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ABSTRACT: The bearing is the core part of the electric spindle, and the bearing failure 

directly affects the normal operation of the electric spindle. When the electric spindle breaks 

down, the mechanical system can not operate normally, which leads to great losses. In order to 

detect bearing faults, many traditional intelligent fault detection methods are proposed, and the 

fault category can not be accurately determined due to the existence of noise components in the 

signal. In this paper, a new noise reduction algorithm- Sparse Denoising Auto-Encode (SDAE) 

is proposed. The Denoising Auto-Encoder can learn the noise factors and extract the succinct 

expressions from raw data automatically, and sparsity is integrated on the basis of Denoising 

Auto-Encoder to improve the generalization of feature expression. More effective feature 

expressions are extracted to train Convolutional Neural Network (CNN), and the Adam 

optimization algorithm is used to fine-tune CNN to improve the accuracy of fault diagnosis. 

KEYWORDS: Noise reduction method; Fault diagnosis; Rolling bearing; Denoising Auto-

Encoder 

 

1 INTRODUCTION  

The bearing is the core part of the electric 

spindle, bearing in the long-term operation process 

will appear wear, fracture and other faults. The 

service life of the bearing is not stable due to the 

different service environment. According to the 

relevant literature statistics, 30% of all faults of the 

motorized spindle are caused by the health 

condition of bearing (Wang Yixing et al., 2016). 

Once bearing fails, it will threaten the safe 

operation of the motorized spindle. Therefore, it is 

of great importance to detect the condition of rolling 

bearing and predict the fault accurately in time to 

ensure the safe operation of the motorized spindle. 

At present, the rolling bearing fault diagnosis 

method is mainly based on artificial intelligence. 

The CNN, one of the artificial intelligence methods 

is widely used in rolling bearing fault diagnosis 

(Zhang et al., 2016, Dong et al., 2016, Zhang et al., 

2015).because of its local connection and parameter 

sharing. Such a network structure can abstract the 

combination of the low-level features from the 

extracted fault data into a higher-level feature 

combination to discover the inherent law of data 

(Liu Jian Wei et al., 2014). For example, in a 

research (Chen et al., 2015) is presented how to 

apply CNN for fault diagnosis of the gearbox. Since 

CNN is dealing with image data, the time domain 

and frequency domain of the acquired vibration 

signal need to be recombined to form a two-

dimensional image firstly. Then, use it as the input 

sample. The method realized the fault diagnosis of 

the gearbox successfully. In another research 

(Hoang et al., 2018) is proposed a rolling bearing 

fault diagnosis method based on convolutional 

neural networks and vibration images which is to 

classify and identify the faults of the bearings after 

CNN extracting the features of the vibration images. 

This method links feature extraction with intelligent 

diagnosis to avoid the diagnostic errors caused by 

treating two links as independent processes. 

Although the above intelligent diagnosis methods 

have achieved a certain success in the field of fault 

diagnosis, CNN adopts the supervised learning 

method which requires a large amount of tag data, 

to extract fault features and selects features for 

classification training. Tag data acquisition is very 

difficult, not only requires a lot of experiments but 

also requires a wealth of expertise and experience 

so that CNN cannot effectively use unlabeled 

sample data for fault feature extraction, resulting in 

the accuracy of existing fault algorithms are not 

high. Auto-encoders and their variants (sparse auto-

encoders and denoising auto-encoders), as an 

unsupervised learning method, have been proposed 
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and used to automatically extract corresponding 

feature expression from a large number of non-label 

data for classification training in recent years. For 

example, in a research (Chen et al., 2017) is directly 

used the methods of deep learning: Deep Belief 

Network (DBN), Deep Boltzmann Machine (DBM) 

and sparse auto-encoders (SAE) to extract the 

lowest-level fault features from the time-domain 

and frequency domain of the bearing fault original 

signal, and then learned higher-level feature 

expressions from these low-level fault features, 

which overcame the dependence of the traditional 

methods on signal processing techniques. 

