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Abstract —. Condition monitoring of induction motors fed by Voltage Source Inverters is challenging since the influence of the
supply complicates the use of methods valid for utility fed motors. When trying to obtain a fault detection scheme valid for any
kind of supply and at any operating frequency is necessary to analyze the influence of the different operating conditions. To obtain
generic conclusions, a statistical analysis has been performed over the data obtained in a controlled laboratory experiment where
a hole was progressively drilled into a rotor bar. Additive models have been obtained to stand out the influence of the operating
conditions over the fault signatures. Conclusions useful for condition monitoring are drawn.

Index Terms — Additive Models, Analysis of variance, Condition monitoring, Converters, Fast Fourier transforms, Fault diagnosis,
Induction motors, Predictive maintenance, Spectral analysis, Statistical analysis.

L INTRODUCTION

Induction motors are essential in many industries. Their simplicity and ruggedness are outstanding advantages and make them
by far the most commonly used type of motor in sizes ranging from fractional horsepower to grades of industrial applications
[1]. However, owing to the thermal, electrical and mechanical stresses, mechanical failures are unavoidable in induction motors
[2].

The need to increase reliability against possible faults has attracted considerable interest in fault diagnosis of induction motors
in recent years [3,4]. The main aim of a condition monitoring system is to detect incipient faults before a potentially harmful
machine failure occurs since a faulty motor means a reduction on production, a cost increase and a hazard to people and
machinery [5,6]. It is necessary that the method has low missed and false alarms rates, in order to discriminate among various
machine conditions, classifying faulty modes from normal modes. Approaches which allow relatively unskilled operators to
make reliable decisions without a diagnosis specialist to examine data and diagnose problems are desirable [7].

In order to fulfill this objective, a robust condition monitoring technique was proposed in [8], which was based on statistical
tools to detect incipient faults in induction motors related to rotor cage asymmetries. This technique is based on Motor Current
Signature Analysis (MCSA) [9], which is currently considered as a standard in preventive maintenance basically due to the
advantages of using non-invasive sensors [10]. More precisely, it was developed an expert system that makes use of the Fast
Fourier Transform to obtain the spectrum of the motor line current [11,12] and a multiresolution technique using wavelet
functions [13-16] to detect significant peaks in the spectrum and to measure the height of these peaks with respect to the
“‘baseline” signal. Finally, a Quality Control approach based on robust multivariate control charts is applied to detect a
progressive deterioration of the rotor cage [17,18].

This technique has been successfully applied to the early detection of broken bars in induction motors fed by a sinusoidal
voltage supply. Nevertheless, the introduction of VSI-fed (Voltage Source Inverters) motors in applications where variable
speed and torque are needed has produced significant changes in the field of diagnostics needing further research in order to
overcome various challenges such as noise (inherent floor noise reduces the possibility of true fault signature recognition using
line current spectrum) [19,20], dynamically changing excitation frequency and the fact that fault signatures can significantly
change from open-loop to closed-loop VSI operation. All these influences complicate the utilization of frequency analysis
methods. VSI-fed motor faults have been analyzed and initial results are given in literature [21-27] but further investigation is
still required [28].

The amplitude of the field harmonics is also affected by the supply voltage, what makes any of the anomalies more noticeable
as the supply voltage increases, provided that the machine is not working under saturation condition. This is very important,
and it must be taken into account, particularly, with controlled-speed induction motors, when this control is based on voltage
regulation, keeping constant the voltage/frequency ratio. Therefore, to develop a generic method valid for any supply and at
different operating conditions, further considerations must be taken into account.

With this goal, in this paper it is analyzed the suitability of the fault signatures obtained from the stator current to diagnose
rotor faults in induction motors fed by different supplies. First, statistical tools such as Boxplots and Analysis of Variance
(ANOVA) are used to analyze the data obtained from a case-study in which a cage fault condition has been provoked by drilling
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a hole in one of the bars of an induction motor. Different fault conditions have been obtained by progressively making the hole
deeper. Second, Additive models are obtained which, as it is shown in Section V, are easy to interpret but much more general
than linear models.

