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Abstract: Motors as the actuator in the aluminum electrolysis process, mainly used for control the lifting of the 
anode to control the cell voltage, make the electrolytic tank keep in the best condition, once the motors failed, 
slot voltage will be out of control. This paper study on the fault of the motors in the process of aluminum 
electrolysis. In this paper adopts the EMD algorithm for various stator current signal data preprocessing, it has 
high adaptive decomposition ability and good ability, and then use the ICA algorithm extract feature of the 
current which has been denied. The extracted features input to the rough neural network for fault diagnosis and 
classification and gives the results of fault diagnosis. Through the simulation and analysis verify the feasibility 
and superiority of this model. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

Motor is mainly used for control lifting carbon 
anode to adjust electrolyzer anode and cathode 
distance to control the cell voltage in the process of 
aluminum electrolysis, the voltage constant is about 
4.2 V, electrolytic tank is in the best condition. In 
addition motor used for Control valve to hopper, 
make the concentration of alumina powder constant 
in the appropriate value in the electrolytic tank [1]. 
Once the fault occurs of the motor in aluminum 
electrolysis process, the normal operation of 
aluminum electrolytic process will be destroyed, even 
forced the aluminum electrolysis system to stop 
running. Therefore, the safe operation of the motor is 
particularly important, and the motor fault detection, 
especially the early fault detection is one of the key 
measures to guarantee the safe operation of the 
motor. Fault of the motor including grounding fault, 
rotor fault, bearing fault, oil film vibration and so on, 
in various failure form of motor the bearing fault and 

broken rotor bar fault account for the largest 
proportion, So the motor faults detection in this paper 
mainly are the two faults. 
 
 

2. Establishment of the Network Model 
 

2.1. Fault Diagnosis Model Structure 
 

When the induction motor fall in failures, the 
waveforms of the air-gap flux will change, leading to 
the harmonic component of the current in stator 
change, different faults leading to different changes 
of the waveform, current in stator contains 
independent information under different status in the 
motor, so analysis the current in stator can detect the 
faults in the induction motor [2]. Analysis of the 
current in stator is a non invasive method of fault 
detection, It only continuous keeping watch on 
current not interfere the internal structure of the 
motor, So we put the current in stator as the research 
object, to detect the bearing fault and broken rotor 
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bar fault. A major difficulty is the noise is 
inescapable in the analysis of the current in stator, 
thus effectively eliminate the interference of the noise 
is one of the key issues of induction motor  
fault diagnosis.  

The stator current signals collected is a stationary 
signal generally, with the traditional signal analysis 
methods such as Fourier transform has some 
limitations. In this paper adopts the EMD algorithm 
for various stator current signal data preprocessing, it 

has high adaptive decomposition ability and good 
ability, and then use the ICA algorithm extract 
feature of the current which has been denied, input 
the characteristics which have been extracted to the 
rough neural network fault diagnosis, then the fault 
diagnosis is given [3]. 

The network structure for multiple fault diagnosis 
of motors in aluminum electrolytic as shown  
in Fig. 1. 

 
 

 
 

Fig. 1. The network structure of multi fault diagnosis of motors in aluminum electrolytic. 
 
 

2.2. Data Pretreatment 
 

A difficulty in the fault diagnosis of induction 
motor, when using stator current signal is inevitable 
to the collected signals by different kinds of noise 
interference, and the presence of noise will directly 
affect the fault feature information extraction, thus 
affect the accuracy of fault diagnosis. Pre processing 
current signal in stator will improve signal-to-noise 
ratio, it is important for fault detection. In this paper, 
the pretreatment of empirical mode decomposition 
method is applied to the current signal in stator to 
removing high frequency noise in the signal [4]. First 
use the EMD method to decompose the fault signal, 
then the Hilbert spectrum analysis of each IMF 
component, the high-frequency noise due to low 
voltage distribution networks are mainly concentrated 
in the 10KHz above, so remove the instantaneous 
frequency is higher than 10KHz IMF component, so 
as to achieve the purpose of removing high frequency 
noise. 

EMD time-frequency analysis method is based on 
the two basic concepts of, one is instantaneous 
frequency, another is the basic component [5]. 
Compared with the Hilbert transform of the original 
signal results, only the basic modal components out 
of the Hilbert transform spectrum is meaningful. 
EMD decomposition process as shown in Fig. 2. 

