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Design of tactile paving and pothole detection system based on YOLOv5
CHANG Xin, MAO Yongging, DONG Yuhua

(College of Information and Communication Engineering, Dalian Minzu University, Dalian 116600, Liaoning, China)

Abstract: The issue of blind people’s travel is a hot spot of social concern. Aiming at the problem of single function and low
accuracy of the tactile paving and pothole detection system in current applications, a system that can identify tactile paving and
potholes is designed based on YOLOv5 deep learning network model. The tactile paving and pothole dataset for this project is
constructed through real-life shooting and web crawler downloading. The trained model can accomplish the task of recognizing the
tactile paving and pothole. Deploying the trained model into the Jetson Nano development board, it is combined with the depth
camera to detect the road conditions in real time and provide corresponding voice prompts according to the system recognition
results. The experimental results show that the system can accurately identify the locations of tactile paving and pothole with high
accuracy, which can provide assistance for the blind to travel to a certain extent.
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Fig. 3 Precision—Recall( P-R) curve
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Fig. 4 Training set bounding box regression loss( box_loss) curve
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Fig. 5 Training set classification loss ( cls_loss) curve
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Fig. 6 Training set obj_loss( obj_loss) curve
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