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Abstract

Addressing the issues of poor real-time performance and high false positive rates of traditional road
defect detection methods in complex scenarios, as well as the difficulty of existing deep learning
models in balancing accuracy and edge deployment efficiency, this paper constructs a lightweight
road defect detection algorithm named GS-MobileNet. The algorithm is based on the MobileNetV4-
Ghost backbone network architecture. By introducing the Ghost module’s cheap linear transfor-
mation operations, it significantly reduces the number of model parameters while ensuring feature
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representation capability. The innovatively designed local-global cooperative attention mechanism
embeds the BoT module in shallow and middle layers to enhance crack edge continuity modeling,
while the deep layers adopt the SimAM parameter-free attention to dynamically suppress back-
ground noise. Furthermore, the BiFPN dynamic weighted multi-scale fusion strategy effectively im-
proves the detection capability for tiny cracks, and combined with the group query decoder, it
achieves efficient alignment of classification and localization tasks. The final GS-MobileNet model,
with only 3.12 M parameters, achieves a precision of 91.3% and an mAP of 92.1%.
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Figure 1. GS-MobileNet model architecture
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Figure 2. The process of adding BoT and SimAM
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Figure 3. SimAM attention step
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Figure 4. Original BiFPN network structure diagram
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Figure 5. Pavement anomaly type
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Figure 6. Image point processing
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Figure 7. Example image of grayscale statistics
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Figure 8. Image histogram processing result
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Figure 9. Crack samples generated by DCGAN
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Figure 10. Training loss curve
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