Many useful methods for the faults of the 

bearings have been proposed (Shi et al., 2019; 

Wang  et al., 2019; Vincent et al., 2010) Vincent 

proposed to add a noise factor to the SAE network 

structure to form an SDAE network, which can 

reconstruct the noise-free data from the noisy data, 

so that the features learned by the whole network 

have stronger generalization ability and robustness. 

The network is applied to the bearing fault 

diagnosis. The data features extracted by the 

unsupervised learning methods are not only concise 

but also can reduce the complexity of the 

classification task to improve the classification 

accuracy. Based on the idea of deep learning, this 

paper proposes an improved SDAE-CNN motorized 

spindle bearing fault diagnosis method, which can 

effectively solve the fault diagnosis problem of 

motorized spindle bearing. 

In this paper, firstly, add noise factor to the input 

data through denoising auto-encoder in the training 

process of CNN, reconstruct original input without 

interference from noisy data, and secondly, in order 

to obtain more general features, the sparseness of 

the denoising auto-encoder is incorporated to 

improve the performance of the encoder, so that it 

can extract the low-dimensional concise expression 

from the high-dimensional raw data. Then, the 

Adam optimization algorithm is introduced in the 

entire CNN algorithm to make the learned features 

more conducive to classification. After the SDAE 

training is completed, initialize the CNN network, 

and train the CNN network by the extracted features 

to complete the training of the entire CNN network. 

Finally, use the trained CNN network to realize the 

fault diagnosis of the motorized spindle bearing. 

 

2 BASIC METHODS 

2.1 SDAE method 

In actual working conditions, the sample data we 

collected contains noise, which will result in errors 

in the final diagnosis. SDAE not only adds noise 

factor to the input data but also adds sparsity 

restrictions to the hidden layer neurons so that the 

trained model has strong robustness and 

generalization ability (Dan Waiping., 2015; Zheng 

et al., 2017; Alawad et al., 2017). As shown in 

Figure 1, where encode represents the encoding 

function, decode represents the decoding function, 

H is the implicit variable of the hidden layer, and Z 

is reconstructed sample. 

Enter the data as X in SDAE and set the value of 

the input layer neurons to 0 with probability P to get 

noisy input sample X
~

.The output of the hidden 

layer Hand reconstructed sample Z are satisfied 

(Guo et al, 2016). 

 

 

𝐻(𝑋, 𝑊, 𝑏) = 𝜎(𝑊𝐻 + 𝑏)         (1) 

𝑍(𝐻, 𝑊, 𝑏) = 𝜎(𝑊𝐻 + 𝑏)         (2) 

 

 

 
Fig. 1 Sparse denoising auto-encoders structure 

 

The average activation amount of the jth unit of 

the hidden layer can be expressed as follows: 

   



n

i

jj ixa
n 1

1
                         (3) 

In order for most neurons to be in a state of 

inhibition, the average activation amount j needs 

to approach a constant  which is approximately 

equal to zero representing the sparsity parameter, 

and add an additional penalty term Kullback-Leibler 

(KL) divergence (Zhenjiang et al., 2017; Yang et 

al., 2016; Alawad et al., 2017) to the reconstruction 

error function to limit j not deviating from the 

parameter  , the formula is as follows: 
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 represents KL divergence, 
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 represents the number of neurons in the hidden 

layer. 
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The penalty term is determined according to the 

property of the KL divergence: the value of   is 

usually taken as close to 0, which is 05.0 . 
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when
 j , value of KL divergence will 
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The reconstruction error of SDAE is: 

 

     

    

1

1

4

1

2

1

1

2

1

( , ) [ log (1 ) log(1 )]

2

log[ 1

log 1
2

d

k k k k

k

s

j

j

d

k k

k

s

k j

j

L X Z x Z x Z

W KL

x g f x x

g f x W KL

  

 


  


  









    

  

   

    









%

%

 

(6) 

Among them: d represents the neurons number 

of the input layer,  represents a regular parameter,

  represents the weight of the sparse value penalty 

term. 

f represents the encoding function, g
 

represents the decoding function,
 bW ,

. 

