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Research on pavement pothole detection algorithm based
on improved YOLOVS
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(1. School of Mechanical ,Electrical and Vehicle Engineering, Chongging Jiaotong University , Chongqing 400074 , China;
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Abstract : As one of the important defects of pavement structure, pavement potholes are of great significance for ensu-
ring the driving safety of autonomous vehicles or the operation of mobile robots. When dealing with pavement pothole
detection , challenging computer vision tasks are faced,requiring diverse data samples to be processed under different
working conditions. Weather factors such as fog,rain,and snow can negative affect the quality and visibility of road im-
ages ,which in turn increases the difficulty of data preprocessing and feature extraction. Traditional target detection al-
gorithms are usually difficult to effectively adapt to these scenario variations,resulting in training datasets that do not

adequately reflect the diversity and complexity of road potholes,which reduces the generalization ability and accuracy
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of the target detection model. In practical applications,these methods are prone to lead to omission and misdetection

errors , which have an impact on efficiency and quality of road condition identification and evaluation. In this paper,an

improved pavement pothole detection algorithm based on YOLOV5 is proposed,which improves the detection accuracy

as well as the recall rate of the model. By introducing a simple, powerful but very novel attention mechanism( BiFPN)

and replacing the appropriate activation function and loss function, while the calculation parameters are reduced and

the detection model is simplified. The experimental results show that the improved algorithm in this paper improves the

accuracy ( Precision) by 7.2 % compared with the original model, the recall rate ( Recall) by 5.5 % ,and the average
y y p g y g

accuracy (mAP) by 80.8 % ,which is 2.1 % higher than the original YOLOvS5 model. In summary ,compared with the

commonly used traditional algorithms,the improved algorithm in this paper can significantly improve the detection ac-

curacy and reduce the missed detection rate without sacrificing the running speed , which has a better value for mobile

deployment and reference value for corresponding research.
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Tab. 1 List of HDF-YOLO network structures

from n params module arguments
0 -1 1 3520 models. common. Conv [3,32,6,2,2]
1 -1 1 18560 models. common. Conv [32,64,3,2]
2 -1 1 18816 models. common. C3 [64,64,1]
3 -1 1 73984 models. common. Conv [64,128.3.2]
4 -1 2 115712 models. common. C3 [128,128,2]
5 -1 1 295424 models. common. Conv [128,256,3,2]
6 -1 3 625152 models. common. C3 [256.256.3 ]
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from n params module arguments
7 -1 1 1180672 models. common. Conv [256,512,3,2]
8 -1 1 1182720 models. common. C3 [512,512,1]
9 -1 1 656896 models. common. SPPF [512,512,5]
10 -1 1 131584 models. common. Conv [512,256,1,1]
B - I 0 torch. nn. modules. upsampling, Upsample [ None,2, 'nearest' ]
12 [-1,6] 1 65794 models. common. BiIFPN_Add2 (256,256
13 -1 1 206448 models. common. C3 [256,256,1, False]
14 -1 1 33024 models. common. Conv [256,128,1,1]
15 -1 1 0 torch. nn. modules. upsampling. Upsample [ None,2, 'nearest’ ]
16 [-1,4] 1 16514 models. common. BiIFPN_Add2 [128,128]
17 -1 1 74496 models. common. C3 [128,128,1,False]
18 -1 1 295424 models. common. Conv [128,256,3,2]
19 [-1,13.6] 1 65795 models. common. BiFPN_Add3 (256,256
20 -1 1 296448 models. common. C3 [256,256,1,False ]
21 -1 1 590336 models. common. Conv [256,256,3,2]
2 [ ~1,10] 1 65794 models. common. BiIFPN_Add2 (256,256
23 -1 1 1051648 models. common. C3 [256,512,1 ,False ]
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Fig. 7 The experimental index change curves of the initial

model and the improved model
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Tab.2 HDF-YOLOvS experimental comparison table
TR HEWZ P/ % BIE R/ % S Y8R BE Y54 mAP/ % paramelers FLOPs/B FPS/(f-s71)
YOLOvSs 77.30 69. 60 78.70 7012822 15.8 96. 1538
YOLOv5-BiFPN 76.90 71. 80 78. 40 7161311 16.4 96. 1538
YOLOv5-Hardswish 76. 50 71. 80 77. 40 7012822 15.8 98. 0392
YOLOvS5-DIoU 77.00 70. 10 77. 60 7012822 15.8 92. 5926
HDF-YOLO 84. 50 75.10 80. 80 7161311 16.4 97. 0874
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