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Abstract – In this paper, statistical signal processing
techniques are applied to electromotive force signals captured
in external coil sensors for adjacent and nonadjacent broken
bars detection in induction motors. An algorithm based on
spectral subtraction analysis is applied for broken bar
identification, independent of the relative position of the bar
breakages. Moreover, power spectrum analyses enable the
discrimination between healthy and faulty conditions.
The results obtained with experimental data prove that the
proposed approach provides good results for fault detectability.
Moreover the identification of the faults, and the signal
correlation indicator to prove the results, are also presented for
different positions of the flux sensor.
Index Terms— Fault Diagnosis; Induction Motors; Flux;
Signals; Spectral Analysis.

I.

INTRODUCTION

A

recent trend in the electric motor condition monitoring
area relies on combining the information obtained from
the analyses of different machine quantities (currents,
vibrations, temperatures, etc…) to reach a more reliable
conclusion about its health. This is due to the fact that it has
been proven that the analysis of a single quantity enables to
diagnose specific faults or anomalies but it is not enough to
determine the health of the whole motor. In this context, the
analysis of classical quantities that are well-known in the
industry, such as currents or vibrations, has shown some
problems or drawbacks for the diagnosis of certain faults [1].
With regards to the condition of the rotor, neither current
nor vibration analyses have proven to be valid in all the cases
that may rise in industry; it has been reported, for instance,
the occasional occurrence of false indications when these
techniques are used [2]-[5]. One of the cases where these
techniques have not shown good results when detecting rotor
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damages is under the presence of nonadjacent bar breakages
in the rotor cage. In this regard, over recent decades, several
works have reported problems of current-based techniques to
detect such fault: in the early 80’s Hargis et al. already
pointed out that when the broken bars are separated by /2
electrical radians, current analysis may underestimate the
number of broken bars and may even fail to detect the defect
[6]. Years later, Benbouzid [7] ratified the previous
statement, remarking that the lower sideband harmonic
(LSH) may not be discernible when the breakages occur at
specific relative locations. The statement of the problem led
several authors to deepen in the physical study of the
phenomenon by developing suitable electric motor models
that were aimed to analyze the relation between the relative
positions of the broken bars and the results of Motor Current
Signature Analysis (MCSA). This is the case of [8], in which
a model of a 22-bar, four-pole machine was built considering
all the potential cases of double breakages; the authors
concluded again that the amplitude of the LSH greatly
depends on the relative position between the broken bars.
Other physical analyses of the problem that reached
analogous conclusions can be found in [9]-[10], while
empirical analyses were performed in [11]. Finally, in [12] it
is presented a physical analysis of the air gap magnetic
anomaly for the case of any double bar breakage, including
multiple experimental tests that confirmed the effect of the
bar breakage location on the MCSA results. This work
proved that when two broken bars are separated by a distance
equal to half the pole pitch, the LSH amplitude can be
significantly lower than that reached for the case of only one
broken bar.
In spite of the number of works dealing with the
nonadjacent broken bars issue, note that most of them are
focused on presenting rigorous analyses of the problem
which ratify the difficulties of classical diagnosis methods.
However, none of the previous works has proposed reliable
solutions to the problem, neither based on current analysis
nor on analysis of other quantities. More recently, several
groups of authors have proposed novel strategies that were
intended to solve the nonadjacent broken bars diagnosis
issue. In this regard, [13] proposed a method for detecting
nonadjacent bar breakages, which relies on the study, both at
steady-state and under starting, of high order harmonics
(located at f·(5-4·s) and f·(5-6·s), with f=supply frequency
and s=slip) produced by the fault in the stator current. The
problem of this approach is that these harmonics often have
low amplitudes and are not always easily discernible neither

