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Abstract: The importance of early fault detection in electric motors has attracted the attention of
research groups, as the detection of incipient faults can prevent damage spreading and increase the
lifetime of the motor. At present, studies have focused their attention on optimization procedures
used for fault detection in induction machines to achieve a quick and easy-to-interpret assessment at
an industrial level. This paper proposes an alternative approach based on the Continuous Wavelet
Transform (CWT) for broken bar diagnosis in squirrel cage induction motors. This work uses the
Motor Current Signature Analysis (MCSA) method to acquire the current signal of the induction motor.
The novelty of this study lies in broken bar detection in electric machines operating at non-load by
analyzing variations in the spectrum of the motor’s current signal. This way, the faults are presented
as oscillations in the current signal spectrum. Additionally, a quantification of broken bars for the
same type of motors operating at full-load is performed in this study. An experimental validation
and the comparison with the Fast Fourier Transform (FFT) technique are provided to validate the
proposed technique.

Keywords: broken bars detection; induction motors; fault diagnosis; frequency-domain analysis;
continuous wavelet transform

1. Introduction

Three-phase motors are widely used in the industry due to their ease of manufacture and low
maintenance [1]. In most industrial applications, the AC motors are subject to frequent start-stop cycles
resulting in wear and cracking of the electric machine elements [2], which could produce rotor, stator,
and bearing damage of the induction machine [2–4].

The motor operation in non-ventilated environments causes the motor efficiency reduction and
increases the failure risk due to broken bars in the induction machine rotor, since the temperature
increase in the rotor could provoke the bars breaking [5,6] (e.g., thermal stresses due to thermal
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overload and unbalance, hotspots, or excessive losses) [7]. In industrial applications, where motor
overload is needed for long time intervals, the motor overload produces thermal stress in the motor’s
internal components, since the machine is forced to work in different operating conditions from those
envisaged by its original design [8].

The presence of a fault in an electric motor associated with a critical industrial process leads to
emergency interruptions [9], which causes production process losses [8,10,11]. Therefore, early fault
detection is required to identify incipient fault presence in induction motors, and consequently to avoid
these problems [6,12]. For motor fault diagnosis: thermal imaging, electrical, acoustic, and vibration
signals are analyzed in [1,13]. These studies are developed to determine the characteristics of the
signals analyzed as well as to identify the problems related to faults in electric motors.

The diagnosis and fault detection methods used in induction motors are based on the
effective analysis, in the frequency domain, of the induction machine electrical parameters [2,14,15].
This analysis is usually performed by Fast Fourier Transform (FFT) [10,14] and Hilbert Transform [2,16].
The FFT performs the fault characterization by representing the current signals as the sum of sine and
cosine functions, which transforms a time domain signal into frequency domain signal [14,17,18].

The FFT and Hilbert transforms differs in the fault characterization process. FFT uses the sum of
sine and cosine functions spectrums of the current signal and Hilbert transform uses the current signal
convolution with the function 1/t and shifts the phase components 90◦ (i.e., sines are transformed to
cosines and vice versa) [2]. The Hilbert transform retains the positive content of the original signal
frequency while eliminating negative frequencies and increasing by two the DC component. However,
current and voltage characterization using both techniques is difficult; the frequency resolution forces
the addition of dedicated processes where automatic learning algorithms are executed to identify slight
differences between signals [19,20], which increases the software and hardware complexity. The Hilbert
transform is used as a complementary tool to the Fourier transform (e.g., to study frequencies that
occur instantaneously).

The FFT has disadvantages in early fault detections due to the small amplitude of the failure
components [4]. Consequently, the fault components are hidden by noise introduced in the data
acquisition process. The use of the Continuous Wavelet Transform (CWT) is proposed in [21] to
address this problem. The CWT allows evaluating signals by signal decomposition into details for
different scales. In addition, CWT performs the decomposition of the current signal into detail
coefficients [22], quantifies the energy level for each detail coefficient, and determines the instant
when a failure occurs according to the energy level [22,23]. Conversely to FFT transform, the wavelet
transform can extract the signal characteristics in time and frequency domains [24]. Based on the
wavelet properties, different types of mother wavelets can be used to perform the analysis [25–27].
The wavelet transform is considered a useful tool for applications where signal feature extraction is
required (e.g., pattern recognition, machine learning, and classifiers) [19,20,28–31].

