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Abstract: Addressing the challenges of highway pavement defect, such as diverse categories, significant scale
variations, and high background complexity, an improved YOLOv7-based highway pavement defect detection al-
gorithm is proposed. Firstly, an explicit vision center module is integrated into the neck network to comprehen-
sively capture both global and local information of input features, thereby enhancing the feature extraction capa-
bility for small targets. Secondly, a feature fusion module RFECSP, is designed to mitigate the issue of low detec-
tion accuracy caused by the loss of detail information and interference from irrelevant background regions, by re-
inforcing the feature fusion for multi- class and multi-scale defect. Finally, the MPDIoU loss function is em-
ployed to further improve the network's convergence speed and detection accuracy. The results demonstrate that
the algorithm exhibits excellent effectiveness in detecting roadway pavement defect, effectively meeting the re-
quirements for detecting cracks or potholes in highway pavements.
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Tab.2 Comparison of ablation experiment results

P/%

o P 1% S, /MB F/(1wi/s )
D00 D20 D40

YOLOV7 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 4131 22.52

YOLOV7 + EVC+ RFECSP+ MPDIoU 50.59 65.94 62.41 59.65 4131 23.03

H1 % 2 W] 41, YOLOV7 5507 75 I 1 s 3 25040 4
Ly P, 56.52%, TFEMZESI AEVCER)S P,
A TR UEB EVC BEHRE %38 1 08 15 )2 PURRAE
NG N B ) SO /=10 WA N B R R S 1 7Y
HE T

DR £ AR g P RE PT LA I P-R 2R iR HL .
S PEAL o AP 4 RS B 3 1 i e A vk et
HIJS 8 P-RARZE IR, v] LIE HY AR SCHE HH I S T T B
T 97 B TR 7 T ) B BH B A T JRLA 1) YOLOv7
W2 o X —PE AR BLLEAE BE 2T I, iR R
FEG R A T TSI T AR SCH L 7E 1
FEPBIES e ERE

& 6 FE 7 S22 HERT G YOLOVT B33k 11 F, fthk

1 1 1 1
0 0.2 0.4 0.6 0.8 1.0
R

B4 BRI YOLOVT EiXfRE N P-R thik
Fig. 4 P-R curve of YOLOV7 algorithm for defect
detection before improvement
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Tab.3 Performance comparison of different algorithms

P, /%

Sk I D00 D20 D40 Pon % 5,/MB
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
YOLOV5-1 CSPDarknet-53 4537 61.68 58.45 55.17 47.06
YOLOv7 CSPDarknet 48.35 64.67 56.55 56.52 37.62
e ) YOLOVT CSPDarknet 50.59 65.94 62.41 59.65 4131
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