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A Deep Convolutional Auto-Encoding Neural Network and

Its Application in Bearing Fault Diagnosis
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Abstract: To solve the problem that the weights of traditional convolution neural network
(CNN) can only be initialized randomly, a convolutional auto-encoder is proposed. The features
after convolution and pooling can be reconstructed to the original signal space in the form of
stacked deconvolution kernels, in which the stacking weights are the extracted features and the
step is the length of pooling. The convolution and deconvolution kernels can be optimized with
the goal to minimize the difference between the original and reconstructed signals. Further, after
repeating encoding and decoding several times, and adding a fully connected neural network and a
classifier to the bottom of the network, a deep convolutional auto-encoding network is formed.
This kind of network with a complex feature extraction ability only needs a few labeled samples

for fine-tune. Applying this network to bearing fault diagnosis, the original time-domain
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vibration signal can be input directly into the network without any pre-processing. On the Case

Western Reserve University bearing data set and the measurement data set from laboratory, the

proposed method achieves much higher fault recognition accuracy than traditional CNN. For

example, the recognition accuracy is improved from 0.799 to 0.921 on laboratory data sets.

Reconstructing the extracted features layer by layer through the deconvolution kernel, we can see

for the first time what the neural network “has learned” in the original signal space. The process

of CNN’s feature extraction is essentially a decomposition of the signal withing the number of the

channels is the number of the bases and the feature in one channel corresponds to the time of a

base. This conclusion may provide a reference for subsequent research on the construction of

convolutional neural network.
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