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Abstract—This paper presents an advanced signal processing
method applied to the diagnosis of rotor asymmetries in asynchronous machines. The approach is based on the application of
complex empirical mode decomposition to the measured start-up
current and on the subsequent extraction of a specific complex
intrinsic mode function. Unlike other approaches, the method
includes a pattern recognition stage that makes possible the automatic identification of the signature caused by the fault. This automatic detection is achieved by using a reliable methodology based
on hidden Markov models. Both experimental data and a hybrid
simulation–experimental approach demonstrate the effectiveness
of the proposed methodology.
Index Terms—Asynchronous rotating machines, broken rotor
bar detection, complex empirical mode decomposition (EMD),
hidden Markov models (HMMs), pattern recognition.

N OMENCLATURE
fLSH
s
fs
tsamp
ia , ib , ic
f, g

Frequency of the left sideband harmonic
(in hertz).
Slip (-).
Power supply frequency (in hertz).
Sampling period (in seconds).
Line currents (in amperes).
Set or function.

p(x|j)

x1 , x2 , . . . , x M
P (xk |j)
B

P (i|j)
A
πi
π
λ
O
φ

Observation probability density (the distribution of the observations x emitted from
state j; -).
Set of emitted symbols/observations.
Probability of symbol xk to be emitted given
that the system is at state j (-).
Emission probability matrix (N × M ) holding the observation probabilities bj (k) =
P (xk |j).
Probability of transition from state j to
state i (-).
Transition matrix (N × N ) holding the transition probabilities aij = P (i|j) (-).
Initial state probability for state i (-).
Vector (N × 1) with the initial probabilities (-).
HMM model λ = (A, B, π) (-).
Observation sequence (-).
Phase of a complex quantity (radians).
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HE NEED for continuous monitoring in induction motors
was recognized as a necessity since the early 1990s [1].
Currently, an increasing number of research works are concentrating on the use of signal processing and computational
intelligence techniques [2], [3] which require “minimum configuration intelligence” [4].
Even though rotor faults account only for about 5%–10%
[5], [6] of the overall induction machine faults, most of the
developed techniques are devoted to their detection. Rotor cage
faults can lead to shaft vibration and, thus, bearing failures, air
gap eccentricity, etc. [7]. Moreover, the breakage of a rotor bar
leads to high current in adjacent bars, thus leading to potential
further breakage as well as stator faults [2]. Therefore, early
detection of the rotor asymmetry is essential not only for the
rotor protection but also for reducing the number of other types
of motor failures [7].
A variety of signals/quantities has been tested as means
for rotor fault detection [2], [7]. However, the predominate
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approach for rotor fault diagnosis in asynchronous machines is
motor current signature analysis (MCSA) [3], [7]–[10], mainly
due to its noninvasive nature, which aims to detect characteristic sideband harmonic components, usually the left sideband
harmonic (LSH), whose magnitude depends on the severity of
the fault (level of asymmetry), and its frequency is given by the
following equation:
fLSH = |1 − 2s| · fs

(1)