2.2 Convolutional neural network method 

CNN is the most distinctive network structure in 

the deep learning framework. It is widely used, 

especially in the field of computer vision 

(Zhenjiang et al., 2017). It was born out of the 

biological natural visual cognition mechanism. In 

1962, Nobel Prize winners in Physiology and 

Medicine, D.H. Hubel and T.N. Wiesel (Yang et al., 

2016) found out that there is a kind of local 

sensitive and direction selected neuron structure 

existing in the cat cortex that can effectively reduce 

the complexity of neural networks during the cat 

cortex experiment. Inspired by this, Kunihiko 

Fukushima (Alawad et al., 2017) proposed the 

concept of a new recognition machine 

(neocognitron) in 1980, which was the birth of the 

first convolutional neural network. Since then, 

relevant scholars began to carry out an in-depth 

study on CNN. In 1990, Le Cun (Deng et al., 2013) 

and other published papers that established the 

modern structure of CNN and refined it later. 

The CNN network mainly consists of six parts: 

the input layer, the convolution layer, the ReLU 

layer, the pooling layer, the fully-connected layer, 

and the output layer, as shown in Figure 2. 

 

 
 

Fig. 2. CNN structure 

3 SDAE-CNN MODEL 

3.1 Overview 

The number of hidden layers is a very important 

parameter in the SDAE network, its size determines 

the final diagnostic accuracy. The number of 

convolutional layers, the number of convolution 

kernels and the convolution kernel size values affect 

the convolutional neural network model 

performance, therefore, the number of 

convolutional layers, the number of convolution 

kernels and the convolution kernel size values 

should be selected optimally. 

 

3.2 SDAE-CNN model 

In general, vibration data gather a large amount 

of energy information. When the motorized spindle 

bearing fails, these faults information will be 

reflected in the vibration data. This paper proposes 

an SDAE-CNN model, which can effectively 

extract features and improve the accuracy of fault 

classification. The specific principles of the method 

are as follows: 

(1)First train SDAE with unlabeled fault data x1; 

a. According to the above analysis of the SDAE, 

set SDAE’s related parameters: sparse parameter  , 

INPUT Convolution ReLU Pooling Convolution ReLU Pooling Fully connected OUTPUT
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weightW of input layer to hidden layer, offsetb of 

input layer to hidden layer, hidden layer’s output 

encode_r, the number of hidden layers which is 3, 

the number of hidden layer neurons, 

 40 45 50size_layer  , the input fault data 

sample, input_data  and the ratio keeping features 

unchanged, keep_prob; 

b. Determine the number of input layer neurons, 

create weights and offsets; 

c. Perform the encoding operation to set the 

self.w and the hidden layer offset self.b; 

d. Perform decoding operations, W_prime and  

b_prime, add noise to the input samples, and 

calculate the average activation amount j

according to equation (3),obtain the output of the 

hidden layer and the reconstruction error function 

according to equation (6), and minimize the 

reconstruction error function; 

e. Start training and initialize all parameters; 

f. When the accuracy rate of training sample data 

set is less than 90%, execute the backpropagation 

algorithm and update the connection weights 

according to equations (7) and (8); 

𝑊𝑖𝑗(𝑙) = 𝑊𝑖𝑗(𝑙) − 𝜀
𝜕

𝜕𝑊𝑖𝑗(𝑙)
𝐿(𝑊, 𝑏)         (7) 

𝑏𝑖(𝑙) = 𝑏𝑖(𝑙) − 𝜀
𝜕

𝜕𝑏𝑖(𝑙)
𝐿(𝑊, 𝑏)                (8) 

g. When the accuracy rate of training sample 

data set is more than 90%, save the parameters of 

the input layer to the hidden layer;  

h. Obtain the parameter of the SDAE, def 

get_value(self); 