The aim of the analysis is to examine the potential of the data to perform a condition monitoring task and the influence on
the diagnosis of the motor (two motors of different rated powers have been tested), supply (five supplies have been used, utility
supply and four different power converters) and load (the motors have been tested from low load to full load). It is evaluated
the capacity to distinguish among four different rotor bar states: healthy, incipient fault (corresponding to a 6mm depth hole),
half-broken bar and full broken bar.

II. DETECTION OF BROKEN ROTOR BARS IN VSI-FED INDUCTION MOTORS

Induction motor failure through broken rotor bars (where cracking is experienced in the rotor conductors) is common in
many industrial applications. One of the reasons for this type of failures is that large starting currents occur when cooling is at
minimum what results in thermal and mechanical stresses being at a maximum. The incidence of this failure mode is greatest
when the start-up time is relatively long and when frequent starts are required as part of a heavy duty cycle [29].

Although broken rotor bars do not initially cause an induction motor to fail there can be serious secondary effects [30]. In
fact, broken rotor bars can be a major problem for some users [31].

When cage winding is symmetrical and assuming purely and balanced sinusoidal voltage supply, there is only a forward
rotating field at slip frequency with respect to the rotor. If a rotor asymmetry occurs, there will be a resultant backward rotating
field at slip frequency with respect to the forward rotating rotor. This backward rotating field induces a voltage and a current
in the stator winding at (1-2s)f; frequency, where s is the motor slip and f; is the fundamental frequency. This induced current
is the cause of torque and speed pulsations, which at the same time induce new electromotive forces in the stator, and as a
result, new counter currents are produced at frequency (1+2s)f;. This process goes on indefinitely, until it is damped and a pair
of new sidebands appears around the main frequency f; [32].

When induction motors are supplied by a VSI, line current will contain time harmonics, depending their number, frequency
and amplitude on the switching strategy of the semiconductors. These time harmonics will generate new airgap spatial
harmonics or will modify the amplitude of the existing ones. That is, in addition to the characteristic motor spectrum, new
harmonics will be introduced, related to the fault condition, to the driven load or to the system performance. So, the current
spectrum is affected by many factors, including:

e Motor characteristics (stator connection, design and application).
e Electric supply.
e Fault condition.

In this case, where a motor with a cage asymmetry is fed with a non-sinusoidal voltage supply, the process is very similar
to a motor with balanced sinusoidal one [33]. There are sidebands around the frequencies of time-harmonics of line current, at
frequencies (k£2ns)f; where k is the order of the line current time harmonics and 7 is any positive integer. The number of
sidebands will increase progressively, but their amplitude will decrease as they move away from the main frequency, although
the magnitude of this amplitude attenuation will depend on machine and driven load inertia and the building characteristics of
the motor, which, in turn, depend on its purpose or application.

Depending on the value of n there are there is the first, second, third, .., sideband around each harmonic. Nevertheless, except
for fully developed faults, the sidebands of order bigger than one are much attenuated. Therefore, for every line current
harmonic there are two fault signatures corresponding to the lower sideband harmonic (LSH) and upper sideband harmonic
(USH).

III. CASE STUDY

A controlled laboratory experiment was designed in which a large number of tests was carried out on two induction motors
with the specifications shown in Table I. Motor M1 was fed from three different sources, utility supply (UT), a Voltage Source
Inverter by Telemecanique (TE) and a Power Converter by Lucas Niille (LN). Motor M2 was also fed from three different
sources: utility supply (UT), a Power Converter by Allen Bradley (AB) and a Power Converter by Siemens (SM). Both motors

were loaded with a magnetic powder brake.
TABLEI
SPECIFICATIONS OF THE TESTED MOTORS

Motor |Rated power |Rated Rated Rated speed |Pole
(kW) voltage (V) |current (A) | (rpm) pairs
M1 0.75 3x230/400 1.9 1395 2
M2 1.1 3x230/400 2.6 1415 2

To collect and analyze data, a Fluke Hall Effect probe, a PCI-6250 M DAQ board by National Instruments, LabView and
MATLAB were used. The data acquisition resolution was 80 kHz. Four rotor conditions (Table IT) were tested by progressively

drilling a hole into one of the rotor bars. For each supply, 200 tests were performed, in a broad range of load conditions.
TABLETI
DESCRIPTION OF THE TESTS PERFORMED



