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Abstract: To address the difficulty in fully identifying pavement defects of different sizes caused
by insufficient multi-scale feature extraction capability of existing networks, a pavement disease
detection model based on multi-scale feature reinforcement was proposed in this paper. Firstly, a
fast spatial pyramid pooling module based on mixed dilated convolution was constructed, and by
stacking dilated convolutions with different dilation coefficients, the network receptive field was
further expanded to capture a larger range of contextual information and preserve more spatial
information. Next, a multi-path feature fusion network was designed to achieve cross level
feature capture and reduce information loss during the feature fusion process through multiple

branches and skip connections. The K-means clustering algorithm was used together with the
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Intersection over Union to obtain reasonable anchor boxes. In addition, a penalty term for area

was designed in the loss function and a descent gradient was set up to improve the accuracy and

efficiency of the predicted box regression. Finally, efficient attention through cross channel

interaction was introduced to achieve interaction between important channels in the model.

Experimental results show that in terms of detection accuracy, the proposed model was 4. 0%
higher than the original model YOLOv5s and 1. 0% to 17. 9% higher than classical models such as
Faster R-CNN and CenterNet and advanced models such as YOLOv8s and YOLOv7n-tiny. After
optimization with TensorRT acceleration engine, the detection speed on NVIDIA Jetson TX2 and

NVIDIA Jetson Nano embedded platforms nearly doubled without compromising the detection accuracy.

Keywords: pavement disease detection; multi-scale feature reinforcement; mixed dilated convolution;

feature fusion network; efficient channel attention; embedded platform
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Fig. 1 The network structure of YOLOv5!®
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Fig. 2 Multi-scale feature enhancement model
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Fig. 6 Comparison of the effects before and after ablation of the model
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Table 3 Comparison of important performance parameters between proposed model and other models
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Table 4 Detection rate of the model on embedded platforms
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Fig. 9 Detection results on different embedded platforms of different models
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