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Abstract 
 
Fault identification is also an essential issue in maintenance of asynchronous 

motor. Bearing defects are the major defect that occurs in motors. In this 

research, a novel approach is developed by utilizing Hilbert transform (HT) 

for analyzing speed and Convolutional Neural Network (CNN) for 

diagnosing the failures. The information about the stator current of the 

asynchronous motor are analyzed and classified when the motor is subjected 

to different loading under healthy and fault conditions of the bearings. The 

proposed CNN classifier has the ability to classify the types of fault in 

bearing and experimental outcomes to endorse the value of the developed 

process.  

 

Keywords: Bearing Fault, Convolutional Neural Network, Fault Diagnosis, 

Hilbert-Huang Transform, Induction Motors 

 

1 Introduction 

 

The asynchronous motors are being utilized in most of the industries 

because of different specialized and monetary reasons [1]. The high 
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unwavering quality, minimal budget, mechanically strong and less 

maintenance requirement makes them suitable various applications. 

Notwithstanding, the issues will generally pay little heed to the quality of 

motor. Based on their applications, these machines are confronting various 

limitations with respect to their working condition. These limitations prompt 

to stator or rotor failures. Truth be told, the shortcoming occurrence would 

frequently results in irreversible shutdown of the asynchronous motor and 

increases the fixing cost and loss of production [2]. Various kinds of 

imperfections happened in the asynchronous motors are rotor bars breaking, 

short out of stator, shaft misalignment, bearing and gearbox failures. Mostly 

occurring deformities are classified in [3] and [4]. About 40% of the 

disappointments happening on the machine are due to bearing defect. 

Consequently, the unwavering quality of induction motors is turning out 

to be progressively significant subject regarding logical research and industry 

too. Customarily, the motor condition observing was depended on estimation 

investigation of the noises, vibration and temperatures. Vibration 

examination is the mostly utilized technique for observing bearing 

deformities of motors. This methodology includes utilization of signal 

handling systems like FFT for characteristics monitoring. Defect frequencies 

of the vibration range are referenced in [5]-[6]. But, the significant expense 

of vibration (piezoelectric accelerometers) sensors makes these arrangements 

as hard to be actualized. With an end goal to defeat this issue, the present 

examination was utilized to monitor these deformities. Numerous 

examinations have shown that the moving imperfections marks of motors can 

be effectively removed by measuring the stator flow [7]-[9]. For the most 

part, signal preparing strategies are utilized by the techniques dependent on 

present examination. 

Among these methods used, we can cite the motor current signature 

analysis (MCSA). [10]-[12]. There are various advantages in MCSA 

technique. The current sensor is used to measure the stator current, which is 

non-invasive. Hence, the requirement of the special equipment is not 

necessary. The fault diagnostic data is extracted, by just using the motor 

current signals. Various issues such as, rotor bar damage like broken rotor 

bars, static or dynamic eccentricities, and also unbalanced rotor, defects in 

bearing, short in stator winding can be diagnosed by MCSA. 

In any case, this technique has confinements with respect to recognition 

of bearing deformities. Truth be told, these imperfections have demonstrated 

non-stationary conduct. A few analysts have found to build up adjusted 

strategies to active sign of checking and recognition for bearing deformities 

with acceptance engine, for example, time-investigation recurrence, 

spectrogram, decomposition of wavelet, Wigner-Ville circulation with top 

goals recurrence calculation [13]-[14]. 

The non-linear and active signals were analyzed recently using Hilbert-

Huang transform (HHT). HHT is a synthesis of observational mode  
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deterioration (EMD) and Hilbert Transform (HT) [15]. HHT has been seen as 

incredible and effective in terms of observing the electric machines utilizing 

trembling information with recognition in failure of the rotor bar of 

enlistment equipments utilizing stator flow information and nowadays 

smeared for rotating equipment analysis with eminent attainment and wind 

turbine [16]. 

While processing the HHT, the obtained sign into an assortment of 

inborn mode capacities (IMF) of the EMD will disintegrate at first. A unique 

sign could be communicated as the entirety of these capacities. Be that as it 

may, on the off chance that EMD is applied to non stationary sign, the first 

sign can't be re-gathered because of blending mode issue. So as to defeat this 

issue, Huang with Wu recommended EEMD technique (Ensemble Empirical 

Mode Decomposition) in view of EMD calculation de [17]. Issue in blending 

approach is settled by expansion of white Gaussian commotion. 