on the Fourier spectrum of the steady-state current nor on the
time-frequency analysis of the starting current. On the other
hand, [14] compares the performance of MCSA and Zero
Sequence Current (ZSC) analysis to detect both adjacent and
nonadjacent bars. This works concludes that the ZSC
analysis may be promising to avoid potential false negative
indications of MCSA. However, this method requires the
measurement of currents in all three motor phases (in delta
configuration) for the later computation of the ZSC, which is
not easy in many real industrial applications. In a more
recent work, Gyftakis et al [15] proposed a reliable indicator
to detect nonadjacent broken bars based on the Filtered
Park’s/Extended Park’s Vector Approach (FPVA/FEPVA).
This method relies on monitoring the higher harmonic index
of the Park’s vector. Their results were confirmed via
multiple experimental tests. Once again, the problem is that
measurement of all three currents is necessary, a requirement
that may significantly complicate the industrial applicability
of the approach.
Due to the important problems of the methods relying of
current analysis to detect nonadjacent broken bars, other
technologies based on alternative quantities are being
explored. In this context, in [16] it is proposed the
installation of a Hall effect sensor between two stator slots
and the subsequent Fast Fourier Transform (FFT) analysis
of the registered data. The disadvantage of this method,
which proves to be effective under low slip operating
conditions, is the unpractical nature of the approach due to
the necessity of sensor installation during motor assembly.
However, this work demonstrates the potential of the flux
analysis for such diagnosis, even though it is focused on the
analysis of the internal flux in the machine.
An alternative flux-based method that could have a more
practical feasibility would rely on the analysis of the motor
stray flux. In this regard, the study of the external magnetic
field in the vicinity of the motor has been proposed as a very
interesting alternative for the diagnosis of several motor
faults, namely: adjacent rotor faults [17]-[19], eccentricities
[20]-[21], stator faults [22]-[24] or even gearbox problems
[25]. It has been proven that, when certain faults are present,
specific harmonics are amplified in the Fourier spectra of the
Electromotive Force (EMF) signals induced in external coil
sensors installed at different positions. The simplicity, low
cost, and easy implementation of the technique makes it a
very interesting option to complement the information
obtained with other well-known technologies, especially
considering the progressive reduction in price of the
available flux sensors that comes together with an increase of
their features [26]. Though most of the previous works
related to flux monitoring have explored the applicability of
the technique under stationary conditions, some recent works
have also studied the viability of the method under transient
operation, obtaining very promising results [27]-[29].
In spite of all these advances, very few works have
deepened in the application of the stray-flux analysis
technique to detect nonadjacent broken bars in induction
motors. One of the few available papers in this topic is [30],
which relies on the extraction of certain spectral flux

component over time. Once again, the main constraint is that
it focuses on the amplitudes of high order harmonics that
may not always be easily detectable.
In this work, a new algorithm to detect rotor damages,
in induction motors based on the analysis of stray flux
signals is proposed. It uses a spectral pattern recognition
method based on the spectral subtraction of the power
spectrum of the captured flux signals. The proposed
algorithm is applied not only to detect adjacent bar
breakages, but also nonadjacent broken bars. In the paper,
different positions of the considered sensor are assessed. The
results, which are an extension of those already presented in
[31], show the potential of this approach, which provides
valuable information to detect nonadjacent rotor damages.
One important advantage of the proposed approach, in
comparison with other methods, is its simple implementation
and practical feasibility, since only one sensor measurement
is required. Moreover, this can be done in a non-invasive
way, without perturbing the operation of the machine. This is
a crucial advantage in industry, where non-invasive nature
and simplicity are crucial requirements for the massive
penetration of fault diagnosis techniques. Finally, the
method relies on clear variations of the detected patterns
which are discernible even for low fault severity levels and
that are based on the overall flux spectrum rather than on
particular harmonics that could be easily affected by other
phenomena or which may have reduced amplitudes. The
validity of the proposed approach is proven through several
experimental tests that have been developed with the aid of
an in-house built sensor that enables to measure the
necessary quantity in a simple and fast way.
II.