(2) Train CNN with labeled fault data  22 , yx ; 

a. Set the CNN parameters: learning rate = 

0.001, the number of first-layer convolution 

kernels=2, the size= 5x5、the number of second-

layer convolution kernels= 3, the size= 3x3、 the 

number of third-layer convolution kernels= 4, the 

size= 3x3、 the ratio of keeping samples unchanged 

in the convolutional layer, p_keep_con v  and 

p_keep_hid den, features and labels of the training 

sample data set, verification sample data set, etc.; 

b. The parameters obtained in step (1), such as 

the offset b and the weight  W , are used to 

initialize the parameters of the first convolution 

layer of the CNN; 

c. Add a dropout in the convolutional layer and 

the fully-connected layer to perform the forward 

propagation algorithm to extract the fault features; 
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Fig. 3. Flowchart of an SDAE CNN
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d. Calculate the cross-entropy objective function 

according to equation (9), and minimize the 

objective function by using the Adam optimization 

algorithm; 

𝐺(𝑝, 𝑞) = − ∑ 𝑝(𝑋) 𝑙𝑜𝑔 𝑞(𝑋)

𝑋

               (9) 

e. When the training sample data accuracy rate is 

<90%, perform a back propagation algorithm to 

fine-tune the entire network; 

 (3) Test the performance of the entire network 

with the test sample data set
 33, yx

, compare the 

output layer data of the CNN network with the tag 

data output data, and count the classification 

accuracy rate of each class. 

4 SIMULATION EXAMPLES 

4.1 Simulation experiments of motorized 

spindle bearing fault 

To validate the fault diagnosis ability of the 

SDAE-CNN model, the fault simulation experiment 

for rolling bearing 6203 of the motorized spindle is 

carried out in this paper. Table 1 shows the detailed 

dimensions and specifications of the bearing. Table 

2 shows the main failure types and causes of 

bearing’s inner and outer rings. In this paper, the 

failure of bearing outer ring with different levels of 

cracking is the research object. 

Table 1. Rolling bearing 6203 model dimensions and specifications 

Parameter Dimensions and specifications 

Inner ring diameter 17mm 

Outer ring diameter 40mm 

Thickness 12mm 

Number of rolling elements 8      

Rolling elements diameter 6.75mm 

Pitch diameter 28.5mm 

Contact angle 0º 

 

Table 2. Inner and outer ring fault types and causes of failure 

Fault location Causes of failure 

wear failure foreign materials intrusion, relative sliding of roller and raceway 

fatigue failure the raceway and the roller are subjected to alternating loads 

corrosion failure chemical corrosion, electrical corrosion 

fracture failure poor assembly, improper lubrication, stress concentration 

agglutination failure improper lubrication, over speed, excessive axial load 

 

Referring to the actual working condition of 

motorized spindle bearing, the parameters set in the 

simulation process is as followed: when the spindle 

speed is 1770 (rev/min), set the sampling frequency 

at the rate of 12kHz and the number of sampling 

points is 1024. The collected training sample 

dataset, test sample dataset, and validation sample 

dataset are shown in table 3. 

Table  3.  Rolling bearing fault data 

Fault location Normal Outer ring Unlabeled data 

Fault diameter(mm)  0.07 0.14 0.21  

Training dataset     4500 4500 4500 4500 2000 

Test dataset     3500 3500 3500 3500 1000 

Validation dataset     1500 1500 1500 1500 1000 

 

4.2 SDAE-CNN model applied to fault 

diagnosis  

According to the collected data, the final average 

fault diagnosis rate can reach up to 97.75%. The 

SDAE-CNN model shows good generalization 

ability in actual fault diagnosis of motorized spindle 

bearings. 