The alter model of Hi technique is registered in this work [18]. By 

applying EEMD technique it decayed the present time sequence input in 

intrinsic mode analysis. Afterwards, for individual intrinsic mode analysis 

HT method is registered. In our project the uses of EEMD and HT methods 

are developed to design the feature vector of bearing fault. In order to 

identify these failures a multi-class classifier is needed. Several classification 

techniques are proposed in modern years for the classification of defects 

mechanical induction motor is Artificial Neural Networks (ANN) and SVM 

[19]-[20]. CNN has recently been successfully applied in several fields and 

more particularly in faults diagnosis of asynchronous motor. In our work, we 

used CNN classifier method for the classification of bearing imperfections in 

the induction motor.  

The complete flow of this paper is classified into different sections. In 

section II, the description of the proposed is presented. Within this section, 

we have split the proposed work under six categories. The Gaussian filter is 

discussed as a first sub-section (2.1) and CNN classifier is presented in 

section 2.2. The convolution layer and pooling layers are addressed in section 

2.3 and 2.4. The fully connected layer and classifier are presented in 2.5 and 

2.6. The results and discussion of the paper is discussed in section 3 followed 

by the conclusion in section 4.  

 

2 Proposed System Description 

From the figure 1 we know that the Speed of 3φ induction motor is 

controlled by means of Sinusoidal Pulse width modulation (PWM). The input 

Direct Current supplied form solar PV array is given to the 3φ voltage source 

inverter (VSI), and then inverter output voltage is fed to the 3φ inverter for 

regulating the speed of the 3φ induction motors. Three sinusoidal signals  
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with 120
o
 displacement is compared to 10 kHz switching frequency carrier 

signal. The induction motor velocity is controlled using modulation index. 

  

 

       Figure 1. Three phase inverter based Induction Motor control Block diagram 

 

 

Figure 2. Block diagram for Proposed Deep learning neural network classifier based 

Fault classification 

 

The figure 2 shows proposed Signal processing based Induction motor 

fault classifications. The speed signal from V/F control technique is taken as 

a reference and this data is applied to preprocessing step. In preprocessing 

Gaussian filter removes impulse noise from input Speed signal. Then 

Hilbert‘s transform converts the speed signal into samples as well as 

calculates the amplitude of the individual Samples. The trained data set of 

fault classification are compared with the test data using CNN classifier, 

CNN classifier increases the classification accuracy compared to other 

unsupervised classifiers. 
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2.1 Gaussian Filter 

 Gaussian filter means the input signal with impulse response of Gaussian 

function is known as Gaussian filter. It is also known as Weierstrass 

transform.  

The Gaussian filter analysis is expressed as 

 

      (1) 

The mean is represented as μ and standard deviation as σ.  

As signal x(t) travels along a network H(s), the impulse response 

(Gaussian function) 

The signal is filtered through Gaussian expression. 

 

Using mean value theorem, y(t) =     (2) 

Hence y(t) is nothing but the convolution of 1/  and x(t). the Fourier 

transform of 1/  is  

     (3) 

‗f‘ is frequency (hertz), the progressive rate of recurrence of the range of x(t) 

are moved by and the undesirable rate of recurrence are moved by . 

Thus HT is considered as separator unity and phase amplitude  which 

can be controlled by the indication of frequency and input signal spectrum. 

The logical signal y(t) of x(t) is monitored: 

  y(t) = x(t) + jx(t) = x(t)     (4) 

Here x(t) known as breadth purpose; cover pointer element is: 

  H[x(t)]=     (5) 

The prompt breadth of pulse x(t) can be evaluated as: 

  x(t) =      (6) 

The negative frequencies of signal x(t) will be separated by the effect 

of pulse y(t). 

 

2.2 CNN Classifier 
 

 A CNN is a newly established method and it is a greatly powerful 

identification technique, which has stimulated large amount of observation. 

In this method the original picture is given straightly as input and its complex  
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pretreatment can be abstained. Moreover, a CNN is greatly unchanging to 

picture data in the state of moving, measuring, slope, or further distortion, 

due to the internal sensitive area, load sharing, and down sampling. 

 Consequently, the applications used above are introduced over a great 

extent. A CNN consists of several parts of sub-convolutional neural circuit 

(sub-CNNs, indicated at fig 3). The circuit is made up of several levels, in 

which everyone consists of different planes. Pre-processed data‘s are given in 

the input signal at the initial sub-CNN. Next sub-CNNs, the result element of 

the preceding signal is the response of the succeeding sub-CNN. The result 

element of the final sub-CNN is attached to the complete coupled level with 

organizer, that utilizes identification in picture, speech etc. 

 

2.3 Convolutional Layer 

 

After studying, an image sub-block is obtained from natural images 

have inherent features. Above structures gets applied in every sub-blocks as a 

filter. Because of this, the stimulation ethics of diverse sub-blocks are 

obtained. Inherent image features gets used by convolution in CNN.  

