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Abstract

The images collected when using drones and other means to carry out road inspections have
problems such as complex image backgrounds and small targets. Accurately identifying abnormal
road targets has become a research hotspot in intelligent inspection. This paper improves the
two-stage target detection algorithm Faster-RCNN, uses the deep residual network ResNet50 as
the feature extraction backbone of the network, and uses different levels of features to construct a
feature pyramid FPN network, which improves the performance of the road abnormal state detec-
tion model.
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Figure 1. Block diagram of Faster R-CNN algorithm
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Figure 2. Residual structure diagram
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Figure 3. ResNet50 network structure
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Figure 4. Multi-scale feature extraction and fusion structure diagram
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Figure 5. Loss changes during training and validation
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Figure 6. The effect of road crack detection
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Figure 7. The effect of road pothole detection
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Figure 8. The effect of road collapse detection
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Figure 9. The effect of road rockfall detection
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