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Abstract: Considering the problem of low fault identification accuracy caused by insufficient
sample size and complex working conditions, a fault diagnosis method of rolling bearing with small
sample based on Markov transition field and multidimensional supervised module convolutional neural
network (MTF-MSMCNN) was proposed. The one-dimensional rolling bearing signal was transformed
into two-dimensional feature image using MTF coding method to preserve temporal correlation.
Multidimensional supervision module (MSM) was presented to monitor important fault features in both
spatial and channel dimension and assign weight adaptively, which can improve the model’s ability to

capture key features. MSM was embedded into the convolutional neural network to build a MSMCNN
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model. The complex working conditions were constructed through experiments, and the MTF images were

input into the MTF-MSMCNN network model for fault diagnosis. Two data sets were used to verify the
model validity. The experimental results showed that the MTF-MSMCNN had only 10 samples in each

type of fault training set, and its fault diagnosis accuracy can still reach about 90% under 0 dB noise

pollution. Compared with other diagnostic models, the method proposed had higher recognition accuracy,

stronger generalization ability and anti-noise performance under the conditions of small samples, variable

working conditions and noise interference.

Keywords: Markov transition field; multidimensional supervision module; rolling bearing;

small sample; fault diagnosis
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Fig. 1 MTF image generation process
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Table 3 Classification accuracy of each model under variable load
- N AR AME /%
A-B A-C B-A B-C C-A C-B 1y
MTF-MSMCNN 99.43 97.48 99.40 98.34 97.49 99.01 98.53
MSCNN 98.85 96.66 98.29 97.33 97.05 98.05 97.71
10 GADF-MSMCNN 75.43 61.14 73.81 62.19 60.86 66.10 66.59
MC_CNN 98.71 95.52 98.43 96.67 96.09 97.81 97.21
ADCNN 98.91 97.43 98.80 97.87 97.47 98.01 98.08
MTF-MSMCNN 99.80 98.03 99.71 98.48 98.40 99.26 98.95
MSCNN 99.10 97.04 98.95 97.81 97.71 98.47 98.18
20 GADF-MSMCNN 79.62 71.05 75.81 72.95 67.71 73.14 73.38
MC_CNN 99.04 97.57 98.90 97.82 97.14 98.71 98.20
ADCNN 98.95 97.98 98.86 98.36 98.19 98.48 98.47
MTF-MSMCNN 99.91 98.57 99.89 98.89 98.63 99.66 99.26
MSCNN 99.33 97.52 99.29 97.90 97.86 99.05 98.49
30 GADF-MSMCNN 81.53 73.33 80.00 74.76 71.52 75.62 76.13
MC_CNN 93.33 98.10 99.21 98.33 97.86 99.14 97.66
ADCNN 99.32 98.37 99.25 98.81 98.51 98.91 98.86
MTF-MSMCNN 99.96 98.91 99.94 99.17 99.15 99.92 99.51
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