Confined approachable arenas with mutual masses are two vital basic 

ideas in convolutional calculation. In CNN, as per fig 1 the input layer is 

taken as two-dimensional matrix. From the previous layer, every part in the 

level gets response after the next planes. All points in the plane and the 

masses creating amenable field for a plane must be identical. Every plane is 

monitored using a report chart with a stable report indicator attached with the 

confined space and is identified above the planes in earlier level. Various 

features are detected by using multiple planes in every layer which is known 

as convolutional layers [23]. 

In figure 3, the 10910 input feature map is convoluted using eight 3 9 3 

convolutional kernels. The overall procedure of the convolution process is as 

conveyed by 

      (7) 

Here, * represents surface distinct obscurity operator, b indicates 

preference trajectory wij with x indicates obscurity kernel and feedback piece 

plot, correspondingly. f {.} signifies initiation task. 

 

2.4 Pooling Layer 
 

The total feature imageries is improved by method of convolutional 

layer, which makes very large feature dimension and is easy to continue into 

curse of dimensionality. The collective information for feature plots attained 

by convolutional level to solve this issue which became easier to explain the 

high dimensional image which is known as merging The combining  
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procedure diminishes the determination of the productivity feature map 

which can be developed to recollect the structures pull out from high-

resolution feature plots. Overall formula by down sampling is conveyed 

using 

      (8) 

Here, b represents multiplicative partiality period, down(x) indicates 

assembling purpose, b signifies improver preference vector, and f{.} 

represents the activation function. 

From the below diagram, eight 8*8 feature maps are acquired by 

difficulty of response feature maps. Eight 4*4 feature maps are attained 

subsequently pooling hence feature plots facet is condensed. 

 

2.5 Fully Connected Layer 
 

Output of neurons in future map of upper levels is connected with the 

neurons with the fully connected levels and is communicated by  

h(x)=f(wx+b)       (9) 

Here, x represents feedback of completely associated level, the output of 

the completely associated level is represented by h(x), w and b stands for 

mass and  improver preference period, and initiation purpose is dented by f 

{.}. 

In order to control the complete decent in grouping, ‗‗dropout‘‘ 

technique, in completely associated level, is typically presented. Normally 

some neurons are fed in the unseen level halt functioning, with particular 

possibility P, to advance the simplification capability also avoid above decent 

after training. The complete CNN layer is represented in figure 4. 

 

2.6 Classifier 
 

Multi-classification problem is mainly solved using softmax which is 

generalized by logistic classifier. The X is denoted as feedback model in 

working out data and equivalent label as y, this determines the example j‘s 

possibility for the classification p(y=j|x). So, for a class K classifier, the 

vector will have the K-dimension output (the element count in vector is 1), 

indicated as 

 =    (10) 

             

Here the limits of the model are θ1, θ2,…, θk. 

The period  standardizes the distribution hence it accounts to 

one. 
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To finish the network training, the softmax cost function can be lowered 

by much iteration by using the gradient descent method. J(θ) which 

resembles the cost function 

             (11) 

where 1{.} is an indicative function, The output is 1 when the rate of the 

brackets is true, else the output is 0. The back-propagation rule with overseen 

teaching approaches which dominates the CNN training method. The known 

label and classifier‘s production is compared and an error term is created. 

By the back-propagation concept, the error in each node can be 

transferred, layer by layer, and it is easy to update the weight. By repeating 

the iterations, the error term turn into lesser and lesser and the weights also 

increases more steadily, where the network is being trained. 

The proposed method can be summarized as follow: 

(1) By utilizing the EEMD, to decompose current signal and to generate a 

collection of IMF with the help of the procedure briefed above. 

(2) The major four IMFs is carefully chosen. 

(3) To the chosen IMFs, use the Hilbert transform. 

(4) Estimate the entropies of envelopes of chosen IMFs. The value of the 

entropy is computed below:  

 

 

 
 

Figure 3.  Fault diagnosis work flowchart 
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Figure 4. CNN layer representation 

 

The energy of chosen signals is defined as entire energy Ei and also 

whole energy as E. These are conveyed in comparisons (12) and (14) as 

presented underneath: 

=                   (12) 

E=                   (13) 

The total examples of the pointers are indicated by T and N represents 

total number of chosen signals. 

Also there are larger energy values and to ease the computation and 

examination, the proportion of energy is outlined in comparison (13). 

                  (14) 

By forming the energy vector ratio: 

  =[ ]   (15) 

The entropy of energy route proportion of the selected N IMFS is said 

using subsequent equations: 

     (16) 

The value of the entropy calculated in equation (16) is considered as a 

bearing fault feature. 

