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Abstract 
As one of the key parts of rotating machinery, the accurate prediction of its remaining 
useful life(RUL) plays an important role in the normal production and personal 
maintenance safety of workers. Due to the complex and Changeable Working 
Environment of rolling bearings, there are less reference samples in the same working 
condition and more in the different working condition, which is characterized by 
unbalance, incompleteness, no label and noise interference, the difficulty of RUL 
prediction for rolling bearings is increased. In recent years, with the continuous 
appearance of machine learning and deep learning technology, a large number of 
intelligent bearing life prediction methods based on neural network have been proposed, 
the existing forecasting methods are analyzed and summarized, and the future 
development trend is prospected. 
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1. Introduction 

1.1 Background 

Rolling bearings are key components in rotating machinery and have been widely used in modern 
industry. Accurate residual life estimation of bearings can significantly improve the reliability and 
operational safety of mechanical systems, avoid serious failures and reduce maintenance costs. 

1.2 Method Summary 

Existing approaches to failure prediction and health management can be classified into three broad 
categories: physical model-based approaches, data-driven approaches, and hybrid approaches. 
Among them, data-driven methods model degradation characteristics based on historical sensor data, 
and have a wide range of applications, while deep learning[1], as a data-driven method, has been 
applied in various fields. 

Babu et al.[2] applied the convolutional neural network (CNN) to the RUL field, using two 
convolutional layers and two pooling layers to extract the features of the original signal, and combined 
the multi-layer perceptron (MLP) to realize the bearing RUL.[3] proposed a deep learning model for 
bearing RUL collaborative prediction combining time domain and frequency domain features, and 
the bearing RUL test showed that the proposed method was superior to the traditional deep learning 
method. Zhu et al.[4] used continuous wavelet transform to convert bearing signals into time-
frequency images, and then input the images into CNN for training, and realized the RUL prediction 
of bearings, but the overall accuracy was slightly lower. Li et al.[5] performed short-time Fourier 
transform on the bearing vibration signal to obtain time-frequency features, and then used the time-
frequency features of multiple consecutive moments and the CNN model to predict the bearing RUL, 
because the potential correlation between adjacent signals was used, and obtained better prediction 
results. 
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2. Principle 

2.1 LSTM 

The LSTM model[6] is a kind of Network structure proposed by Hochreater and Schmidhuber. It is 
a kind of special RNN (Recurrent Neural Network) . By introducing a more complex activation mode 
of gate structure into the cell unit of hidden layer, the problem of gradient vanishing or gradient 
explosion in RNN is solved effectively, and the model has the ability of learning long-term dependent 
information. 

LSTM adds input gate I, output gate O and forgetting gate F to the neurons. The structure of the 
LSTM neurons is shown in Figure 1. 

 

 
Figure 1. LSTM unit structure 

 

The forgetting gate ft is used to determine the forgetting and updating of information by inputting the 
input information of the current state and the output of the hidden layer of the previous state into the 
Sigmoid function σ, generate a value between 0(completely discarded) and 1(completely retained) 
and then multiply it by the memory cell value of the previous moment to determine the trade-off of 
information. Input Gate it is used to select the information stored in the information conveyor belt. 
The calculation method is similar to that of the forgetting gate, the candidate memory unit value of 
the current moment is calculated by Tanh function. Cell State ct is the memory unit value of the 
current moment, which is affected by the forgetting gate, the memory unit value of the previous 
moment, the input gate and the temporary memory state value. The output gate ot is used to determine 
the output of the current cell, as determined by the value generated by the Sigmoid function. The 
current Cell State Value ct is activated by the Tanh function and multiplied by ot to obtain the current 
cell unit output information ht. The calculation formulas for each door are as follows: 
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2.2 CNN 

CNN[7] is made up of a plurality of convolution layers and a plurality of pool layers. The single layer 
CNN network consists of two layers: A convolution layer and a pool layer, which can process the 
original input sequence directly. As shown in Figure 2, each layer of CNN contains several uniform-
size convolution cores and pooled functions of the same type. First, the convolution kernel iterates 
through the whole input sequence data to produce higher level and more abstract feature space; second, 
the pooled layer compresses each generated feature to extract and reduce the dimension of the feature, 
and selects the important features at higher level; Generate new sequence features as input to the next 
convolution layer and pooled layer. 