ROTOR BAR BREAKAGE DETECTION VIA
ANALYSIS OF FLUX SIGNALS

Different authors have proven that the presence of certain
faults in the motor amplifies some components in the stray
flux spectrum [17]-[25], [32]. Most of these works proposed
the use of external coil sensors for the capture of the
necessary signals and the subsequent Fourier analysis of
these signals to detect the components amplified by rotor
damages and other faults. Regarding the detection of bar
damages, in [32] it is suggested the study of the sideband
components appearing at f·(1±2·s·f) (with s stands for the slip
and f for the supply frequency) around the main frequency
component in the FFT spectrum of the captured EMF
signals. More recent works such as [17], [33] propose the
study of other components in the low frequency region of the
FFT spectrum of the EMF induced in external coil sensors;
according to these authors, when rotor faults are present, the
components located at s·f and 3·s·f are amplified in that FFT
spectrum. Therefore, the study of the amplitudes of these
harmonics may become a reliable indicator of the presence of
the fault.
Although most of the works developed in the literature are
focused on the analysis of the EMF signals induced in
external coil sensors at steady-state operation of the motor,
some recent papers have explored the viability of the analysis

of these signals under the startup, obtaining very promising
results [27]-[28], [34]. These works have proven that, during
transient operation, the fault components follow particular
trajectories that can be used as evidences of the failure.
The present work focuses on the flux-based detection of
rotor faults but considering the case of nonadjacent broken
bars. As commented above, despite several works have stated
the difficulties that conventional methods have under this
situation, very few works have tried to proposed effective
solutions to the problem.

the power spectrum using descend method. The obtained
results for both signals after sorting the power spectrum are
used for spectral subtraction. The overall process to perform
the proposed algorithm is shown in Fig. 2.

III. PROPOSED ALGORITHM
To try to achieve some recognition criteria to classify the
damages, a method based on the spectrum descending order
is applied to the signal obtained after preprocessing (output
signal after noise reduction). Later, a spectral subtraction
operation with respect to the signal of the healthy motor is
also performed [35], [36]. Finally, a moving average block is
used as a smoothing filter to eliminate impulsive components
of the spectral subtraction. The resulting algorithm given by
these processes is described in Fig. 1.
The pattern recognition algorithm is based on the use, as a
basic pattern, of the signal of the healthy motor. This is not a
serious restriction under a practical point of view, since that
signal could be obtained after motor commissioning or after
motor inspection, once the rotor is guaranteed to be healthy.
In the method, once the actual samples have been captured,
they can be compared with the healthy ones. The proposed
method is based on searching for patterns, by looking at the
differences in the spectrum of both signals (actual sample vs.
healthy one). The use of the signal of the healthy motor as a
signal reference is analogous to the schemes of adaptive
systems. What is obtained at the output is a spectral pattern
that identifies the number of broken bars present in the
motor.

Fig. 1.Block Diagram of the proposed algorithm for identifying broken bars.

For ﬁnite duration discrete-time signals {𝑥(𝑛)}𝑁−1
𝑛=0 (which
represents the signal to be processed) and {𝑦(𝑛)}𝑁−1
𝑛=0 (which
represents the healthy motor signal that is taken as reference
signal), both of length 𝑁 samples, the classic method for
estimation of the power spectrum is the periodogram. The
periodogram is deﬁned as:
1

2

1
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In our case, the algorithm is based on performing the
power spectrum for both signals, namely: the input signal 𝑥
and the reference signal 𝑦. Afterwards, we proceed to sort

Fig. 2. Method to perform the proposed algorithm.