Selection of the mother wavelet is quite arbitrary. Therefore, the adequate selection of mother
wavelet minimizes errors in motor fault diagnosis [32]. In this regard, Daubechies, Coiflet, and Meyer
Wavelets use orthogonal wavelet analysis, which is limited for a discrete set of scales (e.g., scales in
powers of two) and can be implemented using simple digital filtering techniques [33]. Conversely,
non-orthogonal wavelet analysis by means of Morlet-CWT, where an arbitrary scale set can be used to
build complete spectral graphs. In this regard, the analysis of current signals through CWT generates
detailed information in the time-frequency spectrum [27]. The Morlet-CWT signal processing technique
applied for detection of broken bars in electric machines is used to represent time-domain motor
current signals in the time-frequency spectrum. Therefore, time-frequency spectrum representations
with different details can be observed by choosing an initial scale to obtain the characteristics of
motor current signal. This scale can be increased to achieve more detailed information in the
time-frequency spectrum.

The aforementioned techniques use the Motor Current Signal Analysis (MCSA) as a common
method to acquire the current signals from the induction machine [2,27,34]. The MCSA is a widely
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used method for monitoring failures in induction motors [10,23,34] (e.g., rotor and winding
faults [18,35,36]). In order to prevent the premature failure of induction motors [37], the MCSA method
and signal processing techniques are applied for early broken bar detection in three-phase induction
motors. The lack of this early fault detection may cause damage spread and motor destruction [37,38].
The existence of broken bars in an electric machine, which is the main reason for rotor asymmetry
and motor magnetic field changes [6], is evidenced by the appearance of two frequency components
located close to the motor operating frequency [15,20,39].

This paper presents the analysis of motors with broken bars using the MCSA method and
the CWT processing technique (i.e., time-frequency spectrum) to identify features associated with
this fault. The Morlet mother wavelet is used in this study due to its time-frequency localization
characteristics. The combination of a non-invasive method for data acquisition and a signal processing
technique, allows performing the broken bars detection in induction motors with non-load. The current
signal analysis of non-load motors with broken bars shows signal spectrum fluctuations with respect
to healthy machines. These fluctuations increase accordingly to the broken bars number and can
be clearly appreciated as fault indicators when the motor operates at full-load. The proposed
procedure reduces both the processing time and the tasks required to examine a signal regarding the
conventional techniques.

In contrast with other studies presented in the literature, the contribution of this work lies
in the fault diagnosis of broken bars using only the motor current signal magnitude for a motor
operating at non-load. In order to guarantee the fault diagnosis procedure, the evaluation of a faulty
motor with different number of broken bars is performed. In order to verify the effectiveness of
the proposed procedure, the behavior of faulty motor operating at full-load is analyzed. In both
cases (i.e., motor operating at non-load and full-load) the fault identification is evidenced through the
presence of fluctuations and oscillations in the motor current signal spectrum. An advantage of the
proposed method is that the current signal analysis can be performed using the current signal of the
entire process at the same time, i.e., considering the signals of motor starting, stop, and transients of
a motor operating at non-load and full-load, which differs from other methods where the analyses for
a motor operating at full-load and non-load have to be accomplished separately.

The rest of the paper is organized as follows. Section 2 gives a brief overview of the relevant
literature. The proposed procedure is presented in Section 3. Section 4 shows the experimental results
and comparison between the proposed procedure and the FFT technique. Finally, Section 5 presents
the main conclusions and future works of this paper.

2. Related Works

Current signal analysis is used in several fault diagnosis methods, since the data acquisition is
achieved through a non-invasive method (e.g., current meters). This process can be performed with
simple software [40], becoming an excellent alternative for industrial environments.

