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Tab. 4 Accuracy under variable working conditions %
REA K Jy ik ANl%% 3 Different speeds
Samples Methods A—B A—C B—C B—A C—A C—B -4 Average
SIMMD 73.84 68.28 76.24 79.37 63.18 79.90 73.80
DBN 66.53 59.43 61.13 62.45 45.97 74.21 61.62
10 WSAN 78.31 78.00 79.59 79.15 75.14 82.34 78.76
SMoCo 89.65 85.22 90.9 91.39 87.20 90.77 89.52
FFR77 ¥ Proposed method 94.21 94.73 94.69 95.33 94.45 96.23 94.44
SIMMD 74.85 69.40 77.40 80.61 64.34 81.20 74.07
DBN 66.89 60.25 62.31 63.93 52.81 75.98 63.70
20 WSAN 79.63 78.78 80.63 79.91 76.28 83.12 79.73
SMoCo 90.08 86.32 91.48 92.55 87.73 91.35 89.25
Fr# ¥ Proposed method 95.39 94.79 95.64 96.44 95.45 96.73 95.07
SIMMD 75.86 70.41 78.45 81.73 64.82 82.90 75.70
DBN 66.99 65.30 65.62 65.74 54.89 77.87 66.07
30 WSAN 81.55 81.43 81.82 81.15 77.57 83.61 81.69
SMoCo 91.40 87.07 92.18 93.27 88.52 91.60 90.01
FIR )78 Proposed method 96.55 96.87 96.49 97.55 97.65 97.85 97.16
SIMMD 76.99 71.86 79.93 82.95 65.63 84.16 76.42
DBN 67.01 66.67 67.45 67.16 60.46 79.33 68.01
40 WSAN 82.66 82.30 82.93 82.22 77.99 84.83 82.49
SMoCo 91.92 87.66 92.70 94.18 89.28 92.00 90.96
B Proposed method 97.54 97.49 97.63 97.97 97.94 98.00 97.43
SIMMD 78.15 73.08 81.3 84.15 67.63 84.65 78.16
DBN 67.75 64.93 65.00 68.67 61.88 80.77 68.54
50 WSAN 84.26 83.21 84.41 82.89 78.97 85.00 83.46
SMoCo 92.84 89.51 93.54 95.18 90.36 93.13 92.59
Fr# 7 ¥ Proposed method 97.95 98.12 98.00 99.02 97.84 99.34 98.04
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Tab.5 Ablation experiment results
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Fig. 8 Probability density diagram of different methods
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Tab. 6 Accuracy under time-varying rotational speed %

PRZFEA S Number of label samples

J7 1% Methods
10 20 30 40 50
SIMMD 68.15 7032 73.78 7858 79.45
DBN 58.54 5998 67.85 68.74 73.87
WSAN 70.40 7348 78.45 82.61 85.12
SMoCo 75.24 7630 80.47 84.46 90.68

Fr# 5% Proposed method  80.67 86.11 88.46 91.32 93.45
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Semi-supervised gearbox fault diagnosis under variable working conditions

based on masked contrastive learning

ZHANG Huiyun' ZUO Fangjun' LI Hang' YU Xi’
(1. School of Intelligent Manufacturing, Chengdu Technological University, Chengdu 610031, China)
(2. School of Mechanical Engineering, Sichuan University, Chengdu 610065, China)

Abstract: To address the problem that it is difficult to label variable working condition gearbox fault samples and the
significant data distribution discrepancies in practical engineering, which result in reduced accuracy of fault diagnosis models,
a semi-supervised gearbox fault diagnosis method based on masked contrastive learning is proposed. Firstly, a random mask
was used to hide part of the information in the unlabeled dataset, generating two different masked instances for each unlabeled
sample. Secondly, a dynamic convolutional neural network was employed to dynamically weight and aggregate the masked
instances, enabling discriminative feature modeling of different masked instances. Then, a contrastive learning framework was
constructed with the optimization goal of maximizing the similarity between features of different masked instances. By
enhancing the consistency of feature representations of masked instance pairs, the model's dependency on labels was reduced.
Finally, during the fine-tuning phase, a domain-conditioned feature correction strategy was introduced to generate target
domain feature corrections. By aligning source domain features and target domain corrected features according to the metric of
minimizing domain feature distribution discrepancies, the method explicitly reduces the domain distribution differences caused
by varying working conditions. Validation on a variable working condition gearbox fault dataset demonstrates the effectiveness
of the proposed method.
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