As a final step, we propose the application of a moving
average filter for smoothing.
The novelty of this algorithm relies on the use of a
reference signal which controls the entire process, in addition
to the use of spectral subtraction and the ordering of the
power spectrum. Computational complexity of the algorithm
is low, since it is based on second order statistics.
IV. EXPERIMENTAL RESULTS
Different experiments were developed at the laboratory by
using a 4-pole, 1.1 kW induction motor which was coupled
to a DC machine acting as a load. The detailed characteristics
of the tested motor and load can be found in the Appendix.
Different cage rotors (28 bars in each rotor) with diverse
levels of failure were available, so that each specific rotor
could be assembled to test the corresponding rotor fault
condition. More specifically, in this work the considered
cases are: healthy rotor and rotor with two broken bars. In
this latter case, different relative positions between the
broken bars were tested, namely: bars 1-2 broken (adjacent
broken bars), bars 1-3 broken, bars 1-4 broken, bars 1-5
broken and bars 1-6 broken.
In each test, the machine was started until it reached the
steady-state regime. The EMF signal induced in an external
coil sensor attached to the frame of the machine was captured
using a digital YOKOGAWA DL-850 oscilloscope. The flux
sensor was built in the laboratory and was based on a coil
with 1000 turns with an external diameter of 80mm and an
internal diameter of 39mm. Two different sensor locations
were considered: position A (sensor attached to the lateral
part of the motor frame, in the shaft side, Fig. 3 (b)) and
position B (sensor attached to the center of the frame, Fig.
3(c)). The signals were captured using a sampling rate of 5
kHz and the acquisition time for the steady-state signals was
40 seconds. Both the experimental test bench and the two
considered sensor positions are shown in Fig. 3.

(a)

Fig. 4. Resulting spectral pattern obtained from position A.

(b)
(c)
Fig. 3. a) Experimental test bench, b) Position A of the coil sensor,
c) Position B of the coil sensor

In order to detect the corresponding faulty condition, the
idea of the proposed algorithm to identify the broken bar
pattern is to take, as a reference, the healthy state of the
motor. The objective is to detect differences in the power
spectrum, taking into account that a motor in a healthy state
will have a certain power spectrum. When the motor is
faulty, it will no longer have the same spectrum. Hence, our
method will be based on the rearrangement of the power
spectrum and spectral subtraction to obtain an identification
pattern of broken bars regardless of the relative position of
the bars.
The developed algorithm was conditioned by two goals: 1)
it should be able to distinguish between healthy and faulty
cases based on the analyses of flux data, and 2) it should be
able to detect the existence of the fault regardless of the
position of the bars that break.
A. Experimental results obtained from the measurement in
position A
Regarding the position A, the resulting pattern obtained
for each sample after the application of the proposed
algorithm (see Fig. 1) allows us to discern when we are in the
presence of a motor with two broken bars, since all the
samples converge to the same line (see Fig. 4).
In Fig.4 we can also see the stepped positioning of the
obtained patterns from each sample according to the relative
positions, whose difference lies in the amplitude, that is: first
position_1_2 (red), position_1_6 (black), position_1_5
(yellow), position_1_3 (green), the above except for
position_1_4 (blue) which reflects a total difference with the
rest of the obtained patterns, from each sample. This result
can be very useful for discrimination between the healthy
and faulty cases and for the identification of the two broken
bars case, regardless of the relative position of the broken
bars.

To prove that we are in the presence of a motor with two
broken bars, the Pearson correlation coefficient was applied
between the resulting patterns obtained from the
measurements carried out in position A. The correlation
obtained between the resulting patterns is almost 1, except on
the case of position 1_4. Table I shows the results obtained.
In that table, CORR_POS_X_X is the correlation obtained
from each pattern with respect to the resulting pattern of the
bar BB_1_2. The measurement BB_1_2 was taken as
reference, but another sample could have been taken, the
correlation will give similar values with the exception of
position 1_4, which has a certain difference as shown in the
graph of Fig.4. Now if we consider the mean value of the
module of the obtained correlations, it gives as result:
0.9768.
TABLE I
CORRELATION VALUES OBTAINED ACCORDING TO THE RESULTING
PATTERNS. POSITION A
CORR_POS_1_2 & 1_6 =
1.0000 0.9933
0.9933 1.0000
CORR_POS_1_2 & 1_3=
1.0000 0.9344
0.9344 1.0000

CORR_POS_1_2 & 1_5 =
1.0000 0.9945
0.9945 1.0000
CORR_POS_1_2 & 1_4=
1.0000 -0.9849
-0.9849 1.0000

B. Experimental results obtained from the measurement in
position B
As for the position B, it is verified by the resulting pattern
(see Fig.5) that there are two broken bars and just as in the
position A, we can discern in which relative position is the
position 1_4 (blue) and the position 1_6 (black) which are
differentiable from the rest of the others, since their
correlation value is negative as well as the results of the
measurement at position A.

intended is to find out a common pattern for when there
are two broken bars, regardless of their relative position,
so, in this case, the information relative to the location in
the frequency domain is not so relevant.

