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Abstract

This paper studies the problem of asphalt pavement disease detection based on image segmenta-
tion algorithms, and proposes a segmentation network based on TransUNet for asphalt pavement
disease detection and recognition. The network introduces the ECA attention mechanism in the
back-bone network of TransUNet, to enhance the feature expression ability and adaptability. This
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paper uses the Dice coefficient as the evaluation index, segments the pavement cracks and po-
tholes, and conducts experiments on the public pavement disease dataset. The experimental re-
sults show that the proposed TransUNet-RD model is superior to the original TransUNet model
and UNet model in terms of mloU and Dice, proving its effectiveness and superiority in asphalt
pavement distress detection.
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Figure 1. TransUNet model framework
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Figure 2. ECA network architecture diagram
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Table 1. Comparison of the improved TransUNet and original TransUNet effects
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Figure 3. Images of road surface defect detection results
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