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Abstract: The commonly used max pooling only takes the maximum value of neuron activity in
the region to bring about loss of a large amount of information, and the average pooling assigns
the same weight to the neuron activity values to weaken important features. A novel strategy for
down sampling with small-scale convolution kernels is proposed. This strategy replaces the
traditional pooling layers with small-scale convolution layers, where the stride of convolution
kernels is 2 and the activation function is chosen as Rectified Linear Unit (ReLU), thus the size
of the output image only gets half of the input to achieve down sampling and the small-scale
kernels can automatically adjust the weight to select effective features during training. Compared
with max pooling, the ratio of active neuron and the diversity of neuron activity values are more
effectively heightened. The improved deep convolution neural network (DCNN) with the
proposed strategy, depth wise separable convolution and global average pooling is tested and
compared on a variable-speed and multi-rolling bearings dataset. The results show that the

improved DCNN recognition accuracy rate reaches 98.4%, higher than the other competing
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networks. Meanwhile, the stability of network is greatly enhanced and training time is shortened

by 40%. The proposed strategy for down sampling with small-scale convolution kernels may

provide a reference to construction of DCNN and fault diagnosis of rolling bearings under variable

conditions.

Keywords: deep convolution neural network; bearing fault diagnosis; variable conditions
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Fig. 1 Typical DCNN structure
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Fig. 2 Schematic diagram of small-scale convolutional

pooling
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Table 1 Number of activated channels in the maxpooling

layers of traditional DCNN
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Table 6 Mean and standard deviation of the recognition

accuracy rates of the test set
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