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Abstract: In this paper, a study has presented the performance of a neural networks technique to detect the
broken rotor bars (BRBs) fault in induction motors (IMs). In this context, the fast Fourier transform (FFT)
applied on Hilbert modulus obtained via the stator current signal has been used as a diagnostic signal to
replace the FFT classic, the characteristics frequency are selected from the Hilbert modulus spectrum, in
addition, the different load conditions are used as three inputs data for the neural networks. The efficiency of
the proposed method is verified by simulation in MATLAB environment.

Keywords: Induction motors, Broken rotor bars, Faults detection, Envelope analysis, Neural networks

1. INTRODUCTION
Squirrel-cage induction motors (SCIMs) are the most popular motors used in the industrial
processes where this machine consumes about 85% of the total energy. These machines have
many advantages, among which mention their robust structure, easy design, cheap costs and low
maintenance requirements [1]-[3].
Despite these advantages, owing to the thermal electrical and mechanical stresses, also the
environmental stresses, electrical and mechanical faults are unavoidable in SCIMs [4]-[7]. These
faults vary according to their type and location, and classified as follows [1]-[8]:

e The stator windings faults or single phasing fault (30—40% of full faults);

e The BRBs faults, segment and ring faults in SCIMs (5-10%);

e The mechanical faults where bearing faults are the most frequent fault (40-50%).
In this context, several changes to motor current signals may occur due to these faults, generates
unbalanced in stator currents and its voltages, unbalanced in rotor currents and its voltages,
unbalanced in the torque pulsation, reduces the electromagnetic torque, augmentation the speed
fluctuations of the motor, increasing in the temperature and the vibration in this machine [1]-[8].
In BRBs case, the detection of this fault is one of the most difficult, because the SCIM keeps
working without any perceivable change may indicate a fault at the level of this machine [8].
As results of this fault, the stator current harmonics components around the fundamental frequency

(f,) and its multiples are increasing, in addition, due to bars breakage adversely affect

progressively the health of the neighboring bars [1]-[9].

In some sensitive industrial areas, reliability demands for electric motors are constantly increasing
due to some of the important motor applications. Therefore, correct diagnosis and early detection
of incipient faults result in fast unscheduled maintenance and short downtime for the process under
consideration [10]. For these reasons, many studies dealt with the problem of BRBs detection and
diagnosis through different techniques.

In general, the motor current signatures analysis (MCSA) technique is considered the most
promising faults detection method [6], [8], [11] - [14], this technique has many advantages, the
most important advantages are [15], [17], and [23]:
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e |t does not require the estimation of machine parameters;

e This technique is capable to provide the machine states without requiring access to the
machine (inexpensively).

e This method allows diagnosing the state of the IMs without having to stop this machine
(online detection).

MCSA technique is noninvasive, and the current sensor is commonly used in the industrial process
as by electrical engineers [3].often, MCSA technique using motor currents and vibration signals,
then the obtained signals will be analyzed using a various methods such as the fast Fourier
transform (FFT), Zoom FFT, and short-time Fourier transform , discrete Fourier transform [16]-
[19],in addition, Park vector approach (PVA) [18]-[20] and discrete wavelet transform [3],[4], the
multiple signal classification [18], [21], estimation of signal parameters via rotational in variance
techniques [26], envelope detection obtained by PVA or Hilbert transform (HT)[15], [17]-[19], [23].
As a result, MCSA has become the standard for online detection of the faults, one of the most
widely used techniques to obtain information on the health state of the machine is based on the
processing of the stator currents lines [6], [13], [20].Many studies based on FFT have been
conducted over the years to detect the BRBs. In FFT-based, the spectrum of stator currents can be
used to diagnose the faults in IMs [5]. A large amount of research has been directed toward using
the stator current spectrum (classical FFT) to detect the motor faults [7], [13],[20][22].
Unfortunately, this technique shows a severe lack of diagnostic accuracy, especially in BRBs fault
diagnosis, the major drawbacks of FFT classic are [16], [18]:

e FFT classic is influenced by many factors, including electric supply, the load conditions,
motor geometry, these factors may lead to indicate a false alarm detection;

e Often, IMs use speed control devices, which adversely affect the effectiveness of the
diagnosis by using FFT classic (increasing the signal noise);

e FFT classical-based usually requires a long acquisition time to achieve a high spectral
resolution and a high sampling frequency to reduce aliasing effects;

e However, this technique generates a huge amount of data, which makes its
implementation difficult using embedded devices with small internal memory, such as
digital signal processors or devices with low computing power.

To resolve these problems, the envelope analysis based on HT or PVA was used to obtain the
stator current envelope (SCE), FFT-based applied on this SCE to extract the features related
(harmonics frequency) to indicate a motor fault [7], [15],[20],[22], the problems of spectral leakage
and memory space has been solved by using this SCE [15], [22].

In [7], [16], [22]the authors used the spectrum of the Hilbert modulus (HM) in order to diagnose of
stator faults. In [22], [23], the authors use the FFT of HM for BRBs diagnosis. In [11], a procedure
was presented used two types of stator currents, FFT used the stator current line and FFT applied
on HM for BRBs fault detection, the Hilbert spectrum was used to diagnose bearings fault in [24].
The SCE spectrum by FFT used Park modulus (PM) has been discussed in [23], the author relied
on this signal to diagnose the stator fault, and also the author adopted the same method (PM) to
diagnose the BRBs faullt.

Based on these works, the section one of this paper is presented two studies comparative in order
to BRBs detection, FFT using HM, then, FFT applied on PM signal.

In FFT classic, the monitoring of BRBs based on MCSA to detect sidebands harmonics frequency

f, around the fundamental supply frequency f, expressed by f, = (1£ 2ks) f,, withs : is the slip
and k =1,2,3... is positive integer [1], [12], [15].

As mentioned earlier, the traditional FFT method suffers from several imperfections, however, the
components f, are relatively close to the fundamental frequency (fb il fs)when the IMs is

operating at low slip.

A solution for this problem, the SCE spectrum analysis by FFT using HM or PM is a good tool for
IMs dynamic fault analysis since it increases resolution, this technique can accurately detect BRBs
when the SCIM is operating at very low load, and needs very little storage [15], [22], [24]. The SCE

spectrum is used to compute the instantaneous amplitudes Af,, and instantaneous frequency f,,
[15], [21]-[24] given by f,, = 2ksf, .
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Unfortunately, the results obtained by SCE (HM or PM) spectra are given by the complex spectrum
modulus, the interpretation the harmonics results content analysis is very difficult and could not be
done easily by MCSA methods (MSCA) [6],[15],[26].To overcome this limitation, artificial
intelligence techniques (AITs) have numerous advantages to diagnose the different faults of the
IMs [23], [5], these techniques are easy to extend and modify, these can be made adaptive by the
incorporation of new data or information, besides giving improved performance [23].

In recently years, AlTs have been introduced using concepts such as expert systems (ES) [26],the
adaptive neural fuzzy inference systems (ANFISs) [27],support vector machines (SVMs)
[20],[28],[29], fuzzy logic systems (FLS) [4],[10],[12],[30], artificial neural networks (ANNS)
[22],[26],[30], genetic algorithms (GAS) [6].

Extracting the best features from the signal processing may be the most important basic procedure
of AlTs to arrive at an effective diagnosis of the state of the SCIM because it directly affects the
performance of these techniques to identify the nature of the faults [26] - [31].

In section two of this paper, the technique proposed and based on AITs. In particular, ANN
technique applied for BRBs fault detection in SCIM, it's based on using the results of the HM

spectrum, and the load conditions T, to identify the different states in this SCIM (section IlI).