where fs is the power supply frequency and s is the slip.
LSH is caused by any electric or magnetic asymmetry in
the rotor of a squirrel-cage or slip-ring asynchronous machine
[11]. Conventional MCSA methods relying on the fast Fourier
transform have problems in quantifying the LSH due to sidelobe leakage. This problem is exacerbated for motors with a
rated power of some hundreds of kilowatts which have reduced
rated slips, especially when the load, and consequently the rotor
current, is low. Therefore, a number of advanced techniques
have been proposed for the detection of the LSH, as well as
other harmonics, such as high-resolution spectral methods [10],
parametric methods [12], time-frequency methods [13], timescale methods [14], etc.
Another problem related to the detection of the fault in
steady-state operation is that frequencies similar to those caused
by a rotor fault can be generated by other sources, such as lowfrequency torsional oscillations in drive trains with gearboxes,
voltage fluctuations, or bearing faults [7].
Due to this reason, a second group of methods based on the
examination of the stator current during start-up has become
quite popular. The idea of diagnosis based on transient current
analysis is not new [15]. However, a boost on this approach was
given by the great popularity of time-scale methods [16]–[19].
The frequency of the |1 − 2s|fs component varies between
0 and fs during start-up, giving rise to a very characteristic
V-shaped pattern in the time-frequency map [17]. This pattern is
very different from those due to other faults (e.g., eccentricities
[20]) or phenomena (e.g., load oscillations [16] and rotor axial
ducts [21], [22]). Hence, its detection becomes a very reliable
indicator of the occurrence of the fault, and therefore, a fault
detection algorithm relying on it is not so likely to be misled by
the presence of the aforementioned phenomena. On the other
hand, using the whole range of slip values complicates the
automation of the detection process by explicitly inducing time
dependences [19].
In two recent studies [23], [24], the fusion of all three
phase currents through the space vector transformation and the
application of complex empirical mode decomposition (EMD)
have revealed that a complex intrinsic mode function (IMF) can
be used as a means to manifest the presence of a rotor fault
using simulation data and artificially induced asymmetries to a
wound rotor induction motor.
The present work moves a step further, proposing the integration of the complex EMD-based diagnostic methodology with a
pattern recognition approach relying on hidden Markov models
(HMMs) [25], creating an automated procedure that can handle
the temporal aspects of the aforementioned phenomenon.

Fig. 1. Schematic diagram of the proposed automatic fault detection
procedure.

II. B ROKEN ROTOR BAR D ETECTION P ROCEDURE
The proposed method tries to isolate the faulty component
that is generated by the asymmetry caused by broken rotor
bar(s) during the start-up of an asynchronous machine and
subsequently codes the information in such a way that it can
be used by an automatic detection stage. A preprocessing step
involves a steady-state detector that signals the end of the transient, to restrict the analysis only at the crucial start-up period.
After that, the complex EMD decomposes the complex current
space vector derived by the application of Park’s transformation
to the phase currents into two IMFs. Once a rotor fault occurs,
a rotating component with a distinctive pattern is superimposed
to the rotating space vector of the fundamental during the startup. This component is captured mainly by the second complex
IMF which can be then employed for fault detection. Instead of
using the “raw” complex IMF, a discrete observation sequence
is created by a procedure that involves the extraction of the
instantaneous frequency (IF) of rotation, followed by morphological filtering, linear filtering, and thresholding as well
as quantification of its amplitude. The diagnosis is performed
using three HMMs, for healthy condition, one broken bar and
two broken bars, respectively, by finding the one that best fits
the observation sequence generated by the previous steps. The
whole procedure is depicted in Fig. 1.

A. Segmentation
The proposed approach focuses on the start-up current examination; thus, a steady-state detector is used to find the point
where the steady state has been reached. The most common and
simple steady-state detectors analyze the data over a predefined
moving window [26]. Over that window, important parameters
are sampled at regular intervals. Here, the mean of the sum
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of the energies of the three current signals is sampled over a
predefined moving window
M E(i) =

i+K−1

1  2
ia (j) + i2b (j) + i2c (j) .
K j=i

(2)