Fig. 5. Resulting spectral pattern obtained from position B.

With respect to the other broken bar relative positions
(1_2, 1_3 and 1_5), these follow a stepped descendent
pattern as in Fig.2, although not in the same order. The
correlation obtained between the resulting patterns as in
position A is almost 1, except on the position 1_4 and
position 1_6, whereby these two positions can be discerned.
In Table II the results are shown. Now, if we proceed in the
same way as for position A, with the average value of the
module of the correlations obtained, it yields: 0.7309. The
correlation levels obtained in the measurements made in both
relative positions A and B, respectively, oscillate between
0.7 and 0.98, which can be a variable indicator to identify
broken bars using the flux signals.
TABLE II
CORRELATION VALUES OBTAINED ACCORDING TO THE RESULTING
PATTERNS. POSITION B
CORR_POS_1_2 & 1_6 =
CORR_POS_1_2 & 1_5 =

1.0000 0.7875
0.7875 1.0000

CORR_POS_1_2 & 1_4 =

0

1.0000 -0.5542
-0.5542 1.0000

Note that the power spectra of Figs. 4 and 5 have been
sorted according to the amplitude in descending form, as a
way to organize the vector to evaluate the spectral
subtraction, whose objective is to obtain differences in the
spectrum in relation to the healthy state . By carrying out
the spectral subtraction of the spectra, only the
components in the failure bands will remain, since the
components of fundamental frequencies as well as the
noise that may exist in the spectrum are cancelled out.
The fault components appear in the spectrum in the
bands adjacent to the fundamental frequency. When the
spectrum is sorted, the frequency components are placed
in descending order according to their amplitude value; the
amplitude values of the components where there is a fault
will take a new position in the new ordered amplitude
vector, but this information is not relevant, since what is
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C. Discrimination between healthy and damaged state
based on the spectra.
The discrimination between healthy and faulty conditions
can be carried out by comparing the corresponding spectra of
the captured EMF signals. However, this procedure is
influenced by the occurrence of nonadjacent breakages since,
depending on the relative positions between the bars that
break, the amplitudes of the fault harmonics may sensibly
differ [30]. However, as pointed out in previous works [17],
[33], the analyses of the Fourier spectra may be helpful at
least to have an evidence that an anomaly may be present. A
rough analysis of the characteristics of the Fourier spectra
for each one of the considered positions of the sensor (see
Figs 6 and 7) is presented below. Table III synthesizes the
conclusions of both figures and includes the case of a single
broken bar for comparison purposes.
Characteristics of the spectra for position A:
 All the analyses show the presence of the main rotor
fault component (lower sideband harmonic, LSH),
which is typically used for diagnosing the fault and
that is located at f·(1-2·s). However, note that there
are clear differences between the amplitude of this
harmonic for healthy and faulty conditions, a fact
that may enable to discriminate between both
conditions (see Fig. 6).
 Note that, for the different cases of broken bars, the
amplitude of the lower sideband harmonic
significantly changes. The maximum amplitude is
reached when the broken bars are consecutive
(positions 1-2), whereas the minimum amplitudes
happen when the broken bars are at positions 1-4
and 1-5. This fact clearly confirms the influence of
the relative position of the broken bars on the fault
component amplitude. In any case, in spite of these
differences between faulty cases, the differences are
evident versus healthy condition.
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[33].Once again their amplitudes are influenced by
the relative positions of the breakages. But their
presence is an evidence of the existence of the fault.
In conclusion, the analyses of the spectra can enable to
distinguish visually between healthy and faulty conditions
but the influence of the relative position between broken bars
may make the discrimination difficult in some cases. Due to
this, the algorithm proposed in the first part of the paper can
be especially useful to diagnose this situation and avoid false
negative indications.
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Fig. 6. Comparison of the spectrum of the healthy motor (a), with the
broken bars spectra ((b) to (f)). Sensor Position: A
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Characteristics of the spectra for position B:
 All samples have the expected fundamental
harmonic at 50Hz (see Fig. 7).
 As in position A, sideband components are present
for all faulty cases although their amplitudes vary
depending on the relative position between broken
bars (maximum amplitude for adjacent bars, in
agreement with the conclusions of previous works
focused on current analysis [12]).
 Again, there is a significant variation between the
lower sideband amplitude for the faulty cases. In
some relative positions, the compensation effect
between both breakages may lead to very low
amplitudes of the sideband that may lead to
difficulties for discriminating versus healthy
condition.
 If the low frequency regions (not shown in the
figures due to space restrictions) are studied, fault
harmonics are detectable at components s·f and 3s·f
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Fig. 7. Comparison of the spectrum of the healthy motor (a), with the
broken bars spectra ((b) to (f)). Sensor Position: B