 

For different deep learning frameworks, 

selecting an appropriate optimization algorithm and 

learning rate can improve the training speed and 

classification accuracy of the model. Adam 

algorithm uses iteration times to correct gradient 

mean and gradient mean-variance which is the 

biggest difference between Adam algorithm and 

other optimization strategies. When using large 

models and datasets, Adam algorithm has high 

efficiency in solving local deep learning problem. 
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This simulation is carried out 15 times, in order 

to show the advantages of combining the optimized 

SDAE network with the optimized CNN network 

and Adam optimization algorithm, four models are 

designed in this section, which is the model 

combined with unoptimized SDAE network, 

unoptimized CNN network and Adam optimization 

algorithm model, the model combined with 

unoptimized SDAE network and unoptimized CNN 

network, and two single algorithm models: CNN 

and SDAE. The simulation results are shown in 

figure 4. 

 

 

Fig. 4. Comparison of various methods 

 

 

Fig. 5. Optimized SDAE +CNN +Adam four fault simulation diagrams 
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Fig. 6. SDAE+ CNN+ Adam four fault simulation diagrams 

 

 

Can be seen from the figure 4, the fault 

diagnosis accuracy rate curve combined with the 

optimized SDAE network ,the optimized CNN 

network and Adam optimization algorithm showed 

a kind of steady upward trend, and the whole 

curve’s values are higher than the other curves, up 

to 98.04%, its accuracy of fault diagnosis is best 

compared with other algorithms. Although the 

curves of unoptimized SDAE network, unoptimized 

CNN network combined with Adam optimization 

algorithm model, showed a peak of 99.21% in the 

12th simulation, the curves after the 12th simulation 

presented a sharp decline trend, and the curve 

fluctuated greatly in the whole process, the network 

structure is extremely unstable. The curves of other 

methods also present different degrees of 

fluctuations, but the general trend first presents the 

rising trend, then presents the downward trend. The 

curve of SDAE network fault diagnosis accuracy is 

slightly lower than the curve of other methods fault 

diagnosis accuracy. As the structure of the SDAE 

network is fully-connected, which requires more 

parameters to train and longer training time. 

Therefore, the classification accuracy of motorized 

spindle bearing faults will be reduced eventually. 

Figure 5 is the principal component scatter 

diagram of feature extraction based on the 

optimized SDAE+CNN+Adam method. It can be 

seen from the diagram that faults with different 

degrees of cracking in the outer ring of the 

motorized spindle bearing have been well-clustered 

together, and faults with different degrees of 

cracking have been distinguished, only few faults 

scatters have not yet gathered. It shows that the 

method combined with the optimized SDAE 

method, the optimized CNN method, and Adam 

optimization algorithm can effectively extract the 

fault characteristics with different degrees of 

bearing cracking. Figure 6 is the principal 

component scatter diagram of feature extraction 

based on the unoptimized SDAE+CNN+Adam 

method. It can be seen from the diagram that the 

scatter points with outer ring fault diameters of 0.14 

mm and 0.07 mm have very few crossovers, and the 

overall scatter diagram of the 0.07mm fault is not 

well-clustered. Overall, the feature extraction ability 

of the unoptimized is weaker than the optimized 

method. 
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Fig. 7 SDAE+CNN four fault simulation diagrams 

 

Fig. 8. CNN four fault simulation diagrams 

 

Figure 7 is the principal component scatter 

diagram of feature extraction based on the 

SDAE+CNN method. Firstly, it can be seen from 

the diagram that the scatter points under normal 

condition are partially intersected with two faults 

with different cracking degrees, and the states of 

three bearing outer rings are not distinguished, 

indicating that parameter value selection in the 

structure of SDAE and CNN is very important. 

