex sinusoids and white noise 

and is given as follows: 

 

 [ ] [ ]2

1

i

M
j f n

i

i

x n A e w n
π

=

= +∑ , (4) 

 

where ij

i iA A e
φ= . In (4), iA , iφ , and if  are the 

amplitude, the phase, and the frequency of the i th 

complex sinusoid, respectively, and [ ]w n  represents white 

noise with a mean of zero and a variance of 2σ . We can 

rewrite (4) as a compact matrix format as follows: 

 

 ( ) ( )x n FA w n= + , (5) 

 

Where 

 

( ) [ ] [ ] [ ] 1   1
T

x n x n x n x n L = + + − ⋯ , 

( ) ( ) ( )1 2
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and  

 

( ) [ ] [ ] [ ] 1   1
T

w n w n w n w n L = + + − ⋯ . 

 

Here, ( ) ( ) ( )1 2
   

M
F f f f f f f =  ⋯  is a L M×  

Vardermonde matrix of rank M  and ( )if f  is a mode 

vector with frequency if , where 1,  2,  ,  i M= ⋯ . 

The MUSIC algorithm uses the eigen-based decom-

position of x  to obtain the signal and noise subspaces. 

The autocorrelation matrix of x  can be expressed as 

follows: 
 

 ( ) ( )2 2

1

M
H

i i i L

i

R A f f f f Iσ
=

= +∑ ,  (6) 

 
where LI  denotes a L L×  identity matrix. Using the 

eigen-based decomposition, the eigenvalues and the 
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corresponding eigenvectors of R  can be obtained and we 

denote these as { }1 2 Lλ λ λ≥ ≥ ≥⋯  and { }1 2, , , Lv v v⋯ , 

respectively. The eigenvectors can be divided into the 

signal subspace eigenvectors, i.e., { }1 2, , , Mv v v⋯ , 

associated with the M largest eigenvalues and the noise 

subspace eigenvectors, i.e., { }1 2, , ,M M Lv v v+ + ⋯ , which 

have an eigenvalue of 2σ . From (6), the sinusoidal signal 

vectors can be expressed as a linear combination of 

eigenvectors of the signal subspace. They are therefore 

orthogonal to the eigenvectors of the noise subspace, and 

this can be expressed as follows: 

 

 ( ) 0H

i kf f v = ,  (7) 

 

where 1,  2,  ,  i M= ⋯  and 1,  2,  ,  k M M L= + + ⋯ . 

Utilizing the orthogonality of the signal vectors and the 

noise eigenvectors, the MUSIC pseudospectrum can be 

defined as follows:  

 

  
( )

( )
2

1

1
.MUSIC

N
H

k

k M

P f

f f v
= +

=

∑  (8) 

 

The M characteristic frequencies can be found by 

searching for the peaks in the MUSIC pseudospectrum. 

For a practical application of the algorithm, we need to 

estimate R̂  of R  in (6). Using TL  serial discrete-time 

signals [ ]x n  in (4), a spatial smoothing (SS) method is 

applied to calculate R̂  as follows [13]: 

 

 ( ) ( )
1

1ˆ
sP

H

ns

R x n x n
P =

= ∑ ,  (9) 

 

where 1s TP L L= − +  and TL L> . 

 

3.2 Proposed diagnosis algorithm 

 

A block diagram of the proposed diagnosis algorithm for 

identifying BRB faults is shown in Fig. 1. The flux signal 

measured by the DAS is first used to calculate the motor 

load condition or slip using the MUSIC algorithm. Then, 

using the calculated slip, the MUSIC algorithm extracts the 

 

Fig. 1. Block diagram of the proposed algorithm 

abnormal signals that are related to BRB faults at the 

frequency specified in (1). The last step of the proposed 

algorithm is to monitor for any changes to the abnormal 

signals. The method is designed based on the fact that 

specific changes appear at the characteristic frequencies 

when BRB faults occur.  

 

 

4. Experimental Setup 

 

In this section, we present an experimental setup 

including a radial flux sensor and an induction motor test 

system to evaluate the performance of the proposed 

algorithm. 

 

4.1 Radial flux sensor 

 

The radial flux sensor developed by the authors is shown 

in Fig. 2 [12]. It can be made at a low price compared to 

commercial current or vibration sensors and is designed as 

a search coil and each search coil is made up of 20 turns 

(18 Ω ). The induced voltage at the search coil can be 

simply expressed by Faraday’s law as follows: 

 

 
d

e N
dt

Φ
= − ,  (10) 

 
where N  is the number of coil turns and Φ  is the 

magnetic flux. 

 

 

Fig. 2. Radial flux sensor designed by the authors 

 

To achieve easy installation of the sensor, the radial flux 

sensor is installed between stator slots in the test motors 

during motor production as shown in Fig. 3. 