As mentioned before, the FFT and the Hilbert transform are signal processing techniques
commonly used for fault detection in electric machines. Both techniques use spectral analysis of
motor current signals [10,34], which quantifies the failure level in the induction machine according to
the order of harmonic components and the magnitude of the spectrum.

Fault detection using numerical simulations was performed in [37,41], where the current signals
were measured through MCSA method. In these studies, the current signals obtained by means of the
electric machine mathematical model were compared with the measured signals to demonstrate noise
addition in the signal data acquisition process and the increase of speed and torque oscillations with
the rotor bar breakage. In [4,40] Signal to Noise Ratio (SNR) during the sampling period was evaluated.
The results of these studies provide evidence for the problems in accuracy of spectral analysis, since the
distortion induced by the noise during data acquisition leads to signal spectrum changes. To improve
fault diagnosis procedure, the analysis of asymmetric components of unbalanced electric system was
studied in [42,43]. The signal harmonics of Zero-Sequence Current (ZSC) analysis were proposed in [42]
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to detect higher-order harmonic components (e.g., 3rd- and 5th harmonics). However, this method
does not show reliable results when motors with non-load are analyzed, since the fault components
are hidden in the motor operating frequency. To have efficient fault detection, an automatic harmonic
component analysis was presented in [43], where the analysis was performed by periodic monitoring
of the magnitude changes that identify the current motor state. The main advantage of this technique
is to simplify the analysis through graphical interpretation of harmonic components in the frequency
spectrum, which is done using a bar chart, allowing quick and easy failure detection.

The FFT and Hilbert transform applied to fault diagnosis of medium- and high-power motors
depends on the rotor slip [4]. The tests should be accomplished on motors with certain load levels to
achieve reliable results; for instance, a motor operating at 35% of the rated load is recommended in [2].
In addition, the SNR should be high in the data acquisition process to avoid frequency distortion in the
spectrum, allowing accurate harmonic component evaluation. However, the motor study when it is
operating at low frequencies needs a high-resolution spectral analysis, which leads to signal acquisition
over long time periods, increasing the fault diagnosis time [2,4,27] and requiring an improvement in
the software and hardware used for signal acquisition.

The wavelet transform is used to provide a signal processing technique to overcome the drawbacks
presented by prior techniques. The wavelet transform is used in [44] to examine and detect possible
failures in short duration signals (e.g., transient state), this process represents the motor starting
in time-frequency domain, where for faulty motors the increment of low-frequency components is
identified. The main disadvantage of this analysis lies on the difficult interpretation of time-frequency
graphs, since slight variations are presented in the spectrum. In addition, the current signal analysis
of motors with and without failures by means of the Wavelet Packet Transform (WPT) is presented
in [45]. The WPT technique decomposes the signal at different levels known as approximation and
detail coefficients. The results presented in [45] reduced the computational cost and confirm the
amplitude increase at 0–60 Hz frequency levels. Moreover, the Discrete Wavelet Transform (DWT)
and the WPT were used together in [19,46] to quantify the amount of energy in low frequencies
detail coefficients, which identified the frequency ranges of harmonic components induced in the
stator [47,48]. Furthermore, different mother wavelets were applied in the fault diagnosis procedure.
A comparison of Daubechies 40–45 and Symlet20 mother wavelets was presented in [33], where
the results showed that the approximation and detail coefficients of the analyzed signal had similar
decomposition content for both mother wavelets. Additionally, the wavelet transform can be applied
for transient analysis of an induction motor as presented in [49]. An analytic wavelet transform via
frequency B-Splines was used to analyze the fault effects associated with broken bars. However,
a steady-state analysis is not considered in this study. Note that the suitable selection of the mother
wavelet leads to efficient results.

3. Proposed Approach

The proposed approach is based on a continuous Morlet wavelet transform applied to the current
signals of a three-phase induction motor. The proposed procedure involves the correlation between
the motor current signal and the mother wavelet, and the graphing of the time-frequency spectrum
of current signals, where the comparison is interactively performed at different scales of mother
wavelet (i.e., the convolution between the analyzed signal and the mother wavelet characterized at
different scales).

