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Road surface defect detection based on TAS-YOLO

Li Jintao Zhou Xinglin  Yin Yufei Ao Siming
(School of Mechanical Automation, Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract: This paper proposes an improved TAS-YOLO network model method based on YOLOv5s to address the

issues of low accuracy, high missed and false detection rates, and difficulty in collecting uniformly distributed defect
types datasets for detecting small road surface defects. Firstly. in the prediction result stage. a context decoupling head
for a specific task is used to enhance the accuracy of the localization detection box by separating classification and
localization tasks; secondly, by using the FPN structure to input feature maps of 5 scales into the decoupling head for
prediction, the multi-scale feature information of small targets is enhanced; finally, use the silde loss function to
optimize YOLOv5 and improve the detection accuracy of difficult to classify samples. The experimental results showed
that TAS-YOLO algorithm improved the average detection accuracy of various defects, with mAP50 reaching 91. 4%

and FPS reaching 126, which improved the detection accuracy and efficiency compared with mainstream detection

algorithms such as YOLOv7I,
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Table 1 Prediction results of each decoupling head
i AP/
B A7 D1 D2 D3 D4 D5 D6
DetectHead 94.0 87.0 89.2 71.5 97.4 92.7
DecoupledHead 93.2 85.2 89.3 70.3 96.2 92.7
DynamicHead 79.6 82.3 84.2 53.4 95.2 86.1
TSCODEHead 96.8 88.8 94.4 73.3 97.4 93.4
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YOLOV5s network structure (left) and TAS-YOLO network structure (right)
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Fig. 2 Semantic context encoding and detail retention encoding
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Table 2 Feature extraction results of each structure

Smatr PY RY%  mAP50%  Z%E/M
O 84. 4 82.7 85. 0 35. 2
@ 89. 1 82.7 90. 4 30. 7
® 87. 4 83.1 89. 1 31.5
@ 86. 6 83.3 88. 4 34. 8
' 89. 1 84. 6 90. 7 18.8
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Fig. 3 Distribution of defect types in data set
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Table 4 Experimental environment and some parameters

AR M 5 28
CPU Intel(R) Core (TM) i5-12400F@2. 50 GHz
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Table 5 Improved model ablation comparison experiment
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Table 6 Comparison of experimental results detected by different methods
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