2. BROKEN ROTOR BARS MODELING IN SQUIRAL CAGE INDUCTION MOTOR
The model presented in this section is specific to a SCIM, this machine has a set of the three-

phase stator winding, the rotor is composed of N, identical rotor bars and two segment end rings.
The model of a SCIM in the reference frame (d,q) axis related to the rotor is defined as below
[29], [30]:

e Voltage equations in stator parties:

i, | i, |
. NM .
i s i
|:Vds:|_|: & _\NrLsc O _NrWrMsr O:| iq5 LSC O 2 O O d iqs (1)
V - ar dr
¢ WrLsc & _NrWrMsr 0 0 iq 0 Ls(: 0 Nrl\/lsr 0 d: i
2 a
_iE_ _Ie_
e Voltage equations in rotor parties:
li 1 [3 . 0 L 0 0 iy |
V,] 0] Jo o R® RZ oi,| | ? . 4 |ia
Ve [=|0[=[0 0 R® RZ O flig|+| 0 =My 0 L, 0|—|ig )
. 2 dt|.
Vv, 0| |00 0 0 R, |-qr 0 0 0 L |-G|r

Where: V.,V
and its courants in axis (d,q) respectively.
LSC '
R .

5 -

V. and i,y i, are the stator, the rotor and the end ring segment voltages

dgs? " dqr? e

L,.and L, are the cyclic inductances of stator, rotor, and end ring segment respectively.
are the stator windings resistances, M are the stators to rotor mutual inductances.
RM*,R¥?,R* R?: are the rotor windings resistances and N, is number of rotor bars.

R, : is the end ring segment inductance, W, is the angle speed between rotor and stator.
The state of the rotor bars depends on Eq. 2, for a healthy SCIM:

Vol. 3, Issue 3, September-2018| ISSN-2543-3792 108



ALGERIAN JOURNAL OF SIGNALS AND SYSTEMS (AJSS)

R
RHE=R? =R, =2—+2Rb(1-cos «)
N, (3)
RZl — RlZ — 0
In presence the BRBs:

2R 2R 2R
R! =R :NiHN—e+Rbl +RbNr]cos2 1[3+(N—E+Rb2 +Rb1]cos2 2ﬁ+...+( N ®+Rby, +Rb1]cos2 N,ﬁ}

r r r

_Ni [(Rbl cos1cos2/3)+(Rb, cos28 cosSﬁ)+...(RbNr cosN, ﬁcoslﬁ)]

' @
R’ =R = —NiHZN—RW Rb, + RbNrjcoszlﬂ+(2’\|—Re+ Rb, + Rbljcos2 2p +...+(2NRe +Rl, + RbleOSZ Nrﬂ}
+Ni[(Rbl cosLBsin23)+(Rb, cos 2Bsin3B)+...(Rb, cosN, Bsin1p)|
+% [(Rbysin1cos 28 +(Rb,sin28cos3B)+..Rb, sinN, BcosN, )]
()

For example, for obtaining a break in the first and second bars, must be increased the value of the
resistance bar number one (Rb,) and two (Rb,) through a positive coefficientr; given according
to the following formulaRb, = 7.Rb,and Rb, =17.Rb,; where: n positive integer ( >11), Rb;
and Rb; are new bar resistances that the first and second bar takes after the fault in this bars.

with: B = (27 / N, ) is the electrical angle of two adjacent rotors meshes.
The equation describing the mechanical part of the system is:

T,-T, =394

e

—-f,Q, (6)

Where: T, is the electromagnetic torque produced by the motor, T, is the load torque applied

on the motor, J is the rotor inertia, Q. is the rotor angular speed, f, is coefficient of damping.
The expression of the electromagnetic torque is given by:

Te = p(iqs¢dr _ids¢qr)

Where: ¢dqr is the rotor flux according to axis (d,q) and p presented a number of pole pairs.