The standard deviation of the produced time series is computed, and once its value falls below a user-selected threshold, the rest of the recording is discarded from subsequent
processing.
B. EMD
EMD [27] provides a novel adaptive method for analyzing
nonlinear and/or nonstationary signals and has been recently
used for bearing fault detection [28], short-circuit detection
in permanent magnet synchronous motors [29], and decomposition of the asynchronous machine start-up currents [18].
Hardware implementations have also appeared lately [30].
EMD decomposes the signal into a number of IMFs, where
an IMF represents a simple oscillatory function plus a residual
term. Recent extensions generalize the rationale underlying the
EMD to the bivariate framework [31]. The complex/bivariate
EMD is based on the notion of “rotation” and formalizes
the following idea: “complex signal consists of fast rotations
superimposed on slower rotations” [31].
In this paper, a complex EMD based on the algorithm described in [31] (and implemented using the EMD toolbox [27])
is applied to the stator current space vector during the start-up.
According to (1), if we remove the absolute constraint, when
the machine is accelerating from standstill toward synchronous
speed, the frequency of space vector harmonic component
related to the rotor fault changes from −fs to almost fs . As it
was shown in [23] and [24], by applying complex EMD to the
stator current space vector, a specific IMF appears in the case of
rotor asymmetry, which is related to the LSH. This IMF, after
appropriate processing, can be used to train three HMMs for the
automatic classification of the machine condition.
C. HMMs for Chronologically Organized Data
HMMs [25] are a powerful and popular tool in pattern recognition for temporally evolving phenomena. They have been
used in a variety of problems, such as modeling of sensor data
within building automation systems [32], quality monitoring
of laser welding process [33], human–robot coordination [34],
fault detection in induction machines [35], and failure prognosis
in ac drives [36].
HMMs can be regarded as two related stochastic processes
that occur at the same time. The first process produces a
sequence of observed symbols (observations), and the second
is an underlying process that consists of connected states. Each
observation of the first stochastic process relates to each state
of the hidden layer by means of a probability distribution.
An HMM is characterized by the following set of
parameters:
1) the number of states N ;
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2) the observation probability densities p(x|j), j =
1, 2, . . . , N , describing the distribution of the
observations x emitted from state j;
3) the transition probabilities aij = P (i|j), i, j =
1, 2, . . . , N , among the various states, where P (i|j)
denotes the probability of transition from state j to state
i, the transition probabilities (some of them can be zero)
form the transition matrix A(N × N );
4) the probabilities πi = P (i), i = 1, 2, . . . , N , of the initial
state.
Even though the HMMs can deal with continuous observations, the most computationally efficient HMMs deal with a
finite number (M ) of emitted symbols/observations (“alphabets” {x1 , x2 , . . . , xM }) (discrete HMMs [25]). In this case, the
probability density functions p(x|j) boil down to probability
mass functions bj (k) = P (xk |j) that give the probability of
symbol xk to be emitted given that the system is at state j.
All standard HMMs are characterized by the aforementioned
parameters, and a compact notation of such a model is given as
λ = (A, B, π)

(3)

where B = {bj (k)} is a matrix with the observation probabilities and π = {πi } is a vector with the initial probabilities.
For a classification problem involving HMMs, usually a
number of models equal to the number of classes are trained
using data coming from the respective classes (learning problem). The most widely used method for learning the parameters
of an HMM is given by the Baum–Welch algorithm [25]. After
learning has taken place, a new (belonging to an unknown class)
observation sequence is assigned to the class whose model
best fits the observation sequence (evaluation problem). For the
evaluation problem, the forward or backward algorithm can be
used [25].
D. Sequence Generation
As noted in the previous section, the use of a restricted
output alphabet simplifies and speeds up the training process.
Therefore, a number of intermediate steps are taken in order
to come up with a suitable observation sequence. As it has
been proven, the application of EMD to the start-up current of
a motor with rotor asymmetry [18] produces an IMF (usually
the second one) that has a striking resemblance to the LSH
component, with a distinctive frequency-amplitude pattern over
the transient period [19]. An analogous situation holds for the
second complex IMF in the case of simulation data and data
coming from an artificially created asymmetry of a wound rotor
machine [23], [24]. A very similar IMF arises in the case of a
squirrel-cage machine with broken bar(s) as it will be shown in
the following sections.
Note: in order to make our approach invariant to the particular characteristics of the machine, the current space vectors are
normalized to have maximum modulus equal to unity before
any further processing takes place.
a) IF Approximation: The current space vectors and their
corresponding complex IMFs have a physical meaning since
they do correspond to rotating quantities. As a result, we can
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TABLE I
S YMBOL G ENERATION