TABLE III
LSH FREQUENCY AND AMPLITUDE FOR EACH TESTED
CONDITION AND FOR EACH SENSOR POSITION
SENSOR POSITION A

CONDITION

SPEED
(RPM)

LSH FREQUENCY
(HZ)

LSH AMPLITUDE (DB)

Healthy
1 broken bar
2 broken bars (1-2)
2 broken bars (1-3)
2 broken bars (1-4)
2 broken bars (1-5)
2 broken bars (1-6)

1481
1480
1480
1487
1488
1488
1486

48,73
48,67
48,67
49,13
49,20
49,20
49,07

-59,4
-53,2
-36,4
-41,4
-51,6
-54,9
-41

CONDITION
Healthy
1 broken bar
2 broken bars (1-2)
2 broken bars (1-3)
2 broken bars (1-4)
2 broken bars (1-5)
2 broken bars (1-6)

SENSOR POSITION B
SPEED
LSH FREQUENCY
(RPM)
(HZ)

1480
1486
1484
1488
1485
1479
1486

48,67
49,07
48,93
49,20
49,00
48,60
49,07

LSH AMPLITUDE (DB)

-60,5
-54,1
-50,2
-60,1
-59,9
-57,5
-58,2

D. Discrimination between healthy and damaged state
based on the autocovariance function.
From the previous results based on the information of the
frequency spectrum, differences between both spectra can be
visually appreciated for the healthy and damaged state.
However, it is convenient to obtain an indicator that emits a
constant or a variable value in a certain range when it is in
the presence of a healthy motor and when the motor is
damaged.
In relation to this, in this section an algorithm based on the
square value of the median of the autocovariance of the flux
signal is proposed. It is decided to use the median and not the
mean value so that the amplitude peak in the flux signal has
no influence at the time of the calculation of the indicator.
The reason for using the quadratic value of the median of the
autocovariance is explained by the fact that it is necessary to
obtain a quantitative indicator which clearly differs between
healthy and faulty conditions. Although other quantities such
as the mean value, quadratic mean of variance have been also
evaluated, they have not led to so sensitive results as the
proposed quantity.
The theoretical foundations of the proposed algorithm are
described below: For a stationary periodic real signal, the
autocovariance function of a random, stationary process
{𝑥(𝑛)}𝑁−1
𝑛=0 is a measure of the dispersion of the process
around its mean value and is defined as a function dependent

(2)
where m2x ( 1 ) is the autocorrelation function. From the
above equation it can be noted that if the process is of value
zero mean value, the autocovariance coincides with the
autocorrelation function. Then replacing in (2) and applying
second order statistics we have:
1
𝑐2𝑥 (𝜏) = ∑𝑁−1−𝜏
𝑥(𝑡) ∙ 𝑥(𝑡 + 𝜏)
(3)
𝑁 𝑡=0
Then, after obtaining the autocovariance function, we
proceed to calculate the square value of the median, for each
sample used in the experiment, which is as follows:
Let 𝑥1 , 𝑥2 , 𝑥3 , … , 𝑥𝑛 be the data of a sample ordered in
increasing order and designating the median 𝑀𝑒 as: if 𝑛 is
odd, the median is the value occupied by the position