(7)

3. SIMULATION RESULTS WITH BROKEN ROTOR BARS FAULTS

In order to study the influence of the BRBs number on the SCIM, SCIM simulations are performed
on 3-phase, 4-pole,1.1kW and220/380V , the motors operate under rated load at
Q, =1425rpm.»p = 20, Rb, = Rb, = 6.1*107°Q .The system parameters of the motor tasted
in this study are given by Table. I.
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Motor speed (rad/s)

Time (s) Time (s)

Stator currents lines(A)

Rotor bars currents (i, toi, ) (A)

-1500 - .
0 07

Time (s)

200
0
-200

-
w
(=]
(=)

All rf)tor bars currents (|rb1 toi

0 0.7 1 Time (s) 2 3

Fig.1 Simulation results of the squiral cage -induction motor .heallhty rotor (0 to 1s), one broken rotor bar (1 to
2s) and two broken rotor bars(2 to 3s) under a torque load (T.=5N.m at 0.7s).

As illustrated in Fig.1, the BRBs show oscillations on speed and the motor torque, as well as stator
currents, the increase of BRBs causes an increase in the amplitude of oscillations of these curves,

in other hand, the currents in the broken bars fall to zero with while currents in the neighboring bars
unbalanced.

4. APLLICATION THE PARK,HILBERT TRANSFORM TO DETCTION THE BRBS FAULT

A. Park transform analysis
As a function of the three- phase currents i 4. (t) , the currents of Park iy, (t) can be calculated
by means of the following two relations as below [18], [19], and [23]:

. 2. 1. 1.
Iy (t):\/:Is_a(t)_\/:Is_b(t)_\/:ls_c(t)

;” ° ° ®)
Iq (t) :\/;Is_b(t)_\/;ls_c(t)
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Based on EQ.8, the envelope analysis shown in the Fig.2for modulated signals using Park

transform is defined as:
2 2
e = 1a @)+ ¢) ©)
B. Hilbert transform Analysis

Mathematically, HT is defined as a convolution with the function (1/t) , as follows [15], [17], [23],
[30]:

Xt
HT(X(O) = (O = xx(0) = j e (10)
Based on stator current phase | ,(t), Eq.10 is defined as below:
: 1 1771 _a(7)
Iipere = Y() =—xi_ () == | ——dr (11)
7 S re t-t

The divergence at (t = 7) is allowed for by taking the Cauchy principal value of the integral.
Eq.11 enables to create an artificial complex signal Z (t) is defined by:

Z(t) =i, _, (1) +y(0) (12)
Where: y(t) is the result of HT applied on signal phasei; , (t).

The instantaneous amplitude A, (t) and the instantaneous phase ¢, (t) are given by Eq.13:

A =i ©+Y ()
@, (t)=arctanfy/(t) /i, (t))

sa

(13)

—hitbert
Park

) and its envelope (A)

sa

Stator current( i

-6 r

Time (s)

Fig.2 Stator current phase is_a(t), Hilbert modulus and Park modulus with heallhty rotor (0 to 1s), one broken
rotor bar (1 to 2s) and two broken rotor bars(2 to 3s) under a torque load (T.=5N.m at 0.7s).

As presented in Fig.2, the PM and HM shows a pulsation with the characteristic of the state of the
motor either healthy machine and with BRBs faults.

C. FAST FOURIET TRANSFORM APPLIED ON PARK ,HILBERT MODULUS
In this section, a study is presented to compare the performance of BRBs detection using FFT of

PM, FFT of HMin order to determine and extract the BRBs related features (f,, ,Af,, ), the

acquisition time T, = 9s (1 to 10s), with a sampling frequency F, =10kHz for all the experiments
in Hanning window.
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FFT(i
- —FFT(i

Park) | F’Eﬂ*)

Hibert ; = =FFT 0 iper)

0 —FFT(ig,,) | . | —FFTG
- FFT(
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Hutgen) J
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Fig. 3 FFT spectrum applied on Hilbert modulus and Park modulus .(a) heallhty rotor,(b) one broken rotor bar
and (c) two broken rotor barsunder a torque load T =5N.m .