The large scales allow us to know the signal characteristic at low frequencies, whereas the small
scales allow us to know the signal characteristics at high frequencies. Following this procedure,
two variable functions f (s,τ) are obtained, representing the analyzed signal scale and translation,
respectively. Similarly to [25,26], the wavelet coefficients are transformed into the translation-scale
coefficients to be represented in the time-frequency spectrum, which are displayed to perform
a comparison between the motor currents of a healthy motor and a faulty motor with different
fault levels (i.e., one, two, and three broken bars).
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The general definition of a mother wavelet is used for the current signal processing. The mother
wavelet is defined as follows [26,27]:

ψs,τ(t) =
1√
|s|
·ψ
(

t− τ
s

)
(1)

whereψs,τ is the mother wavelet, and s and τ are the mother wavelet scale and translation, respectively.
Note that a signal must meet certain conditions before it can be considered to be mother wavelet.
The signal has to be properly located in time (i.e., admissibility), its average energy should be null,
and it should behave as a band-pass filter with fast decay onωs = 0 and whenωs→∞ [25,26],ωs being
the angular frequency.

The wavelet transform analyzes non-stationary signals, specific phenomena, discontinuities, and
sudden changes in the derivative of a signal. It has an invariance property relative to the translation or
scale changes [25,26]. The CWT is computed as follows:

γ (s, τ) =
∫

f (t)ψ∗s,τ(t)dt (2)

where γ is the CWT of the signal f (t), τ is the wavelet translation coefficient, s is the wavelet scale
coefficient, and f (t) is the analyzed signal in the time domain.

Due to its similarity to the current signal, the Morlet mother wavelet is used to apply the CWT
to the current signal, which generates greater accuracy in the analysis. The Morlet mother wavelet is
shown in Figure 1 and it is computed as follows [25–27]:

ψ(t) =
1

4
√
π
· ejω0 t · e−t/2 (3)

where ψ(t) is the Morlet mother wavelet andω0 is a non-dimensional frequency. Note that a value of
ω0 = 6 is considered in this work to satisfy the admissibility condition [26].
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Figure 1. Morlet mother wavelet signal.

In order to obtain the spectrum of the current signal, the coefficients f (s,τ) can be transformed
into the time-frequency spectrum following the procedure described in [25], which uses the wavelet
scale and Fourier frequency equivalency whenω0 = 6. This implies that the Morlet wavelet scale is
equal to the Fourier period.

This work is focused on motor current signal analysis of electric machines operating at non-load
and full-load using the CWT processing technique. Therefore, an arbitrary set of scales and the
relationship between Fourier period, λ, and the wavelet scale, s, can be used to generate the
time-frequency spectrum. For ω0 = 6, this relationship is expressed as λ = 1.03·s. The utilization of the
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CWT technique allows the use of variable scales to perform the analysis. This way, the identification of
information localized at different frequencies is identified. In contrast to other wavelet analysis, which
use a scale power of two (e.g., Daubechies scales are 2n). The Morlet mother wavelet scale is defined as
follows [26]:

sj = s0 · 2j·dj (4)

where sj is the Morlet wavelet scale, s0 = 2dt is the smallest resolvable scale, dt = 1/Fs is the inverse of
the sampling frequency Fs, and dj is an empirical value less than 0.5. For the Morlet wavelet, values of
dj of about 0.5 give adequate sampling at scale, whereas lower values give a finer resolution. According
to [50], this study considers a value of dj = 0.15.

Figure 2 shows the fault detection algorithm developed in two steps. Step 1: the signal acquisition
through MSCA method; and Step 2: the Morlet-CWT signal processing technique application.

Math. Comput. Appl. 2017, 22, 30    6 of 15 

 

where sj is the Morlet wavelet scale, s0 = 2dt is the smallest resolvable scale, dt = 1/Fs is the inverse of 

the sampling frequency Fs, and dj is an empirical value less than 0.5. For the Morlet wavelet, values 

of  dj of about  0.5 give adequate  sampling at  scale, whereas  lower values give  a  finer  resolution. 

According to [50], this study considers a value of dj = 0.15. 

