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Intelligent fault diagnosis method for signal resolution enhancement

WANG Xiaoyu, WANG Jin-rui, HAN Bao-kun, ZHANG Dong-ming,
YAN Zhen-hao, SHI Zhao-ting
(College of Mechanical and Electronic Engineering, Shandong University of Science and Technology, Qingdao 266590, China)

Abstract: Using deep learning to enhance dataset has become a hot topic in various fields. That is, using limited dataset to generate
more simulated dataset. Different from the current mainstream generative adversarial network (GAN) and its variant algorithms,
based on the idea of sample resolution enhancement, this paper proposes a simple and effective algorithm—an efficient sub-pixel ful-
ly connected neural network (ESPFCN). The principle of ESPFCN is: it performs fully-connected operation on the raw input sam-
ples and the results of four-channel multi-feature maps are output; through the fully connected sub-pixel layer, the low resolution
features of the four channels are arranged periodically, and a set of high resolution features is obtained, which enhances the sample
resolution. Finally, a set of special bearing experiment is set up to evaluate the performance of the generated model. The experi-

mental results verify the effectiveness of the ESPFCN framework, and the feature learning process of ESPFCN is visualized.
Key words: fault diagnosis; deep learning; resolution enhancement; efficient sub-pixel fully connected neural network
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