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Wear state recognition of mechanical equipment based on

stacked denoised auto-encoding network

FAN Hongwei''?, MA Ningge', ZHANG Xuhui'?, GAO Shuoqi',
CAO Xiangang"?, MA Hongwei'?
(1.College of Mechanical Engineering, Xian University of Science and Technology,
Xian 710054, China; 2.Shaanxi Key Laboratory of Mine Electromechanical
Equipment Intelligent Monitoring, Xian 710054, China)

Abstract: Wear state recognition of mechanical equipment can be realized by image recognition of
ferrography image of wear particle, but ferrography image of wear particle recognition based on machine
learning has more manual intervention and poor universality. In order to solve the above problems, a wear
state recognition method of mechanical equipment based on stacked denoised auto-encoding network was
proposed. Multiple denoised auto-encoding networks are stacked, that is, the output of hidden layer of
upper-level denoised auto-encoding network is taken as the input of the next-level denoised auto-encoding
network, and Softmax classifier is added after hidden layer of the last level denoised auto-encoding
network, so as to construct the stacked denoised auto-encoding network. The ferrography images of wear
particle are used for unsupervised pre-training of stacked denoised auto-encoding network, network
parameters are optimized by supervised fine-tuning, and ferrography images of wear particle are classified

to achieve intelligent wear state recognition of mechanical equipment. The experimental results show that
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the stacked denoised auto-encoding network achieves the best performance when activation function is

Relu, optimizer is Adam and learning rate is 0.001, and recognition accuracy is 98.43%.

Key words: mechanical equipment; wear state recognition; ferrography image of wear particle; stacked

denoised auto-encoding network
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Table 1 Main parameters of ferrography analysis platform
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Table 3 Accuracy of test set under different

activation functions
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Table 2 Ferrographic images and features of wear particle
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Table 4 Accuracy of test set under different optimizers
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Table 5 Accuracy of test set under different learning rates
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