Hilbert transform Based on EMD aim to obtain 
the Hilbert spectrum of the signal for Time-
Frequency analysis [6]. If the basic modal 
components group for a signal known, Hilbert 
transform can be performed on each IMF, then 
according to the formula (1) to obtain the 
instantaneous frequency. 
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Fig. 2. EMD decomposition process. 
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Hill transform for each basic modal components 
in the formula (2): 
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where Re  is the real part, nr  is omitted in the 

derivation. Generally, a monotone function or a 
constant considered a long cycle fluctuations in the 
Hilbert conversion. But sometimes the energy of the 

nr  is relatively large, may effect analysis the other 

components. Most people interested in high 

frequency part in the lower energy generally, so nr  is 

omitted in the derivation in general. By (3) signal 
amplitude may be expressed as a time function or a 
frequency function in the three dimensional space. 
This amplitude of the signal called contour in the 
time frequency plane. This amplitude distribution is 
known as H (W, t) in Hilbert spectrum, referred to as 
Hilbert spectrum, denoted as: 
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Then can be defined boundary spectrum 
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where T is the sampling duration of the signal. 
Boundary spectrum spectrum integral of the time 
axis, its significance lies in the expression of the 
contribution of each frequency in the overall 
amplitude, reflected in a sense of probability 
amplitude over the entire time on the accumulation of 
amplitude. The square of frequency of the Hilbert 
spectrum can get the instantaneous energy density: 
 

 ( ) ωω dtHtIE = 2),( , (6) 

 
where IE (T) represents the time fluctuation of 
energy. Empirical mode decomposition method 
called Hilbert spectrum analysis of Hilbert-Huang 
transform based on the above introduction. 
 
 
2.3. Feature Extraction 
 

How to extract feature information of the fault 
signals in the motor effectively is one of the most 
critical problems in fault diagnosis of the motor. This 
problem is the bottleneck of the fault detection in the 
motor, is related to the accuracy of fault detection 
directly. According to the superiority of the FastICA 
algorithm, in this paper applies the FastICA 
algorithm to extract feature information of the current 

signal in stator which have denied by EMD, by this 
way to achieve the purpose of fault detection. ICA 
feature extraction can be divided into the following 
two steps: feature extraction based on the determined 
and through data compression principal independent 
component [7]. In the first step, we first use the ICA 
algorithm to find out all the independent component 
in the collected signals, and select the main 
independent component projection variance; in the 
second step, extract features with the principal 
independent component that have been selected. 

FastICA algorithm, also named Fixed-Point 
algorithm, it is a fast searching algorithm, different 
from traditional neural network algorithm, this 
algorithm lies in the way of batch processing, each 
iteration of the algorithm have a large number of 
samples involved in operation. FastICA algorithm 
based on kurtosis, based on maximum entropy, based 
on maximum likelihood and so on, and in this article 
uses the FastICA algorithm based on maximum 
entropy. The FastICA algorithm based on maximum 
entropy refers to the maximum entropy as the search 
direction, using Newton iterative algorithm for 
sampling point of observation signals of X line batch 
processing, in order to extract independent source, 
which embodies the idea of projection pursuit fully. 
The non Gauss metric function of the algorithm: 
 

 )()()( yHyHyJ gauss −= , (7) 

 
 −= dyyfyfyH )(log)()( , (8) 

 
where ygauss is the Gauss variables of y and they have 
the same variance. Because the probability density 
variable f(y) is unknown, we must estimate the 
negative entropy. We can get the target function by 
estimate negative entropy based on the maximum 
entropy theory as follows: 
 

 { } { }[ ]2)(()( vgExwgEwJ T
g −= , (9) 

 
In the type X is the vector of observed signals, 

）（•E is the sake of mean computation, V is a zero 
mean, variance of Gauss random variables is 1, w is 
the weight vector, G is a nonlinear function. 

The basic principle of FastICA algorithm is to 
optimize the objective function by stochastic gradient 
method for adjusting the weights in W. In type (9) 
made the most optimal solution of Jg(W) in the 

constraint of ( ){ } 1
2 =xwE T , which satisfies  

the equation: 
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So we can get the FastICA algorithm: 
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 { })( xwgxEW T′=+ , (12) 
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Specific steps are as follows: 
1) Data preprocessing, centering and whitening. 
2) Selection the initial vector W0 random and let 

K = 0. 
3) According to the (12) calculation of Wk+1. 
4) According to formula (13) normalized the 

Wk+1. 

5) If the algorithm with ε>−+ kk WW 1  does 

not converge, return to the step (2), whereas estimate 
an independent components. 
 
 

2.4. Fault Classification Model 
 

In order to improve the accuracy of fault 
diagnosis and classification, this paper adopts rough 
neural network structure. The input of the rough 
neural network is the characteristics of ICA after 
feature extraction, the output have four cases: normal 
fault, bearing fault, rotor broken bar fault, bearing 
fault and rotor broken bars fault occur simulate. Fault 
categories corresponding to the various outputs are 
given in Table 1. 
 
 

Table 1. The network fault model and the corresponding 
output value. 

 

Fault classification 
Output 

Y2 Y1 
Normal system 0 0 
Bearing fault 0 1 
Broken rotor bar fault 1 0 
Bearing fault and broken rotor bar fault 1 1 

 
 

In order to improve the convergence speed of 
neural network, the input layer rough neural network 
use rough neurons, while the hidden layer and the 
output layer neurons are fuzzy neuron, the network 
model is shown in Fig. 3. 
 
