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Multi-attributes Convolution Neural Network and its Application to
Bearing Quantitative Fault Diagnosis

SHAN Jianhua LV Qin ZHANG Shenlin ZHENG Jinde WANG Xiaoyi
(School of Mechanical Engineering, Anhui University of Technology, Maanshan 243002)

Abstract: The existing methods of bearing diagnosis have some disadvantages: The conventional method has complex mathematical
calculation and poor diagnosis effect. It generally only diagnoses the fault location and irrespective of the load and the fault size. The
existing convolutional neural network method use the traditional convolution neural network. A network can only output a property
and can not simultaneously diagnose multiple properties. In order to simultaneously diagnose the fault location, fault size and load,
for the first time put forward a multi-attributes convolution neural network (MACNN) and applied to the bearing fault diagnosis. The
multi-attribute convolution neural network is trained using one-dimensional vibration signal training . The advantages lies in
overcoming the shortcomings of the traditional method: the diagnosis result of any combination of the fault attributes can be obtained,
the network parameters are less, the method is simple, the generalization ability is strong and the accuracy rate is high. A series of
tests have been carried out using the bearing data of Case Western Reserve University. The results show that the proposed method can
accurately diagnose several properties of bearing faults with high accuracy and good generalization ability.
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