Secondly, Adam optimization algorithm can 

improve the speed and accuracy of network 

training. Therefore, only combining the SDAE 

method and CNN method cannot extract the fault 

characteristics of bearing outer ring well. Figure 8 is 

the principal component scatter diagram of feature 

extraction based on the CNN method. It can be seen 

from the diagram that the CNN method is more 

suitable for fault classification with delightful 

effect. The diagram demonstrates that the two 

bearing outer ring faults can be successfully 
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distinguished. Only a few scatters with a degree of 

cracking is 0.07 mm and a degree of cracking is 

0.14 mm have crossovers. And the feature 

extraction ability of the CNN method is stronger 

than the combination of SDAE and CNN methods 

as the convolutional layer of CNN can effectively 

extract the eigenvalues for fault classification. 

 

Fig. 9 SDAE four fault simulation diagrams 

 
Table 4 Comparison classification accuracy among kinds of methods 

Method Average diagnostic 

accuracy (%) 

Minimum diagnostic 

accuracy (%) 

Maximum  diagnostic 

accuracy (%) 

Optimized SDAE+CNN+ 

Adam 

97.75 

 
89.48 98.04 

SDAE+CNN+ 

Adam 

94.53 

 

89.84 99.21 

SDAE+CNN 87.14 70.31 95.31 

CNN 87.97 66.41 96.09 

SDAE 83 68.75 92.19 

 

Figure 9 is the principal component scatter 

diagram of feature extraction based on the SDAE 

method. It can be seen from the diagram that faults 

with different cracking degrees in the bearing outer 

ring interlace with each other and shows no regular 

aggregation pattern, indicating that the feature 

extraction ability to use SDAE method alone is the 

weakest compared with the other four methods. 

Because SDAE is a fully-connected mode, the 

number of parameters need to be trained is large, 

the training time is longer, and the parameters in the 

SDAE structure have not been optimally selected. 

Therefore, the ultimate classification effect is not 

good. The above results show that the optimized 

SDAE method and the optimized CNN method 

combined with Adam optimization algorithm can 

effectively distinguish faults with different cracking 

degrees in the motorized spindle bearing outer ring, 

and this method ability of fault feature extraction is 

higher than other methods. Finally, the 

classification accuracy of the five methods is 

comprehensively compared with three aspects of 

minimum, maximum and mean, as shown in table 

Ⅴ. It can be seen from the table that the optimized 

SDAE network, the optimized CNN network 

combined with Adam optimization algorithm model 

has the highest accuracy of model fault diagnosis, 

the single SDAE algorithm has the lowest accuracy 

of fault diagnosis. The minimum accuracy and the 

maximum accuracy of the Model combined with 

unoptimized SDAE network, unoptimized CNN 

network and Adam optimization algorithm is higher 

than the proposed method, but the final average 

diagnostic accuracy is lower than the optimized 

method. To sum up, the SDAE-CNN model 

proposed in this paper has stronger stability than 

other models, and more suitable for the fault 

diagnosis of motorized spindle bearings. 
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5 CONCLUSIONS 

This paper presents a method to improve the 

SDAE-CNN model. Through the de-noising effect 

of Sparse Denoising Auto-Encoder on the original 

data, more effective fault features are extracted to 

train the CNN network structure, and the network is 

optimized by Adam algorithm. The following 

conclusions are drawn: 

a. The improved SDAE-CNN method can 

effectively improve the classification accuracy of 

the original bearing fault data of the motorized 

spindle. The sparse de-noising self encoder can 

remove the noise of the original data. The 

undisturbed bearing fault data can be extracted from 

the original data for training CNN neural network, 

which can improve the accuracy of fault diagnosis. 

b. After the Adam optimization algorithm is 

introduced into the neural network, the error is 

effectively reduced and the feature extraction ability 

of CNN is improved. After the parameters are 

optimized and assigned, the classification effect of 

the network is better and the fault diagnosis 

accuracy of the positive network is improved. 

c. The simulation results show that the fault 

diagnosis method based on the improved SDAE-

CNN is more effective for the fault diagnosis of the 

electric spindle bearing, and the final average fault 

diagnosis accuracy is 97.75%, far higher than other 

methods. At the same time, the validity of the 

method is verified, and the fault diagnosis of the 

electric spindle bearing is realized. 
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