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Rolling Bearing Fault Diagnosis Method Based on Improved
DenseNet and Transfer Learning under Load Changes

LU Huan',XU Tao'* ,MA Aisong',LI Jianping' ,CHEN Yuli'

(1. School of Mechanical and Electrical Engineering, Xi'an Polytechnic University,Xi’an 710600, China;
2. Xi'an Key Laboratory of Modern Intelligent Textile Equipment,Xi’an 710049 , China)

Abstract : Due to the insufficient fault samples of rolling bearings in the actual working environment, and the influence of
environmental noise and load changes, the difference in fault sample distribution leads to poor generalization of
diagnosis. A rolling bearing fault diagnosis based on improved DenseNet and transfer learning method was proposed. The
ReLl.U activation function in the original DenseNet was replaced by LeakyRelLU, and a Softmax layer was added after the
fully connected layer for classification to enrich the fault features extraction. In order to make the bearing signal close to
the data collected by the actual factory, a Gaussian white noise with a signal-to-noise ratio of -2 dB was added to the
Case Western Reserve University data set for simulation. After Z-Score normalization, it was transformed into a two-
dimensional grayscale map as the sample data. The experimental results show that the cross-domain diagnostic accuracy
of the proposed method has reached more than 90% under small samples and load changes, and has better generalization
compared with other models.
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Table 3 Experimental data set

Btk Rgy/dB YA/N REASK
A -2 746 3 600
B -2 1492 3 600
C -2 2238 3 600
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