The envelope analysis using HM or PM contains a continuous component (2K Sf ) generated by
the fundamental component of the stator current as a result of breaking in bars , the most two
frequency compensates are 2sf_ and 4sf respectively [18], these components are shown clearly

in Fig. 3(b) and Fig. 3(c). Through the results illustrated in Fig. 3, it is clear that the FFT spectrum
applied to the envelope analysis (HM, PM) make the same result in the different states of the
motor. Although PM can be presented the same results to obtain by using HM, the high cost due to
the requirement to use three current sensors associated with an advanced processing technique
(see EQ.8), unlike HM, they need one signal phase so they need to one sensor of the stator current
(Eg.11).As a result of this, in this paper, we will rely the results obtained by FFT-basedusing HM for
its use with ANN technique for detection the BRBs as shows in Fig.4.

, 2ot > Classification
Jsa HM(t) A2 f i

SCIM HT » FFT {A<Slsf ANN = of BRBS in
_, SCIM

Fig.4 Structure of BRBs fault diagnosis based on Hilbert modulus spectrum and artificial neural network.

5. ROTOR FAULT DETECTION USING NEURAL NETWORK VIA HILBERT MODULUS

Basically, the ANN represents a nonlinear system referring to its input-output behavior, this
nonlinear transformation results from the inner structure of a neural network,the ANN is presented
as a "black box" that receives input signals and provides the appropriate responses[29].In general,
several parametric studies were conducted for ANNs. There were a total of three main steps:

e Choice input-output variables;

e Construction of the ANN;

o Classified the database obtained to train, test, and validation ANN selected.

ANN-based require a training process in order to make efficient fault detection thanks to all data
collected (inputs) from the simulation results of the motor in order to monitor its state.

In this paper, the main goal of to use ANN approach in BRBs fault detection and to better
distinguish between these symptoms (a healthy motor, one BRB, two BRBs), the adopted ANN is a
feed forward multi-layers perceptron (MLPs), this MLPs consist of an inputs layer represented of
source nodes, hidden layers of computation nodes and an output layers, the number of nodes in
the inputs and the outputs layers depend on the number of inputs and outputs variables
respectively, these structures affect directly on the generalization capability of the ANN. ANN is
using back propagation algorithm (BPA), where BPA is one of the most powerful learning
algorithms in NN [27]. The feed forward MLP neural network, used in this work, consisted of three
layers: three inputs, one hidden layer with three neurons using Tangent sigmoid transfer function,

one output layer (Fig.5).In this context, based on ANN technique, the extracted features (2sf,)
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and its amplitude (AZSfS)from HM spectrum (based on FFT spectra) also the load conditions
applied on the SCIM are used as inputs of ANN in order to classified the state of this SCIM.

Input Layer | pjgden Layer | Output Layer
3 | 3 ]

2sfs I

0: No BRBs
AZsfs 1: One BRB
2: Two BRBs

\
TL — |
Weights : Weights :

Fig. 5 Artificial neural network structure to broken rotor bars fault detection.

A. Simulation results: train, test and the validation of neural network detection
The select inputs data set is collected through simulations by Matlab, under different operating
conditions of the SCIM.
The training step is composed by a successive range of 12 samples representing three states of the

operating conditions of the IM under four load conditions (T, =1;3;5;7N.m) is defined as:
e Four samples (2sf; A2sf,) with healthy motor (No BRBs);
e Four samples (2sf; A2sf, ) with one BRB;

e Four samples (2sf; A2sf, ) with two BRBs.
The test step is composed by a successive range of 9 samples representing three states of the
operating conditions of the IM under three load conditions (T, = 2;4;6N.m)is defined as:

e Three samples (2sf,; A2sf,) with healthy motor ;
e Three samples (2sf; A2sf,) with one BRB ;

e Three samples (2sf; A2sf,) with two BRBs.
The validation step is composed by a successive range of 12 samples representing three states of
the operating conditions of the IM under four load conditions (T, =1.5;2.5;3.5;4.5N.m):

e Four samples (2sf; A2sf) with healthy motor ;
e Four samples (2sf,; A2sf,) with one BRB;
e Foursamples (2sf ; A2sf,) with two BRBs.