 

 
 

Fig. 3. Structure of rough neural network. 

The number of the rough neurons is n of the input 
layer, the output of the rough neuron i as input xi for 
Rough membership degree mri of the type 
identificated by neural network. The number of fuzzy 
neuron in hidden layer is m, and each pair of implied 
the presence of connection weights rij and ωij between 
the layers and neurons in the input layer (i=1,2,...,n; 
j=1,2,.., m). The input neurons j of the hidden layers 
the output of input layer. 
 

( ) ( )1
1

n
n

j i ij ri ij ij ri ij
i

h t r m s r m sω ω=
=

 = → = →  ∏ , (14) 

 

where T is the t operator, s is the s operator, and → is 
the connect operator.  
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The output layer only contains one fuzzy neuron, 
its output O as input feature vector belongs to the 
degree of classification type in rough neural network: 
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m
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where uj is the connection weight from hidden layer 
neuron j to the output neuron. Rough neural network 
using the back propagation learning training, 
respectively to adjust the connection weights of rij, wij 
and uij. 
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where y is the desired output for the rough neural 
network; O is the acute output; n and m respectively 
for the number of neurons in input layer and hidden 
layer. From equation (18) can be seen, the error e of 
output in the rough neural network is a function f of 
the connection weights, therefore, the adjustment 
formula weights can be expressed as. 
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where α is the learning efficiency, t is the number  
of iterations. 
 
 
3. Experimental Results and Analysis 
 

Based on Matlab / Simulink build the fault model 
of the induction motor, The following parameters: the 
motor rated output power is 4 kW, rated voltage is 



Sensors & Transducers, Vol. 177, Issue 8, August 2014, pp. 122-127 

 126

220 V/380 V, rated current is 14.2 A/8.2 A, rated 
frequency is 50 Hz, rated speed is 1440 r/min, pole 
number is 2 on the motor, the rotor bar number is 30, 
lamination length is 125 mm, the air gap and radial 
length is 0.35 mm, the rotor radius 37.35 mm, the 
rotor resistance is 3.04E-04, rotor leakage inductance 
is 5.16E-07H, each section of the end ring rotor 
leakage inductance of 1.59E-09H rotor end ring, each 
segment of 8.75E-07Ω resistors, moment of inertia 
0.045 kg.m2, torque loss coefficient is 
0.0038 kg·m2/s, ball bearing number is Z=8; diameter 
of bearing ball bearing diameter dBD=20.638 mm; 
dBD=87.5 mm=0; contact angle α=0. Motor bearing 
fault network output Y1, Y2 as shown in Fig. 4, the 
motor rotor broken bar fault as shown in Fig. 5. 
 
 

0 5 10 15 20 25 30
0

0.5

1

time(min)

Y
1

0 5 10 15 20 25 30
0

0.5

1

time(min)

Y
2

 

 

Rough Neural Network Prediction Curve
BP Neural Network Prediction Curve

 
 

Fig. 4. Motor bearing fault diagnosis. 
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Fig. 5. Rotor broken bar fault diagnosis. 
 
 

From the simulation curve in Fig. 4, in about  
9 minutes ago, the value of the output Y1 and Y2 are 
in 0~0.2, no obvious changes, can be considered the 
output of the neural network is 0. From the beginning 
of the 17th minute the value of the output Y1 is 
greater than 0.5 that can be considered motor bearing 
fault may occur. While, the same situation happened 
in BP neural network at 19th minute, 2 minute ahead 

of time predict. At 25th minute, the value of output 
Y1 is higher than 0.9, close to 1. It can be considered 
motor bearing fault occur. It is proved that the motor 
bearing fault prediction is accurate. 

From the simulation curve in Fig. 5, in about  
18 minutes ago, the output of the neural network of 
Y1 and Y2 are in 0~0.2, no obvious changes, can be 
think that the value of the output is 0, motor is in a 
normal state. 23 minutes later, the value of the output 
Y1 is more than 0.9, close to 1, can be seen that the 
rotor broken bar fault occurs. From 25 minutes the 
output of BP network reached 0.9, 2 minutes ahead of 
time predict. It is proved that the rotor broken bar 
fault prediction is accurate. 
 
 
4. Conclusion 
 

In this paper, detect the bearing fault and broken 
rotor bar fault of the motor in the process of 
aluminum electrolysis. Based on the non invasive 
characteristics of the method with current analysis in 
stator, to realize the fault detection of the induction 
motor this paper analysis every current of the stator 
in different conditions. Using a new induction motor 
fault detection method based on EMD and ICA. The 
method first applies the EMD algorithm to denies the 
current which under different states in the stator, in 
order to improve the noise ratio of the signal, To 
extract the feature of the signal after de-noising based 
on FastICA algorithm, and the fault detection 
combined the EMD and ICA with artificial neural 
network of induction motor is more accurate and 
intelligent. The experiments proved that the fault 
detection method based on ICA feature extraction is 
feasible and effective. 
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