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High Precision Algorithm of Road Disease Based on Transformer

SUN Runsheng, ZHANG Luyu, ZHANG Gong
[Jinan Municipal Engineering Design and Research Institute (Group) Co., Ltd., Jinan 250003, China]

Abstract: To solve the problems of low precision and poor robustness of current road disease detection algorithm, a Bi-
Swin Transformer structure is proposed. Its backbone feature extraction network employs a 4-layer Swin Transformer
Block to capture the global dependencies. In the feature fusion stage, a BiFPN fusion network is used to enable the
bidirectional communication of features among the different scales. A data enhancement approach is utilized by training
on road disease databases from seven different countries. The results indicate that the Bi-Swin Transformer outperforms
both the Transformer model and the Convolutional Neural Network, which is more suitable for the detection of road
disease. Its average accuracy is 0. 539. Its detection accuracy for small-target road diseases is still optimal and higher
than the current advanced detection models. The Bi-Swin Transformer model has not only high precision, but also
strong robustness through practical detection.
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