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Abstract: Different from the current rolling bearing fault diagnosis which mainly focuses on the
qualitative analysis stage, a quantitative fault diagnosis method for rolling bearings based on
image classification is proposed. The overlapping sampling method is used to enhance the
one-dimensional time series data, and then the Markov transition field (MTF) method is used
to convert the one-dimensional time series data into two-dimensional images, which provide
two-dimensional image samples for inputting into the neural network model and retain the
time-domain information. The ResNeXt and ResNeSt modified residual networks with
fine-tuning processing based on transfer learning are built and trained to classify fault images and
realize fault diagnosis. The confusion matrix method and t-distributed stochastic neighbor
embedding (t-SNE) visualization method are used to carry out experiments. The results show
that the proposed method for rolling bearing fault diagnosis can realize the quantitative diagnosis
of multi-working condition rolling bearing fault, and has higher diagnosis accuracy and faster
training speed.

Key words: bearing fault; Markov transition field (MTF ) ; residual network; transfer learning;
quantitative diagnosis
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