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Abstract: The damage size identification of aero-engine rolling bearing based on vibration
monitoring data is of great significance to the study of rolling bearing fault evolution, prediction and
diagnosis. In view of inherent restrictions in traditional identification models such as high dependence on
prior knowledge, insufficient feature extraction and limited category of training fault sizes, a prediction
method of rolling bearing damage size based on deep learning was proposed, which can accurately identify
the middle sizes that did not appear in the training process. A combined model of deep convolutional long-

short-term memory network was developed, which can sufficiently extract the multi-dimensional and time-
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series characteristics of bearing vibration signal, and realize the intelligent and efficient diagnosis of

bearing fault. On the basis of theoretical analysis, the rolling bearing fault tests under various damage sizes

and rotational velocities were carried out by using the accelerated fatigue testing machine for rolling

bearings, and the traditional and novel methods were compared based on the test data. The results showed

that the prediction accuracy of the combined network can reach 99.94% and 98.67%, respectively, under

normal and noisy conditions, higher than the single deep convolution network, long-short-term memory

network and other models. The comparison results amply demonstrate the superiority of the proposed

method.

Keywords: rolling bearing; fault diagnosis; damage size; deep convolution network ;

long and short term memory networks
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Fig. 1 Flowchart of identification of rolling bearing fault size
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Fig. 2 Unit structure of neural network
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Fig. 6 Bearing life strengthening testing machine
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Fig. 8 Time domain waveform of 9 fault sizes of rolling bearings
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Fig. 11 Predicted results of support vector regression
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network (DCNN)
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Table 4 Comparison of estimation results of 1.4 mm and

1.8 mm fault sizes ( n=2 400 r/min )

A it/ %  RMSE  AHXIRZE
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Table 5 Comparison of estimation results of 1.2 mm and

2.0 mm fault sizes ( n=2 400 r/min )

e A/ % RMSE  #iXiiRZ%E
SVR 79.77 0.1575 0.076 5
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Table 6 Comparison of estimation results of 1.4 mm and

1.8 mm fault sizes ( r=1200 r/min )

el TEHIE /% RMSE AXF R 2%
SVR 87.37 0.1516 0.087 1
DCNN 97.92 0.064 5 0.0400
BIiLSTM 92.08 0.1215 0.063 7
DCNN+BIiLSTM 99.44 0.0435 0.026 6
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Table 7 Comparison of estimation results of 1.2 mm and

2.0 mm fault sizes ( r=1200 r/min )

il FHiE/ %  RMSE  AHXHRZE
SVR 88.87 0.1371 0.0728
DCNN 96.75 0.0752 0.0297
BiLSTM 83.25 0.1859 0.0918
DCNN+BIiLSTM 99.77 0.049 5 0.0246
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Fig. 15 Time domain waveform and matrix diagram of signal

before and after adding white Gaussian noise
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Table 8 Comparison of estimation results of 1.4 mm and

1.8 mm fault sizes by adding noise ( n=2 400 r/min )

LT HERR /% RMSE  AHXIER2E
SVR 50.15 0.1772 0.1058
DCNN 77.50 0.1640 0.082 4
BILSTM 50.41 0.2010 0.126 5
DCNN+BILSTM 98.67 0.084 6 0.041 4
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