Condition state Description 1-151)116 ((rirfrrr):)h I—I{/(I);e (Crlrfglt)h
1 Healthy motor 0 0
2 Incipient fault 6.4 5.7
3 Semi-broken bar 11.7 12.1
4 Full-broken bar 17 18

Matlab was used to process the line current consumed by the motor and registered in each test. The Power Spectral Density
(PSD) is estimated from the signal applying the Hanning Window in order to reduce the spectral leakage. The function provided
by Matlab has been modified with the goal of obtaining a Normalized PSD so that the amplitude of the fundamental frequency
is always 0 dB.

As it has been mentioned in the introduction, condition monitoring of motors fed by VSIs is more challenging than for the
utility supply case. Therefore, more research is necessary in this field. One of the difficulties of this task is the fact that the
spectrum is highly affected by the specific VSI used. To illustrate this, the Power Spectral Density of the line current consumed
by motor M1 with a full broken bar in the rotor under two different supplies is shown in Fig. 1. The top figure corresponds to
a utility supply. Fault sidebands around the main harmonic are clearly seen and noise level is very low. The current PSD of the
same motor fed by an Altivar 66 power electronic converter (TE) is represented in the bottom figure. Although operating
conditions are similar in both tests (slip: 2.6%), it is very remarkable that the noise level is very high when the motor is fed
with the Altivar 66. Additionally, an interharmonic appears between the lower sideband and the main harmonic. Consequently,
it is more difficult to identify the fault signature in the current spectrum [34,35]. Similar conclusions can be drawn for motor
M2 (Fig. 2).
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Fig. 1. Normalized PSD around main harmonic. Motor M1 with a full-broken bar. Supplies UT and TE.
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Fig. 2. Normalized PSD around main harmonic. Motor M2 with a full-broken bar. Supplies UT and AB.

For condition monitoring purposes, the difference between the peak amplitude and the noise floor in the PSD and calculated
by means of a wavelet function is considered as fault signature. The reason of choosing this measurement, and not the peak
absolute value in dBs, is because we consider essential to take into account the different level of noise introduced by the supply.
For example, in Fig 2, the first band of fault signatures has similar amplitudes for both supplies, but they are clearly observed
for utility supply, but for the power converter supply, fault signatures are almost hidden by the noise. They are not very
distinguishable from the rest of the spectrum and therefore would not be as useful for condition monitoring.



IV. STATISTICAL ANALYSIS OF THE RESULTS

In this section, the statistical analysis results are shown with the aim of drawing relevant conclusions for the implementation
of a condition monitoring expert system for induction motors with different types of electrical supply.

A.  General analysis

First, several boxplots are shown and analyzed as a useful way of graphically comparing data.

Fig. 3 shows the boxplots of the amplitude of the signature faults around the main harmonic for both tested motors, the four
condition states including the three different supplies for each motor and all motor operating conditions. Motor M1 data are
more spread out indicating a larger variance and causing an overlapping of the boxes.

An ANOVA has been performed to study the statistical significance of the considered variables. Table III shows the results
for the data presented in Fig 3. An interesting result of this analysis is that all considered variables are significant. That is, there
are differences among the four condition states (condition state 1, healthy motor, has been taken as reference category), which
indicate that these data may be used to perform a condition monitoring task. In addition, there are significant differences
between both motors (Motor M1 is considered the reference) that must be taken into account when developing an expert system
that will be used with motors with different characteristics (even though data have been normalized so that the amplitude of the
fundamental frequency is always 0 dB). These conclusions arise from the "rule" that small p-values indicate significant
differences for the corresponding expected mean values.

The boxplots and ANOVA show that the fault signatures have potential to discriminate among the four condition states.
Nevertheless, Fig. 3 show an overlapping among the boxes, which indicate that some operating conditions can be tricky to
distinguish between a healthy state and an incipient fault one, between an incipient fault and a semi broken bar, and between
the semi broken and the full broken bar.
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Fig. 3. Boxplots of the amplitude of the broken bar signature fault for LSH (left) and USH (right) of the first sideband for both motors and four condition
states.