(5) Create the feature trajectory by means of entropies of IMFs selected 

for M fault signals: 

  FV=[ ]            (17) 

(6) Calculate the Euclidean distance defined below: 

  D=  (18) 
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The value of the entropy calculated in equation (18) is considered as an 

Induction motor fault feature. 

By applying the steps described above, the two-dimensional fault feature 

is constituted. The application of the CNN classification algorithm having 

input two dimensional fault feature has demonstrated the efficiency of the 

anticipated method. 

 

3 Results and Discussion 

 

 At full load conditions (industrial conditions), the machine is examined 

and operated. Also the speed is attained using particularly made data 

acquisition system. The faults in the motor are produced artificially and data 

is attained for every fault condition consecutively. The various motor 

conditions considered are:  

1) Motor at strong situation.  

2) Outer race defect bearing  

3) Inner race defect bearing  

4) Broken rotor bar with shorted stator turns   

5) Fault at broken rotor bar   

 The data acquisition is pursued with pre-processing and feature 

extraction stages, where the significant values and time-domain features are 

converted from attained data and are extracted respectively. 

 
Figure 5. DC voltage waveform to the three phase inverter 

 

 The figure 5 shows the input PV array voltage (DC voltage) to the three 

phase VSI, this potential difference is converted into AC voltage using 

Sinusoidal PWM technique. 
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Figure 6. PWM pulses to the voltage source inverter 

 

 The figure 6 shows PWM pulses to the three phase inverter with 10 kHz 

switching frequency. The inverter now converts DC voltage into AC voltage. 

This voltage shown in figure 7 is given to filter for making square wave 

output into sinusoidal voltage waveform. 

 

 
Figure 7. Three phase VSI voltage waveform using filter 

 

 The inverter voltage is given to three phase induction motor for 

controlling the motor‘s speed. The figure 8 shows current waveform of the 

Induction motor. 
 

 
Figure 8. Induction motor current waveform 
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 The figure 9 shows speed waveform of the Induction motor, but the 

speed waveform is highly oscillatory. This speed waveform is taken as test 

signal for the proposed signal processing approach. The proposed classifier 

then accurately gives the fault types. 
 

 
Figure 9. Unhealthy motor speed waveform 

 

The samples of the motor speed waveform shown in figure 10 is acquired 

and converted into signal and applied to the Band pass filter based 

preprocessing block where the noises present in the speed signal is removed.  
 

 
Figure 10. Speed signal for proposed approach 

 

The output of the Band pass filter is shown in figure 11 which represents 

the noise-free speed information from which the motor‘s fault can be 

classified effectively. This signal is forwarded to Segmentation stage.  
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Figure 11. Preprocessing Gaussian filter output signal waveform 

 

Figure 12 shows the instantaneous magnitude of the preprocessed signal 

obtained using Hilbert transform. The analytical representation gives the 

signal in positive direction alone with double the amplitude and eliminate the 

signal in negative direction.  

 
Figure 12. Hilbert Transform output waveform 

 

The significant information of the speed signal is recovered by 

reconstructing the output of hilbert transform. The reconstructed waveform is 

depicted in figure 13.   

 
Figure 13. Reconstruction result waveform 

 

The performance of the system is measured from the peak signal to noise 

ratio. The zero crossing detector or Histogram based method can be used to  
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find the peak amplitude of the reconstructed speed signal. The classification 

perfornance is improved by identifying the peak amplitude of the speed 

signal as shown in figure 14.  

 
Figure 14. Peak signal identification result waveform 

 

The best in class CNN classifier is proposed in this paper to identify the 

type of fault in motor. The classifier is trained with some standard fault 

inforamtion that arises in induction motor. The classifiaction result of CNN 

is given in figure 15 with the type of fault incurred in the motor. 

 

 
Figure 15. Classification result using proposed CNN classifier 

 

The performance validation of the proposed classifier is done by 

measuting the accuracy index of the CNN with existing SVM classifier. For 

several speed images, the acauracy is measured for both the classifier and it 

is found that the in all the cases CNN outperforms the existing SVM 

classifier which is shown in figure 16. Thus the SVM classifier can be 

replaced by the CNN in future fault classification problems.  
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Figure 16. Accuracy comparison between SVM and CNN classifier 

 

4 Conclusions 
 

 In this paper speed analysis technique using Hilbert Huang transform is 

discussed where the CNN used for the diagnosis of bearing errors at 

induction motor. The entropy of the major four IMFS using current in stator 

disintegration regarding the EEMD as a pointer of faults is figured in this 

proposed system. The study of the experimental results shows the efficiency 

of the given method.    
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