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Abstract: Aiming at the problem of adaptive fault feature extraction and intelligent diagnosis of
rolling bearing vibration signals based on big data, a fault diagnosis model combining
convolutional neural network (CNN) and long and short time memory network (LSTM) is
proposed. Firstly, the optimal initial parameters of the current model are found by a grid search
algorithm. Then, the original one-dimensional vibration signal is used as the input of the model,
and the short-time feature signal is extracted by the network CNN layer adaptively and then the
dimension of the extracted signal is reduced and is used as the input of the LSTM layer. Then the
LSTM layer is used to learn the feature information and to train the neural network model.

Finally, the network output layer uses Softmax function to realize multi-fault pattern recognition
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and complete fault diagnosis. Experimental results and comparisons with multilayer perceptron,

LSTM network, LeNet5, AlexNet, and VGG show that the average classification accuracy of the

proposed CNN-LSTM model reaches more than 99% ., and the model structure is simpler than

other models and the training time is shorter. Moreover, the K-fold cross-validation algorithm is

used to evaluate the model, and the results show that the CNN-LSTM model has a small

calculation error and sufficient network training, and there is no over-fitting or under-fitting.

Keywords: rolling bearing; intelligent diagnosis; fault diagnosis; convolutional neural network;

long short-term memory
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Fig. 1 1D CNN-LSTM network structure
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Fig. 3 Mechanical fault comprehensive simulation test bench
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Fig. 4 Four kinds of fault bearings in different states
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Fig. 5 Time-domain waveforms of four kinds of bearing states
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Table 4 Fault sample combination of rolling bearing under variable working condition
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Fig. 10 Comparison of average accuracy of different model

verification sets under variable working conditions
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Fig. 11 Comparison of average loss values of different model

verification sets under variable working conditions
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Table 6 Evaluation results of different models
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/% /% /s M

WJZE LSTM 73.61 +0. 86 16. 87 723 210
=JZ LSTM 72.97 +1.69 19.61 854 794
LeNet5 86. 24 +25.43 26.62 983 186
AlexNet 99. 05 +0. 45 256.71 2090 238
VGG 96. 25 +1.94 158.51 4 218 922
CNN-LSTM  99. 41 +0.21 83.69 208 154
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