or function g(n) of simpler shape called structuring element,
defined over a domain G = {0, 1, . . . , M − 1}, usually assuming N > M . The shape of the structuring element determines
the shape of the resulting “filtering” [40]. There are two basic
morphological operations: erosion () and dilation (⊕)
Fig. 2. (a) Raw approximation of the IF for a faulty machine (simulation
results), (b) after opening, (c) after closing, and (d) after full processing. Notice
the way that the peaks appearing at the beginning and at the ending of the
recording are suppressed (compare a and b) as well as the suppression of the pit
(compare b and c) after opening and closing, respectively.

compute the phase and the frequency of rotation from the
complex IMFs (4) using the following approach (5)–(7):
y(t) = u(t) + υ(t)i

(4)

υ(t)
u(t)

(5)

φ(t) = arctan

φ̇(t) = ω(t) = 2πf (t)
(6)


d
υ(t)
u(t)υ̇(t) − υ(t)u̇(t)
2πf (t) =
. (7)
arctan
=
dt
u(t)
u(t)2 + υ(t)2
Since we are dealing with discrete signals, we can calculate
the frequency using a centered difference approximation to the
time derivatives
f (k) =

u(k) (υ(k + 1) − υ(k − 1))
2π (u(k)2 + υ(k)2 ) tsamp
−

υ(k) (u(k + 1) − u(k − 1))
2π (u(k)2 + υ(k)2 ) tsamp

(8)

where tsamp is the sampling period.
Note: in the cases where the absolute value of the complex
quantity was close to 0, the corresponding IF was clipped to 0
to avoid numerical instability.
b) Morphological and Linear Filtering: The implementation of numerical differentiation, even with the clipping scheme
applied, can create “numerical” problems giving rise to spurious spikes (pits and deeps) [Fig. 2(a)] that can obscure the
trend of our signal, producing unrealistic values. Morphological
filtering provides an efficient way to suppress this kind of
undesired spikes. Morphological filtering is widely used in
image processing [37]–[39] but can also be applied in 1-D
signals [40].
A morphological operation is the interaction of a set or
function f (n) representing the object or shape of interest defined over a domain F = {0, 1, . . . , N − 1} with another set

(f  g)(n) =

min

m=0,...M −1

(f (n + m) − g(m))
for n = 0, . . . , N − M

(f ⊕ g)(n) =

min

m=0,...M −1

(9)

(f (n − m) + g(m))
for n = 0, . . . , N + M − 2. (10)

Two other operations are defined in terms of erosion and
dilation, namely, opening(◦ ) and closing(• )
f ◦ g =f  g ⊕ g

(11)

f • g = f ⊕ g  g.

(12)

Practically speaking, the opening of a data sequence can be
interpreted as the result of sliding the structuring element along
the data sequence from beneath and keeping the highest points
reached by any part of the structuring element. In this way, by
opening, we can suppress peaks [Fig. 2(b)]. On the other hand,
closing operates from above and suppresses any pits [Fig. 2(c)].
In order to remove the jigsaw-like output of the morphological filtering, we filter again using a double pass (in order
to have zero phase distortion) fifth-order low-pass Butterworth
filter with a cutoff frequency of 2.5 Hz. The result of this final
filtering step is depicted in Fig. 2(d).
c) Observation Sequence Generation: At the final stage of
the sequence generation, a discrete sequence is created by
thresholding the filtered IF signal using two limit values: −10
and 10. Combining it with a single threshold (0.025) for
the envelope of the magnitude of the second IMF, which is
calculated using cubic interpolation, a six-symbol alphabet is
generated. The process is explained in more detail in Table I,
where the thresholds were selected based on the observation of
the simulated sequences. The same values were used for the
experimental part as well.
Moreover, since the quite high sampling frequency creates
large sequences with plateaus that do not change abruptly, a
downsampled version (with only 100 samples) of the created
sequence is used for the training of the HMM models (without
deteriorating the discriminating power of the approach). The
procedure is depicted in Figs. 3–5 for the case of a healthy and
two faulty machines—the first with one and the second with
two broken bars.
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Fig. 3. (a) IF of a healthy machine after filtering. (b) Envelope of the second
IMF. (c) Corresponding observation sequence (downsampled).