 

 

Fig. 3. Installation of radial flux sensor 
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4.2 Induction motor test system 

 

Fig. 4 shows an induction motor test system, which 

consists of a test motor, a load motor, a DAS, and an 

inverter. The inverter operates load motor using vector 

control and the load motor rotates opposite direction of the 

test motor. This applies the load to the test motor. The 

specifications of the test motor and the load motor are 

given in Table 1. Three types of test motors were used in 

the experiment: a healthy motor, a motor with two BRBs, 

and a motor with four BRBs. The motors with BRBs are 

simulated by holes drilled in the motor as shown in Fig. 5.  

 

 

Fig. 4. Induction motor test system 

 

Table 1. Specifications of the motors 

 Test motor Load motor 

Power (kW) 7.5  22  

Voltage (V) 220 220 

Current (A) 28.2 76.8 

Poles 4 4 

Frequency (Hz) 60  60 

Speed (rpm) 1760 1775 

 

 

Fig. 5. Motors with simulated BRBs 

 

 

5. Experimental Results 

 

Experimental results are presented in this section to 

verify the performance of the proposed algorithm as a 

candidate for on-line BRB fault detection that is highly 

accurate when compared to the traditional FFT-based 

method. 

 

5.1 Results of load condition 

 

The spectral analyses displayed in Fig. 6 show the RSHs 

amplitudes for different motor load conditions of a healthy 

motor where 3α = −  and 28R =  in (3). For each 

experimental data point, a 4 kHz sampling rate with 4096 

samples was used, which can be achieved by down sampling  
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(c) MUSIC with 4 kHz and 4096 samples 

Fig. 6. Spectral Analyses for RSHs 
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from original data with a sampling rate of 100 kHz and 

1048576 samples. As shown in Figs. 6(b) and 6(c), the 

RSHs are almost the same as the original data shown in Fig. 

6(a). This means that the FFT-based method and the 

proposed method can calculate the load condition of the 

test motor if the motor maintains its load condition for 

1.0240 seconds. In the case of the load condition 1, where 

the test motor operates at a speed of 1780 rpm, the RSH 

frequency is 1011 Hz as shown in Fig. 6(c). Using this 

RSH frequency, the slip is easily calculated to be 0.011. 

 

5.2 Broken rotor bar frequency component results 
 
Comparisons between the FFT-based method and the 

proposed method for identifying BRB faults are shown in 

Fig. 7. Three different motors are considered: a healthy 

motor, a motor with two broken bars, and a motor with four 

broken bars. For each experimental data point, a 2 kHz 

sampling rate with 4096 samples was used, which can be 

achieved by down sampling from original data with a 

sampling rate of 100 kHz and 1048576 samples. The 

induction motors used in this experiment operate at a speed 

of 1780 rpm, therefore, using (1) when 0.011s =  and 

1,k = any abnormal signals will appear near the 

frequencies of 61.3 Hz and 58.6 Hz. Even though the FFT-

based method can identify BRB faults as shown in Fig. 

7(a), it cannot detect abnormal signals when the sampling 

rate and the number of samples decrease as in Fig. 7(b) and 

(c) because of the low frequency resolution and the high 

noise floor. As shown in Fig. 7(c) and 7(d), using 2 kHz 

sampling rate and 4096 samples, the proposed MUSIC 

method can detect broken rotor bar faults using the fault 

signatures, while the FFT method cannot detect broken 

rotor bar faults. As shown in Fig. 7(d), the left and right 

sidebands for the motor with 4 broken rotor bars appear at 

twice the slip frequency, 2sf, from the main frequency, 

while the left sideband result of the motor with 2 broken 

rotor bars is not away from the main frequency by 2sf. This 

is because the proposed MUSIC algorithm uses low 

sampling rate with small number of samples. 
 

 

6. Conclusion 

 

This paper has described the initial step taken to develop 

an on-line diagnosis method for identifying BRB faults 

using flux signals. The use of a specially designed radial 

flux sensor that can be constructed at a low cost and easily 

installed has been described. Experimental results 

demonstrated that the proposed algorithm detects motor 

failures more accurately than the traditional FFT-based 

method. Moreover, it can detect BRB faults when the 

sampling rate is low and the number of samples is small. 

That means it can reduce the burden of the DAS because of 

its high-resolution properties.  

The main advantages of the proposed scheme are that 

   

(a) FFT with 100 kHz and 1048576 samples                (b) FFT with 100 kHz and 524288 samples 

   
(c) FFT with 2 kHz and 4096 samples                    (d) MUSIC with 2 kHz and 4096 samples 

Fig. 7. Spectrum Analysis for BRB faults 
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the radial sensor can be implemented with a low cost and 

the MUSIC scheme can be performed with small data 

samples. Therefore, it is expected that this method will be 

applied as an on-line diagnosis method to detect motor 

failures. The main drawback, which is also found in other 

subspace method with high resolution, is the need of 

computational complexity to perform the eigen-decomposi-

tion. 
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