Figure 2 shows the fault detection algorithm developed in two steps. Step 1: the signal acquisition 

through MSCA method; and Step 2: the Morlet‐CWT signal processing technique application. 

 

Figure  2.  Broken  fault  detection  algorithm  through Motor  Current  Signature  Analysis  (MCSA) 

method and Morlet‐CWT (Continuous Wavelet Transform) technique. 

The  experimental  validation  of  the  proposed  approach  and  the  comparison  with  the  FFT 

technique are presented in the next section. 

4. Experimental Validation Results and Comparison 

4.1. Motor Test Bench Configuration 

The experimental validation is accomplished in the motor test bench developed by the Electrical 

and Electronics Department at Universidad de  las Fuerzas Armadas ESPE. The motor  test bench 

configuration is shown in Figure 3, and includes: a three‐phase squirrel cage induction motor with 

the  features  presented  in  Table  1;  three  current  meters  used  to  measure  the  stator  current;  a 

controllable load; a motor controller to keep constant the motor speed; and a National Instruments 

(NI) data acquisition board NI cDAQ‐9184, which is configured to acquire the current signal data in 

time periods of 24 s at 25 kHz sampling rate (i.e., N = 24/(40 × 10−6) = 600,000 samples, with N being 

the number of samples in 24 s). Note that Morlet‐CWT generates distortion at the edges of the motor 

current signal spectrum, since the calculation algorithm (i.e., Fourier space) considers that the studied 

signals are periodic. To overcome this drawback, the motor is started after a time interval of 2 s, as 

shown in Figure 4. 

The block diagram of the proposed procedure is presented in Figure 5, which is composed of the 

following  blocks: Block  1 performs  the motor  current  signal  acquisition  automatically  using  the 

MCSA method; Block 2 analyzes the current signal by means of Continuous Wavelet Transform and 

obtains a graphical representation of the current signal spectrum, where fluctuations produced by 

broken bars can be observed; and Block 3 extracts  the  features of  the current signal spectrum  for 

faulty and healthy motors. 
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The experimental validation of the proposed approach and the comparison with the FFT technique
are presented in the next section.

4. Experimental Validation Results and Comparison

4.1. Motor Test Bench Configuration

The experimental validation is accomplished in the motor test bench developed by the Electrical and
Electronics Department at Universidad de las Fuerzas Armadas ESPE. The motor test bench configuration
is shown in Figure 3, and includes: a three-phase squirrel cage induction motor with the features presented
in Table 1; three current meters used to measure the stator current; a controllable load; a motor controller
to keep constant the motor speed; and a National Instruments (NI) data acquisition board NI cDAQ-9184,
which is configured to acquire the current signal data in time periods of 24 s at 25 kHz sampling rate
(i.e., N = 24/(40 × 10−6) = 600,000 samples, with N being the number of samples in 24 s). Note that
Morlet-CWT generates distortion at the edges of the motor current signal spectrum, since the calculation
algorithm (i.e., Fourier space) considers that the studied signals are periodic. To overcome this drawback,
the motor is started after a time interval of 2 s, as shown in Figure 4.

The block diagram of the proposed procedure is presented in Figure 5, which is composed of the
following blocks: Block 1 performs the motor current signal acquisition automatically using the MCSA
method; Block 2 analyzes the current signal by means of Continuous Wavelet Transform and obtains
a graphical representation of the current signal spectrum, where fluctuations produced by broken
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Table 1. Induction machine specifications.

Description Value Unit

Brand ABB –
Rated power 1 Hp
Rated current 3.4 A

Conection type Delta –
Rated voltage 220 V

Supply frequency 60 Hz
Nominal speed 1705 Rpm

Torque 4.2 Nm
Moment of inertia 0.00174 kg·m2

Pole pairs 2 –
Number of bars 22 –
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Figure 5. Fault diagnosis process block diagram.

The motor test bench control and the data acquisition system are implemented through the
LabVIEW® environment. The tests are performed at different speeds with full- and non-load using
both a healthy motor and a faulty motor with one, two, and three broken bars. The current signal
processing and the fault detection technique are developed in Matlab® (Version 9.1, MathWorks,
Natick, MA, USA).