TABLE III
ANALYSIS OF VARIANCE. MOTORS M1 AND M2. LSH.
Estimate Std. Error t P-value
(Intercept) 11.9338 0.3336 35.768 <2e-16 ***
Motor M2 -3.8749 0.3446 -11.244 <2e-16 ***
Condition 2 1.8392 0.4683 3.928 9.06e-05 ***
Condition 3 9.8605 0.4687 21.038 <2e-16 ***
Condition 4 14.7252 0.4742 31.050 <2e-16 ***

Signif. codes: 0 “***70.001 “**’0.01 “*> 0.05° 0.1 <’ 1
Residual standard error: 5.984 on 1214 degrees of freedom
Multiple R-squared: 0.5314, Adjusted R-squared: 0.5298
F-statistic: 344.1 on 4 and 1214 DF, p-value: <2.2e-16

Figs. 4 and 5 show the boxplots corresponding to the sidebands around the fifth and seventh harmonic, respectively. From
these plots it can be inferred that the LSH around the fifth harmonic can be useful as a fault signature to complement the
information provided by the signatures around the main harmonic. However, this is not the case for the rest of fault signatures,
at least, when the data obtained with all the different operating conditions are analysed together.
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Fig. 4. Boxplots of the amplitude of the broken bar signature fault for LSH (left) and USH (right) around the fifth harmonic for both motors and four condition
states.
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Fig. 5. Boxplots of the amplitude of the broken bar signature fault for LSH (left) and USH (right) around the seventh harmonic for both motors and four
condition states.

It has to be taken into account that in this analysis we are mixing data from two different motors, six supplies and different
load conditions. To allow us to be more conclusive, the analysis has to consider the influence of the different operating
conditions. Section IV.B analyses the influence of the supply and I'V.C the influence of the load.

B.  Influence of the supply on the signature faults

Next, data are segregated according to motor and supply to point out the diagnostic differences due to the supply. Again,
boxplots for the amplitude of LSH (Fig. 6) and USH (Fig. 7) of the first sideband are shown. Tables IV-VII present the results
of the ANOVA for both motors. Now, the type of supply is included in the analysis as a variable. Several interesting conclusions
can be drawn from these figures and tables. The most obvious one is that results are not similar for all the motors and supplies.

Focusing on motor M1 and UT supply, the evolution of the fault severity can be clearly traced by registering these peaks.
Even an incipient fault can be clearly observed because boxes for healthy motor and incipient fault do not overlap. Nevertheless,
the peak amplitudes characterizing half-broken bar condition are so high (and therefore, so clearly observed) that it can be
difficult to differentiate this state from a full broken bar one (boxes for states 3 and 4 overlap).

When the motor is fed by the LN supply, the amplitude of the fault peaks shows a behavior somehow similar to the UT
supply. It is remarkable that when only LSH is considered, the ANOVA tells us that there is no significant difference between
both supplies, although this is not the case for USH. Taking into account only LSH, boxes for condition states 1 and 2 overlap,
although half-broken and complete broken bar condition states can be clearly observed. On the contrary, boxes for condition
states 1 and 2 do not overlap when only LSH is considered.

The condition monitoring is more challenging when the motor is fed by the TE supply. An incipient fault can hardly be
distinguished from a healthy motor condition, but a half-broken bar condition can be observed although not as clearly as for
UT or LN supplies. Furthermore, the amplitudes for all the condition states are lower, and consequently the fault detection is
not as straightforward as for the other supplies.

Focusing now on motor M2, the ANOVA (Tables VI and VII) indicates that, taking condition state 1 as reference, there is
not significant evidence of interaction between the condition states. Therefore, the signature faults are helpful for condition
monitoring purpose. The p-value for the state 2 is quite bigger than for the other states, which implies certain difficulties to
distinguish between states 1 and 2. This fact can be observed too in the boxplots (Figs 6 and 7), where there is an overlapping
between condition states 1 and 2.

If the three supplies are compared, the results from the ANOVA show that there is no significant evidence of interaction for
the AB supply (again, utility supply is the reference), that is, the behavior is significantly different for this supply what must
be taken into account when designing a general purpose condition monitoring strategy. For the SM supply, the p-values for



both peaks are highly indicating relatively similar distributions between supplies UT and SM.