25 25

(@) (b)
Two BRBs Two BRBs
2 2
E: .
z z
515 1 515
o o
= One BRB - One BRB
= 3
g 1y : 21
o oF
Q 0
0.5 - 05
No BRBs No BRBs
U[] 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 [ 7 8 g 10 1 12
Samples Samples
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25 . 25
(c)
Two BRBs

(@
2 2
’ One BRB '
0 0
2 3 4 5 6 7 8 9 2 3 4 5 6 7 8 9 10 11 12

0 1 0 1
Samples Samples

@
o

Output (Out )
Output (Out, )

o
o
=
o

Fig. 6 Artificial neural network simulated results .(a) the Target of NN training,(b)the output of NN
training,(c)the output of NN test and (d) the output of NN validation .

Through the desired and training outputs of ANN are shown in Figs. 6(a) and “Fig. 6(b), respectively,
shows that the training errors are very low, proving that the NN has well learned the inputs data and
has correctly reproduced the desired output.

As shown in Figs.6(c), based on the test result of the system, it is clear that this ANN allowed the
detection of the states of the motor in its different conditions, the same is true for the generalization
step where the system proved effective to find the type of fault (No BRBs, One BRBs or two
BRBs)Fig.6(d).

The mean square error (MSE) is defined as comparing the difference between the outputs produced
by the ANN compared to the desired results (targets). However, the normalized of this MSE is
calculated and propagated backwards to adjust the value of the weights on the neural connection in
the MLP [28].

In this work, this process was repeated 5000 epochs until the MSE was reduced to an acceptably
low value (0.00014671) suitable to classify the test set correctly as shown below.

S
=
Gradient
& S,

Mean squared error (mse)
3
mu
. 2 & § 3

v

(b)

(©

S
IS
o

500 1000 1500 2000 2500 3000 3500 4000 4500 5000

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
5000 Epochs

5000 Epochs

Fig.7 ANN training performance MSE (left), the NN training state (right), (a) Gradient = 0.00067849, (b)
Mu=0.1, and (c) Validation Checks = 0 at epochs 5000.

6. CONCLUSION

This paper presents a method combines between the Hilbert transform and the neural network to
detect automatically the broken rotor bars fault of the squirrel cage induction machine.

The envelope analysis spectrum using Hilbert modulus is a good tool for detecting the BRBs
when the SCIM is operating at low slip. This signal analysis can be used to detect other faults such
as the stator faults, mechanical faults in this machine. Using Hilbert modulus spectrum, a diagnosis
techniqgue was adopted a neural networks in order to detect the numbers of BRBs in SCIM, this
technique has been shown to be very effective for detecting and classifying the different states of
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the motor (healthy state, BRBs fault)under various conditions. The simulation results demonstrate
the effectiveness of the proposed technique to detect the number of BRBs.

Table 1Squiral cage induction motor parametres

Variable parameters Values

Pn Output power 1.1IKW

Vs Supply voltage 220/380v

1:s Supply frequency 50Hz

In Rated current 2.6/4.3A
Qn Nominal speed 1425rpm

P Number of pole pairs 2

Rs Stator resistance 9.81Q

Ry Rotor resistance 3.83Q2

Re Resistance of end ring segment 5.6.x107'Q
Rp Rotor bar resistance 6.1x10°'Q
|_e Inductance of end ring 17x1077Q
Mgy Mutual inductance 1.73x107*H
Ns Number of turns per stator phase 464

N r Number of rotor bars 28

J Inertia moment 0.0125k.g.m2
1:d Coefficient of damping 0.00119N.m/rad.s
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