Fig. 4. (a) IF of a faulty machine with one broken bar after filtering.
(b) Envelope of the second IMF. (c) Corresponding observation sequence
(downsampled).
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Fig. 5. (a) IF of a faulty machine with two broken bars after filtering.
(b) Envelope of the second IMF. (c) Corresponding observation sequence
(downsampled).

Fig. 6. Simulation results for a healthy squirrel-cage induction machine.
(a) Real and imaginary parts of the normalized space vector. (b) First IMF.
(c) Second IMF. (d) Envelope (red-dashed) of the magnitude (blue-solid) of the
second IMF. (e) IF of the second IMF.

III. S IMULATION AND E XPERIMENTAL I NVESTIGATION
A. Simulation Results
In order to tune our proposed method for the detection of
rotor broken bars, a simulation study was initially performed.
Therefore, a squirrel-cage induction machine in MATLAB/
Simulink was considered. Representative simulation results are
depicted in Figs. 6–8.
The real and imaginary parts of the stator current space
vector during start-up for a healthy induction machine are
depicted in the top graph of Fig. 6, normalized to unity. The
next two graphs of Fig. 6 depict the two produced IMFs of the
current waveform, which are obtained by the decomposition
of the signal using complex EMD. The next graph shows the

envelope of the magnitude of the second IMF, and the bottom
graph of Fig. 6 shows the estimated IF of the second IMF.
In Figs. 7 and 8, the same quantities for an induction machine
with one broken rotor bar and two rotors bars, respectively,
are shown. Regarding the second IMF, we can observe an
oscillation both of the real and imaginary parts with a period that decreases (slower oscillatory pattern) and increases
progressively. The second IMF is related to the space vector harmonic component which arises due to the rotor fault,
with a frequency which theoretically changes from −fs to
(almost) fs . As in the application of the univariate EMD [18],
at the beginning appears a pattern, which is “smeared” due
to the electromagnetic transient and border effects. Moreover,
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Fig. 9. Simulation results for a squirrel-cage induction machine with one
broken rotor bar. The second IMF of the stator current space vector during
start-up (normalized to the maximum modulus of the space vector).

Fig. 7. Simulation results for a squirrel-cage induction machine with one
broken bar. (a) Real and imaginary parts of the normalized space vector.
(b) First IMF. (c) Second IMF. (d) Envelope (red-dashed) of the magnitude
(blue-solid) of the second IMF. (e) IF of the second IMF.

Fig. 8. Simulation results for a squirrel-cage induction machine with two
broken bars. (a) Real and imaginary parts of the normalized space vector.
(b) First IMF. (c) Second IMF. (d) Envelope (red-dashed) of the magnitude
(blue-solid) of the second IMF. (e) IF of the second IMF.

the maximum amplitudes both of the real and imaginary parts
are a bit higher at the second part of the chirp-like component
compared to those of the first part. This particular pattern of
the two chirp-like components is in line with the theoretical
analysis of the LSH [19]. Moreover, the amplitude of the second
IMF increases with the severity of the fault.
The first IMF is, in essence, the fundamental harmonic of
the stator current space vector with constant frequency equal to
50 Hz. It rotates counterclockwise with constant frequency, and