TABLE IV
ANALYSIS OF VARIANCE. MOTOR M1. LSH.

Estimate Std. Error | t P-value

(Intercept) 10.2955 0.7514 13.701 <2e-16 ***
typeM1 LN | 0.3798 0.5503 0.690 0.49
typeM1 TE | -10.0824 | 0.4108 -24.541 <2e-16 ***
slip 114.9593 | 13.7517 8.360 4.33e-16 ***
condition2 3.2075 0.4953 6.477 1.94¢-10 ***
condition3 10.2642 0.4855 21.142 <2e-16 ***
condition4 15.8637 0.5193 30.547 <2e-16 ***

Signif. codes: 0 “****0.001 “***0.01 “**0.05°0.1 "1
Residual standard error: 4.461 on 605 degrees of freedom
Multiple R-squared: 0.7985, Adjusted R-squared: 0.7965
F-statistic: 399.5 on 6 and 605 DF, p-value: <2.2e-16

TABLE V
ANALYSIS OF VARIANCE. MOTOR M1. USH.

Estimate | Std. Error t P-value
(Intercept) 12.5562 0.7720 16.265 <2e-16 ***
typeM1 LN | -2.6006 0.5654 -4.600 5.16e-06 ***
typeM1 TE | -10.3997 0.4221 - 24.639 <2e-16 ***
slip 89.6634 | 14.1280 6.346 4.32e-10 ***
condition2 4.5680 0.5088 8.978 <2e-16 ***
condition3 9.8418 0.4988 19.732 <2e-16 ***
condition4 15.0091 0.5335 28.132 <2e-16 ***

Signif. codes: 0 “***70.001 “***0.01 “**0.05°.”0.1 "1
Residual standard error: 4.584 on 605 degrees of freedom
Multiple R-squared: 0.7579,  Adjusted R-squared: 0.7555
F-statistic: 315.7 on 6 and 605 DF, p-value: <2.2e-16

TABLE VI
ANALYSIS OF VARIANCE. MOTOR M2. LSH.

Estimate | Std. Error t P-value
(Intercept) 6.6327 0.5401 12.280 <2e-16 ***
typeM2 AB | -2.2867 0.3808 -6.005 3.32e-09 ***
typeM2 SM | -0.1410 0.3882 -0.363 0.7166
slip 101.6038 | 15.2920 6.644 6.85¢-11 ***

condition2 1.1622 0.4287 2.711 0.0069 **
condition3 9.5110 0.4410 21.566 <2e-16 ***
condition4 11.9837 0.4300 27.871 <2e-16 ***
Signif. codes: 0 “***70.001 “*** 0.01 “** 0.05 . 0.1 “’ 1
Residual standard error: 3.856 on 600 degrees of freedom
Multiple R-squared: 0.663,  Adjusted R-squared: 0.6597
F-statistic: 196.8 on 6 and 600 DF, p-value: <2.2e-16

TABLE VII
ANALYSIS OF VARIANCE. MOTOR M2. USH.

Estimate | Std. Error t P-value

(Intercept) 5.8980 0.5724 10.304 <2e-16 ***
typeM2 AB | -1.6869 0.4036 -4.180 3.35e-05 ***
typeM2 SM | 0.3993 04114 0.971 0.332

slip 112.7421 | 16.2057 6.957 9.13e-12 ***
condition2 2.9176 0.4543 6.422 2.73e-10 ***
condition3 10.5088 0.4674 22.485 <2e-16 ***
condition4 13.1294 0.4557 28.814 <2e-16 ***

Signif. codes: 0 “****0.001 “***0.01 “**0.05°>0.1 *’ 1
Residual standard error: 4.086 on 600 degrees of freedom
Multiple R-squared: 0.6647,  Adjusted R-squared: 0.6614
F-statistic: 198.3 on 6 and 600 DF, p-value: <2.2e-16
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Fig. 6. Boxplot of the amplitude of the broken bar signature fault for LSH of the first sideband for both motors, six different supplies and four condition states.
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Fig. 7. Boxplot of the amplitude of the broken bar signature fault for USH of the first sideband for both motors, six different supplies and four condition states.
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C. Influence of the slip

