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Road and Bridge Crack Detection Technology based on Fusion Attention Mechanism and Image Recognition
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Abstract: In response to the challenges of low training efficiency and insufficient detection performance in the current field of
road and bridge detection, this paper designs a road and bridge crack detection model based on Inception Resnet— v2. This
model combines its powerful feature learning ability with multi— scale feature fusion, significantly improving the accuracy of crack
detection in complex road and bridge environments. Meanwhile, the application of GKA clustering algorithm effectively reduces
the computation of unnecessary regions and improves detection efficiency. The experimental results show that compared with
AlexNet, the proposed model not only achieves an 8. 67% improvement in frame rate (FPS), ensuring the potential for real-
time processing, but also achieves significant improvements in accuracy, precision, recall, and F1 score of 3. 19% , 3.75% ,
1.34% , and 2.66% , respectively. This model provides strong support for improving the intelligence level of road and bridge
detection technology, and provides valuable reference and inspiration for future research and development in this field
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Fig. 1 Structure diagram of road and bridge crack convolutional neural network model based on fusion attention mechanism and image recognition
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Fig.3 Multi scale feature fusion structure diagram
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Fig. 8 Partial crack detection results under complex background conditions
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