only its amplitude is decreasing with time. On the other hand,
the IF of the second IMF is changing from negative to positive,
something which is obvious from the change in the direction of
rotation (Fig. 9), while its amplitude is progressively reduced,
and then, it is increasing again, following the theoretical pattern
of the LSH.
As it was shown in Figs. 3–5, the patterns that are produced
are quite different, justifying the whole procedure to condense
the information contained in the second IMF into a sparsely
sampled sequence.
During the simulation evaluation, we found out that the
whole procedure brakes down in case of very fast start-ups,
lasting less than 0.5 s. During such fast start-ups, the first chirplike component is completely obscured. Therefore, in order
to test the proposed approach, we simulated ten healthy and
ten faulty start-ups with different durations of the transient
phenomenon using the squirrel-cage induction machine model
but for a start-up duration always longer than 0.7 s.
Since the exact number of hidden states of an HMM cannot
be determined accurately a priori [25], we tested five different
configurations of the HMM classifier, i.e., with five different
numbers of hidden states. More specifically, we tried HMMs
with two to six hidden states. Each time, we trained three
HMMs: one to model the healthy condition, one for the one
broken bar condition, and one for the two broken bar condition.
Moreover, since the phenomenon that we are trying to model
has an inherent chronological structure, we selected to test only
linear HMMs (allowing only transitions to the next state and to
the current state) [25].
Finally, to validate our automated approach, we applied
the leave-one-out method: each time we excluded one of the
available time series from the training process and we used
it only for testing the performance of the constructed HMM
classifier. Using this leave-one-out procedure, we tested the
performance of each one of the five configurations, repeating
the whole process ten times since training of the HMM is a
stochastic process. The results are summarized in Table II. As it
can be seen, the approach using simulated data is 100% accurate
for all configurations of the HMMs. This can be sometimes
optimistic since the simulated situations do not always account
for the variations encountered when the actual system is under
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TABLE II
R ESULTS FOR S IMULATION DATA

Fig. 11. Experimental results for a healthy squirrel-cage induction machine.
(a) Normalized space vectors. (b) First IMF. (c) Second IMF. (d) Envelope
(red-dashed) of the magnitude (blue-solid) of the second IMF. (e) IF of the
second IMF.
Fig. 10. Picture of the rotor with one broken bar.

investigation, and we must also bear in mind that an exhaustive
set of signals was not acquired and very short start-ups were
not included in the investigation. Therefore, after the tuning that
was performed during the simulation study, the method was put
to test using a real experimental setup.
B. Experimental Results
Several experiments were carried out with the 1.1-kW
squirrel-cage induction motor described in the Appendix. The
motor was directly coupled to a dc machine acting as load.
Healthy and faulty rotors (with one and two broken bars) were
used in the experiments. Each bar breakage was artificially
forced by drilling a hole in the corresponding bar, just in the
junction point between the bar and the short-circuit end ring.
The hole was such that the bar had no contact at all with the end
ring (Fig. 10). Stator currents were sampled with a frequency
of 5 kHz. Ten healthy and ten faulty start-ups with different
duration of the transient phenomenon were carried out. As in
the simulation case, the start-ups lasted longer than 0.7 s since
our initial simulation investigation revealed that detection for
shorter start-ups is compromised.
Figs. 11–13 depict the decomposition of the start-up currents
for a healthy and two faulty cases. These figures look much
alike their simulated counterparts described in Section III-A.
The two chirp-like components are present in the case of the
machine with broken rotor bar(s), even though a bit less pronounced compared to the simulated data, and practically absent
in the case of the healthy machine (since there is an inherent
asymmetry in almost all machines, the chirp-like components
might appear during the analysis, but the clipping method will
suppress them).

Fig. 12. Experimental results for a squirrel-cage induction machine with one
broken bar. (a) Normalized space vectors. (b) First IMF. (c) Second IMF.
(d) Envelope (red-dashed) of the magnitude (blue-solid) of the second IMF.
(e) IF of the second IMF.

