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Abstract: Aiming at the problems of highway pavement distresses, such as the existence of many
categories, large scale differences and high background complexity, a highway pavement distress
detection algorithm with improved YOLOV7 is proposed. Firstly, the display vision center module
is introduced into the neck network, which can fully acquire the global and local information of
input features and improve the feature extraction ability for small targets. Second, the feature fusion
module RFECSP is designed to solve the problem of low detection accuracy due to the loss of detail
information and the influence of irrelevant regions by enhancing the feature fusion ability for multi-
class and multi-scale diseases. Finally, the MPDIoU loss function is used to improve the
convergence speed and detection accuracy of the network. The results show that the algorithm in
this paper achieves good results on the RDD 2020 dataset, improves the average detection accuracy
by 3.13% compared with the YOLOvV7 algorithm, and outperforms the algorithms such as SSD,
YOLOv4, YOLOVS, etc. The algorithm has a good effect of detecting roadway pavement damage,
and it can satisfy the requirements of detecting the cracks or potholes type of damage in highway
pavements.
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Fig. 6 Example of pavement distress datasets
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Table 1 Experimental environment and configuration
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Table 2 Comparison of ablation experiment results

AP/% FPS
Model mAP/%  Params/M
D00 D20 D40
YOLOvV7 48.35 64.67 56.55 56.52 37.62 32.43
YOLOV7+EVC 49.51 64.89 58.44 57.61 41.82 24.79
YOLOv7 + EVC+ RFECSP 50.38 65.51 61.27 59.05 41.31 22.52
YOLOv7 + EVC+ RFECSP+ MPDIoU 50.59 65.94 62.41 59.65 41.31 23.03

H13% 2 AT KN, YOLOV7 SELE RS 19 T Bt 5 L mAP Jy 56.52%. MAEM %% 5] N EVC
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B BEE/IN BARFIRRESEERE 77 AR5 K 26 (1) SPPCSPC Bl 4>y RFECSP i 5
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ASCHE H B s SRR A
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Fig. 7 P-R curve of YOLOV7 algorithm for disease detection before and after improvement
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Fig. 8 Fl1-score curve of YOLOvV?7 algorithm for disease detection before and after improvement
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REME TEA I G i 5 TN 4% 53 2% P55 2[00 38 R 7 1) ~FA 48 o JFCAth SRk B AR TEAGH IR 52 7 T A 6 ANl
FRICER B[R] 9 2% 2 B0t B 2 380 . TR L, 76 BB ARAIEAS IIUARS B AN X 48 S 2 RT3
ARSI E YOLOVT SUIESE G TERERE AT, RERSA AU T A B ER R A . L 9
e B b 52 AN 7] AR A AR 20 14 8 S5 T LG iy v A 5 21

Bl 10 NANFE AR LGS RDD B4 M RCR G B, IR, 48, AE S AR
D00, D20. D40. 4l 10 Frow, Fofth LR SvRAE #2800 5 0 AR — 2 IR &, 1
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Table 3 Performance comparison of different networks

Backbone AP/%
Model mAP/% Params/MB
network D00 D20 D40
SSD VGG-16 36.84 65.06 50.39 50.76 26.29
RetinaNet ResNet-50 31.82 65.54 57.11 51.49 37.97
YOLOV3 Darknet-53 42.97 61.86 51.56 52.33 61.95
YOLOv4 CSPDarknet-53 45.55 67.55 52.99 55.36 64.36
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Fig. 9 Comparison of performance of different target detection networks
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Fig. 10  Graph of detection effect of different models
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