𝑀𝑒(𝑐𝑥2 ) =

𝑐2𝑥 (𝜏)(𝑛+1)
2

, then if 𝑛 is not odd , the median is the

arithmetic mean of the two central values. Then it would be:
𝑐2𝑥 (𝜏)(𝑛) + 𝑐2𝑥 (𝜏)(𝑛+1)
2
2
𝑀𝑒(𝑐2𝑥 ) =
2
Substituting to find out the temporary indicator:
𝐼𝑛𝑑𝑡 = (𝑀𝑒(𝑐2𝑥) )2
(4)
The obtained results applying the proposed algorithm as a
temporary indicator for the detection of the healthy-damaged
state of the motor are shown in Fig. 8, likewise these are
summarized in Table IV.

(a)

(b)
Fig. 8. Comparison between: (a) Indicator for healthy state condition for
both sensor positions A and B (b) Indicator for broke state condition for both
sensor positions A and B.

TABLE IV
VALUES OF THE INDICATOR AND MULTIPLICATION FACTOR FOR BOTH
SENSOR POSITIONS A AND B
SENSOR
INDICATOR INDICATOR
MULTIPLICATION
POSITION
FOR
FOR
FACTOR
FAULTY
HEALTHY
STATE
STATE
HEALTHY_A
2.7E-08

1-2_A
1-3_A
1-4_A
1-5_A
1-6_A

6.8E-09
1.7E-10
4.4E-07
3.4E-09
4.65E-08

HEALTHY_B
1-2_B
1-3_B
1-4_B
1-5_B
1-6_B

9.77E-07
1.6E-05
2.67E-06
5.23E-07
5E-05

0.2519
0.0063
16.2963
0.1259
1.7222
2.1E-06
0.4652
7.6190
1.2714
0.2490
23.8095

can be noticed visually, by means of the harmonics appearing
both at lower frequencies and around the main component.
Furthermore in relation to this, a potential indicator to
evaluate the condition of the motor and discriminate between
healthy and damaged state has been evaluated
experimentally. This indicator is based on the calculation of
the square value of the median of the autocovariance
function of the stray flux signal. It is shown that there are
quantitative differences in the obtained values when
evaluating the indicator for both states(healthy and faulty)
and it was demonstrated that the position of the flux sensor
as well as the relative position of the broken bar may have
influence at the time of calculation of the indicator.
According to the obtained results the indicator evaluated
when the sensor is at position B seems to be more sensitive
than when the sensor is at position A.

As it can be observed in Table IV, there is a notable
difference in the values of the indicator obtained for the
position A with respect to those obtained for the position B,
even for the same condition. This indicates that the sensor
position plays an important role. Note also that there are
important differences between the value of the indicator for
healthy condition and its corresponding value for each fault
condition (second and third columns). In order to obtain a
measure of this difference, a multiplication factor is
introduced (see fourth column); it is defined as the ratio
between the value of the indicator for the corresponding
faulty condition and its value for healthy state. This ratio
gives an idea of the fault severity in comparison with the
healthy condition.
Note that the relative positions 1-3_A, 1-3_B and 1-6_B
respectively are the positions where more noticeable
differences of the indicator are obtained in relation to the
values obtained for the healthy condition. For the other
relative positions the differences are not so clear, a fact that
indicates that, in addition to the sensor position, the relative
position of the broken bar also has certain influence in the
results.

APPENDIX
TABLE V
RATED CHARACTERISTICS OF THE TESTED MOTOR
Model 1LA2080-4AA10
Rated power (PN)
1.1 kW
Rated speed (nN)
1410 rpm
Rated voltage (UN)
400(Y)/230 (Δ)
Rated current (IN)
2.7(Y)/4.6 (Δ)
Rated power factor (Cos φ)
0.8
Number of rotor bars
28

TABLE VI
RATED CHARACTERISTICS OF THE LOAD (D.C.MACHINE)
Rated power (PN)
Rated speed (nN)
Rated voltage (UN)
Rated excitation current
Rated armature current
Number of pole pairs
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