Following the same procedure (leave-one-out) but testing
only three configurations this time (two to four hidden states)
and repeating it ten times, we obtained the results that are
summarized in Table III. We selected to ignore the more
complex HMMs because, from the initial simulation study, it
was made clear that a simpler model would suffice for the
problem at hand. Therefore, we followed the general principle
that simpler models should be preferred especially when using
a finite number of training data.
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TABLE IV
R ESULTS C OMBINING S IMULATION AND E XPERIMENT

Fig. 13. Experimental results for a squirrel-cage induction machine with two
broken bars. (a) Normalized space vectors. (b) First IMF. (c) Second IMF.
(d) Envelope (red-dashed) of the magnitude (blue-solid) of the second IMF.
(e) IF of the second IMF.
TABLE III
R ESULTS FOR E XPERIMENTAL DATA

Fig. 14. Spectrogram (a) of a healthy machine and (b) of a machine with one
broken rotor bar.

As in the case of the simulation results, the detection accuracy was 100%. However, in most real-life situations, we rarely
have the luxury to have data from the faulty class. Therefore,
either an anomaly detection approach could be followed, or as
in our case, a model-based approach could be followed.
C. Combining Simulation and Experimental Data
In real-life applications, we usually do not have access to
the faulty state of a system in order to train a classification
method. In order to circumvent that, in the final stage of our
study, we used the simulations of the squirrel-cage machine to
train three HMMs. These three HMMs were subsequently used
to classify the start-ups coming from the experimental setup.
In other words, the models were developed using only simulation data which were subsequently tested using real experimental data.
In Table IV, we summarize the results derived by averaging
the outcomes of ten repetitions of the aforementioned procedure. Using an HMM with very few hidden states (two to four),
we are capable of achieving again 100% detection accuracy
with no false alarms.
IV. C ONCLUSION
In this research work, an automated method for the detection of broken rotor bars in asynchronous squirrel-cage

machines has been presented. A pattern recognition approach
was employed based on a transformation of the continuous
complex IMF into a discrete time series with a small number
of levels and the use of three HMMs for the classification
stage. The proposed approach was quite promising, achieving
100% detection accuracy with no false alarms. Moreover, the
successful detection of experimental data based on HMMs that
were trained using only simulation data makes the approach a
viable candidate for the application in real-life situations.
The characteristic V pattern of the IF of the LSH that arises
when a single current is processed “unfolds,” in our case, to
a line running (theoretically) from −fs to fs . The complex
EMD acts as an adaptive nonlinear filter isolating the faulty
component which would otherwise (i.e., in the case of the
short-time Fourier transform) require further processing. For
example, in Fig. 14, the V pattern can be seen; however,
it occupies much more space in the time-frequency domain,
requiring a more sophisticated feature extraction stage.
A possible limitation of the proposed method is that it
cannot cope well with very quick start-ups. This is due to the
fact that, if the start-up length is very short, the decaying dc
components which appear in the stator current at switch-on
[11] superimpose with those created by the LSH evolution; in
that case, the identification of the LSH may become difficult.
Nonetheless, the analyzed fault is more likely to take place in
large motors started under high inertias.
On the other hand, our approach provides reliable results
even in cases in which the traditional approaches may not work
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well, becoming an interesting complementary informational
source that may contribute in clarifying the diagnosis in controversial cases. More specifically, each time the machine starts
up, a small chunk of data (depending on the start-up duration)
could be collected using a DAQ card and transferred to a PC
where the broken-bar detection algorithm will run in almost
real time in order to detect potential faults in an automated
way (according to the schematic diagram of Fig. 1) and without
the need for immediate supervision, since the detection is
performed automatically and not through eye inspection. As
such, it can be used in combination with an online detection
scheme in a broader decision support system in order to trigger
an alarm for further continuous inspection.
A PPENDIX
Rated characteristics of the 1.1-kW motor: star connection,
rated voltage (Un ): 400 V, rated power (Pn ): 1.1 kW, two pairs
of poles, primary rated current (I1n ): 2.7 A, rated speed (nn ):
1410 r/min, and rated slip (sn ): 0.06. The number of rotor bars
is 28.
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