As aforementioned, the motor was tested in a broad range of load conditions in each group of tests. Hence, the results so far
analyzed are obtained mixing all load conditions. The performed ANOVA (Tables IV-VII) shows that slip is a significant factor
affecting the response. Therefore, the analysis is performed independently for different load conditions to determine if the
diagnosis can be improved by taking into account the slip. Figs. 8 and 9 show the boxplots for LSH (Fig. 8) and USH (Fig. 9)
of the first sideband for the six supplies and four condition states so far considered, but here two sets of tests are considered
depending on the slip: slip higher than 0.04 (denoted as “High” in these Figs.) and slip lower than 0.04 (denoted as “Low” in
these Figs.).

Once again, the behavior is different depending on the supply, although in general terms and not surprisingly, the boxes are
less overlapped at high slips than at low ones, that is, the condition monitoring task would be easier at high slips.

More precisely, for utility supply and motor M1, while at low slips is hard to separate condition states 3 and 4, at high slips
boxes hardly overlap. For this supply and motor M2, analogous conclusions can be drawn for states 1 and 2.

For LN and TE supplies, at high slips condition states 3 and 4 can be more easily differentiated and for AB supply, the
incipient fault could be much more easily detected at high slips than at low ones. For SM supply, there are no significant
differences considering high or low slips.

M1_LN M1_TE M1_UT

1.High
2+igh
3High
4High
Low
2Low
3low
Low
1.High
2High
3High
4igh
1Low
Low
3Low
4Low
1.High
2High
3High
4¥igh
LLow
2Low
Low
4Low



M2_AB M2_SM m2_ut

25

I B - fip C] .

- T 15

LR S i =

Fig. 8. Boxplots of the amplitude of the broken bar signature fault for LSH of the first sideband for both motors, six different supplies and four condition
states. Two sets of tests are considered according to slip being higher or lower than 0.04.
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Fig. 9. Boxplots of the amplitude of the broken bar signature fault for USH of the first sideband for both motors, six different supplies and four condition
states. Two sets of tests are considered according to slip being higher or lower than 0.04.

D. LSH versus USH

In the previous sections, both LSH and USH have been considered in the analyses. In this one, the suitability for condition
monitoring of each peak is evaluated.

In an overall analysis, the data for both peaks are quite similar not showing important differences. The variances are similar
for LSH and USH, or, in some cases, larger for USH.

Performing a deeper analysis on the data, it can be observed that comparing condition states 1 and 2 (the most challenging
situation for implementing a condition monitoring scheme) the data for USH show less overlapping than for LSH, while for
the rest of the cases there are no important differences.

All in all, it could be concluded that LSH of the first sideband is best suited to be used as a fault signature. Nevertheless, it
has to be taken into consideration that while LSH is induced by the unbalance of rotor flux, the rest of the sidebands are induced
by speed and torque oscillation caused by broken rotor bar and therefore are sensitive to the inertia of the motor system [36].



Therefore, the sum of the amplitudes of both peaks can be considered as a useful fault signature [37].

To prove its usefulness, Fig 10 shows the boxplot for the sum of the amplitudes of LSH and USH around the main harmonic
for both motors and Table VIII shows a comparison of the ANOVA performed for LSH and for the sum of the amplitudes of
both peaks. From these analyses, it can be inferred that for the tested motors both signatures are equally well suited, but, for
higher inertia motors the sum should be the preferred fault signature.
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Fig. 10. Boxplot of the sum of the amplitudes of the broken bar signature faults for LSH and USH of the first sideband for both motors, six different supplies
and four condition states.
TABLE VIII
ANALYSIS OF VARIANCE. COMPARISON OF LSH VERSUS THE SUM OF THE AMPLITUDES OF THE PEAKS.

