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Research on the detection method of transmission case based on
the fusion of Swin Transformer

YANG Yang, LEI Jun, WANG Weiming, XU Hongsheng

(School of Electrical and Information Engineering, Hubei University of Automotive Technology, Shiyan 442000, Hubei, China)

Abstract; In response to the problems of low efficiency in locating surface holes and uneven detection samples in the production
line of automotive gearbox shells, this paper proposes a gearbox shell detection method that integrates Swin Transformer. Firstly,
Swin Transformer is selected as the backbone network, combined with a multi—scale feature fusion structure, to enable the output
features to capture both shallow and deep semantic information simultaneously, thereby enhancing the detection method’s ability to
extract features; Secondly, in response to the large amount of data required for Swin Transformer training, the Affine
Transformation method is adopted to improve the robustness of the model; Finally, the loss function is optimized by introducing
Huber Loss and Focal Loss to balance the problem of imbalanced detection samples. The experimental results show that the detection
method integrating Swin Transformer has improved by 0. 4% ~4. 5% compared to mainstream object detection algorithms in terms of
average accuracy of 5% —95% loU AP,_y , average accuracy of 50% loU APy, , and average accuracy of 75% loU AP, indicators. At
the same time, the effectiveness of this method in gearbox casing detection was further verified through ablation experiment.
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Fig. 1 Integrated Swin Transformer Network Architecture
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Fig. 2 Swin Transformer model structure
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Fig. 7 Visualization of gearbox casing detection effect
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