4.2. Results

The spectrum of the current signal is analyzed to compare the FFT and the continuous Morlet
wavelet transform applied for broken bars detection of an induction machine. Figure 6 shows the
current signal data (i.e., input data), measured through MCSA method, for a faulty motor with one
broken bar working at non- and full-load during short time periods. Note that this signal data is used
for the spectral analysis of both techniques.
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Figure 6. Signal data acquired using the MCSA method for a faulty motor with one broken bar
operating at non- and full-load.

Figure 7 shows the spectrum achieved through the FFT technique. The harmonic components
related to the motor failure (i.e., one broken bar in this case) are overlapped close to the motor’s
operating frequency, making fault identification difficult at a glance. Therefore, it is necessary to
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conduct some extra tasks to solve this problem, such as signal filtering, signal decomposition in
intervals with/without load, and spectrum evaluation, all of which increase fault detection complexity.
Figure 7a–c shows the spectrum obtained through the FFT technique applied to the current signal
presented in Figure 6. As can be appreciated, three graphics are needed to analyze the different
motor states. Figure 7a presents the current signal spectrum at motor starting, whereas Figure 7b,c
show the current signal spectrum when the motor is operating at non-load and full-load, respectively.
Note that the fault is visible only when a motor is analyzed at full-load. In addition, this process
involves more analysis time and requires knowledge of the load at which the motor is operating
(i.e., rotor slip), which increases the difficulty of fault diagnosis in an electric machine.
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Figure 7. Current signal spectrum obtained using the Fast Fourier Transform (FFT) technique for
a faulty motor with one broken bar: (a) FFT spectrum for motor starting interval; (b) FFT spectrum for
non-load operation interval; and (c) FFT spectrum for full-load operation interval.

Conversely, Figure 8 shows the spectrum obtained by means of the continuous Morlet wavelet
transform. The current signal characterization in the time-frequency spectrum is proposed to
inspect, in a simple way, the disturbances that occur in a motor when it operates at non- and
full-load. This spectrum is a two-dimensional graph representing the wavelet coefficients frequency,
time, and amplitude achieved. On the basis of this graph, the signal spectrum can be quickly analyzed.
The y-axis represents the frequency of the analyzed signal, the x-axis presents the signal time interval,
and the line colors indicate the wavelet coefficient magnitude. Therefore, it is possible to detect the time
intervals when the motor starts and when the motor is operating at non- and full-load. Consequently,
the CWT technique concurrently facilitates and reduces the fault detection process complexity with
respect to the Fourier analysis. In short, the analysis processing task and its complexity are reduced,
since all information is summarized in a single spectrum.
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Figure 8. Spectrum of the current signal obtained using the CWT technique for a faulty motor with one
broken bar operating at non- and full-load.

Figure 9a,b show the spectrum of the stator current signal of a healthy motor and a faulty motor
with three broken bars, respectively, operating at non-load. Both spectra have similar behavior with
6 lines representing the wavelet coefficients of motor current signal for different scales and translations,
which are located at 47, 51, 55, 67, 72 and 80 Hz. Furthermore, the healthy motor exhibits small
distortions in the spectrum due to noise coupled to the signal, as shown in Figure 9a, whereas the
faulty motor exhibits a ripple, ∆f, in 55 Hz and 67 Hz, due to the harmonic component in the stator
current induced by the fault (i.e., broken bars), as shown in Figure 9b. Conversely, the spectrum of the
current signal of a faulty motor with three broken bars operating at non-load achieved through the
FFT technique is shown in Figure 9c, where it can be seen that the harmonic components induced by
the fault are unidentifiable.

In contrast to the aforementioned tests where a motor with non-load is analyzed, Figure 10
shows the results obtained of a motor operating at full-load. Due to the increase in the current
signal amplitude, the spectrum shows 10 lines representing the wavelet coefficients. The broken bars
detection can be easily performed without the use of extra tools as in other processing techniques.
Note that the analysis of motors operating at non- and full-load is generalized in this study, since the
main contribution of this research is fault detection when the motor is operating at non-load.