Res.Df RSS Df Sum F P-value
of Sq
Motors 1263 61872
LSH
Condition 1260 23448 688.26 <2.2e-16
LSH
Motors 1263 230558
LSH+USH
Condition 1260 80765 778.97 <2.2e-16
LSH+USH

Signif. codes: 0 “***’(0.001 “**> 0.01 ‘*> 0.05°°0.1 "1

V. ADDITIVE MODELS

Additive models are a useful data analytic tool to estimate the effect of continuous variables in the response by using
nonparametric regression techniques [38]. The estimation of the individual terms explains how the dependent variable changes
with the corresponding independent variables and what variables do not have a significant impact in the response. Therefore,
additive models can be seen as generalization of the multiple regression models which maintains the additive nature of the
models, but it is allowed to replace simple linear terms as predictors by unspecified (non-parametric) function that can be
estimated through “backfitting” algorithms.

Additive models have been fitted by using the R free software environment for statistical computing and the "gam" package
available at the CRAN repository [39]. Here, the dependent variable is the amplitude of the peak, and the model establishes
this response variable as a sum of a common overall mean value u plus the effects of the type of motor/supply T;, the effect of
slip as a continuous function of the value taken by the slip denoted as s(slip) and the condition state C; when j = 1, 2, 3 and 4
plus the sum of a random error term €. That is

“LSH or USH” = u + T; + s(slip)+ C; + €

Twice-standard-error confident limits and bands have been also included for each considered effect in the additive models.
Notice that this fitted model allows understanding whether we can detect differences among the condition state after controlling
the differences in type of motor/supply or in the slip. Moreover, in future developments, these estimated effects can be taken
into account and subtracted in order to achieve more accurate classifications in case of unknown condition state. These ideas
can be considered as a first (promising) step in this direction.

Figs. 11-12 show the additive models for LSH (Fig. 11) and USH (Fig. 12). Comparing both Figs. non-significant differences
exist between both peaks. The model shows that the three variables are relevant, that is, they all should be taken into account
when developing a condition monitoring expert system. As it was stated before, some supplies lead to similar results (LN with
UT for M1, and SM with UT for M2) but, as a whole, the influence of the supply is relevant.

As it can be seen in the central part of Figs. 11 and 12, the model shows a quasi-linear dependence on the slip especially for
slips between 2% and 6%.
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Fig. 11. Additive model for the amplitude of LSH of the first sideband for both motors, six different supplies and four condition states.
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Fig. 12. Additive model for the amplitude of the USH of the first sideband for both motors, six different supplies and four condition states.

Figs 13-14 show the additive models considering separately the data from each motor for USH (for LSH the models are very
similar). It is remarkable that the influence of one of the supplies (TE) is clearly differentiated form the other ones.
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Fig. 13. Additive model for the amplitude of USH of the first sideband for motor 1.
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Fig. 14. Additive model for the amplitude of USH of the first sideband for motor 2.
To be able to compare the results from both motors with the same supply, fig. 15 shows the additive models for motors 1

and 2 fed by utility supply. This model lets us observe that the four condition states are clearly distinguishable using USH and
the influence of the kind of motor (denoted as type in the fig.) and the slip.
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Fig. 15. Additive model for the amplitude of USH of the first sideband for motors 1 and 2 with utility supply.

VI. CONCLUSIONS

In this paper, it has been statistically analyzed the suitability of the fault signatures obtained from the stator current to
diagnose rotor faults in induction motors A case study is presented where a rotor broken bar fault evolution has been tested and
analyzed. The fault is obtained by progressively drilling a hole in one of the rotor bars of two induction motors of different
power fed by different supplies (five supplies have been used, utility supply and four different power converters)and tested
from low load to full load).

The results show the potential of the data to perform a condition monitoring task and the influence on the diagnosis of the
(most influential aspects): motor (two motors of different rated powers have been tested), supply (five supplies have been used,
utility supply and four different power converters) and load (the motors have been tested from low load to full load).

Motor Current Signature Analysis is a valid method in all the analyzed cases, but one of the results of this analysis is that
the supply type has a significant impact on the detection of the fault and the subsequent diagnosis, which is especially difficult
on the detection of the fault in an early stage. The statistical analysis has shown too that LSH of the first sideband is best suited
to be used as a fault signature. Actually, in most of the cases both are equally valid, but, in the most challenging situations, the
superior has proved to be more adequate.
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