 

 
Figure 2. Depths-wise separable convolution 

 

CONVOLUTION LAYER: the size of the convolution kernel window to select part of the data for 
calculation, the result of convolution is the feature map. Usually, a convolution layer has more than 
one convolution kernel, which will produce more than one feature graph, and the weight of the same 
convolution kernel is shared. This feature reduces the number of network connections, reduces model 
complexity, and reduces system memory overhead. 

POOLING LAYER: This layer mainly carries on the descending sampling operation, may achieve 
the goal which the network parameter reduces. Pooling functions are generally divided into three 
types, and the maximum pooling function can improve the nuanced information, so the most 
commonly used is the maximum pooling. 

Batch normalizing batch by batch normalizing batch by batch normalizing batch by batch normalizing 
batch by batch normalizing batch by batch normalizing batch by batch normalizing batch by batch 
normalizing batch by batch normalizing batch normal distribution: 
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The batch standardization operation pulls the original offset characteristic data back to the zero mean 
value, makes the data entering the activation function distribute in the activation function linear region, 
makes the tiny change of the input data more obvious manifests to the activation function output, 
improves the ability of the activation function to distinguish the input data. But this simple feature 
data standardization, feature data fully meet the normal distribution, focused on the activation 
function of the center of the Linear region, so that the activation function lost the non-linear 
characteristics, therefore, two trainable parameters are introduced for each CONVOLUTION 
KERNEL IN BN OPERATION: Scaling Factor γ and shift factor β. In the case of back propagation, 
the scaling factor and the migration factor are trained and optimized together with the other training 
parameters, so that the normal distribution feature data is optimized by the scaling factor and the 
migration factor for the width and offset of the feature data distribution, the nonlinear expressive 
force of the network is guaranteed. 

2.3 GAN 

In traditional supervised learning, we often need a lot of labeled data for training, and we need to 
ensure that the distribution of data in training set and test set is similar. If the data of the training set 
and the test set have different distributions, the trained classifier will not perform well on the test set. 
What to do in this situation? 

Domain adaptation[8], also known as Domain adversary, is an important branch of migration learning 
to eliminate the differences of feature distribution between different domains. The aim is to map the 
data in Source Domain and Target Domain with different distribution to the same feature space, and 
to find a metric to make it as close as possible in this space. Then, we trained the classifier on the 
source domain (with labels) , can be directly used to classify the target domain data. 

2.4 DANN 

One of the key points in Domain adaptation is how to mix the source Domain samples with the target 
Domain samples and keep them separated at the same time, which is one of DANN’s[9] main tasks. 

As shown in Figure 3, the DANN structure consists of three main parts: 

Feature extractor - green part: The source domain samples and the target domain samples are mapped 
and mixed so that the domain discriminator can not distinguish which domain the data comes from;  
To extract the features needed by the follow-up network to complete the task, enables the label 
predictor to distinguish categories from source domain data. 

Label predictor - blue part: Categorize the data from the source domain for the correct label. 

Domain discriminator - red part: The Feature Space Data Classification, as far as possible from which 
the data from the domain. 

 

 
Figure 3. DANN structure 



International Core Journal of Engineering Volume 8 Issue 6, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202206_8(6).0071

 

535 

3. A classic Method 

In the literature Transfer maintaining useful life estimation of bearing using depth-wise separated 
convolution current network, a method called DSCRN is proposed, and the structure and prediction 
results are shown in figure 4. 

 

 
Figure 4. The flow chart of the proposed TDSCRN 

 

In the multivariable Attention Network for predicting Remaining Useful Life of Machinery, a method 
called MSCAN is proposed, and the structure and predictions are shown in figure 5. 

 

 
Figure 5. Illustration for self-attention modules in MSCAN 

 

The prediction effect of the first method is shown in Fig. 6. The prediction curve can fit the 
degradation trend curve of bearing performance. The method of combining global and local 
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adaptation is used to reduce the difference of bearing data distribution under different working 
conditions, and the model which produces the left figure effect is applied to other working conditions, 
and the effectiveness of the method is verified, compared with the traditional deep learning model, 
the proposed method improves the prediction accuracy of RUL under different working conditions. 

 

 
Figure 6. Prediction results 

4. Conclusion 

The applicability of the proposed method to other similar faults of rolling bearings still needs further 
study on a large number of actual bearing vibration signals. In order to further reduce the prediction 
error from the perspective of transfer learning to further improve the accuracy of rolling bearing RUL 
prediction. 
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