Figure 10a displays the spectrum obtained for a healthy motor, where small variations in the lines
close to the motor operating frequency can be appreciated. Conversely, Figure 10b depicts the spectrum
for a faulty motor with three broken bars, where the main difference with respect to the healthy
motor lies in the ripple appearance at the frequency levels close to the motor operating frequency.
Consequently, the failure can be identified by measuring the ripple amplitude and its oscillations.
The lower sideband is specifically related to broken bars, whereas the upper sideband is related to the
subsequent speed oscillation [3].

Finally, Table 2 summarizes the results obtained through the proposed method in a healthy and
faulty motor with one, two and three broken bars. There is a variation in the current spectrum of
∆f = 1.41 Hz (i.e., ripple) located at the frequency band between 56 and 58.5 Hz, which is caused by
a faulty motor with two broken bars. In addition, the increase in oscillation in the current spectrum
is proportional to the number of broken bars (i.e., a greater number of broken bars leads to greater
variation in the current spectrum, and vice versa). For instance, analyzing the frequency band between
56 and 58.5 Hz and comparing the results obtained for a motor with two broken bars, a 33.33% decrease
in the oscillations for a motor with only one broken bar, and a 47.57% increase in the oscillations of for
a motor with three broken bars can be determined. Furthermore, broken bar detection can be achieved
by analyzing the different frequency bands presented in Table 2, where the characterization for broken



Math. Comput. Appl. 2017, 22, 30 11 of 15

bar detection is presented. This approach offers a suitable alternative for motor diagnosis and the
quantification of broken bars in an induction motor.
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Table 2. Frequency bands associated with motor failures caused by broken bars when operating
at full-load.

Number of Broken Bars
Frequency Bands

56–58.5 Hz 52.8–54.8 Hz 50.5–52.5 Hz 48.5–50 Hz

0
56.98 < f < 57.55 53.34 < f < 53.85 51.12 < f < 51.5 48.9 < f < 49.3

∆f = 0.57 ∆f = 0.51 ∆f = 0.42 ∆f = 0.41

1
57.41 < f < 58.35 53.5 < f < 54.5 51.2 < f < 51.8 48.9 < f < 49.5

∆f = 0.94 ∆f = 0.98 ∆f = 0.58 ∆f = 0.59

2
57.02 < f < 58.43 53.2 < f < 54.6 51 < f < 51.9 48.7 < f < 49.6

∆f = 1.41 ∆f = 1.40 ∆f = 0.93 ∆f = 0.89

3
56.23 < f < 58.35 52.82 < f < 54.79 50.7 < f < 51.2 48.5 < f < 49.8

∆f = 2.08 ∆f = 1.97 ∆f = 1.41 ∆f = 1.32

5. Conclusions

This work has presented an alternative approach to performing the fault diagnosis of broken
bars in a three-phase induction motor. The proposed approach is based on the CWT-Morlet to
synthesize the motor current signal, which avoids the separate analysis of the transient and stationary
states and facilitates the fault diagnosis procedure. By decomposition of the current signal into scale
and translation coefficients, and the relationship between the wavelet scale and Fourier frequency,
the proposed procedure is able to identify the frequency bands where variations associated with the
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harmonics induced by broken bar failures occur. Frequency band analysis has shown that the oscillation
increase in the current spectrum is proportional to the number of broken bars. The experimental
validation of the proposed procedure carried out in the motor test bench implemented at Universidad
de las Fuerzas Armadas ESPE proved an efficient fault diagnosis and achieved the quantification of
the number of broken bars in a three-phase induction motor. The results achieved by the wavelet
transform highlight the applicability of this technique for the analysis of different electrical variables,
which allow the study of different faults in electric machines.

Future work will be focused on the application of the proposed approach to perform the
identification of bearing damage, short-circuit faults in windings, and eccentricity of induction
machines. In addition, an extension of the proposed work will be focused on classification based on
the Support Vector Machine.
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