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Pavement distress identification method based on
improved simAM-YOLOVS

SHAN Fei"?,LI Hui', SUN Hao*,NIE Shi-gang®, SHEN Zhong—hu’
(1. Key Laboratory of Road and Traffic Engineering, Ministry of Education, Tongji University, Shanghai 201804,
China; 2. Henan Transportation Development Research Institute Co., Ltd., Zhengzhou 450066, China)

Abstract: To solve the problems of multi-modal data and low recognition accuracy in road pavement
distress detection, an improved pavement multi-distress recognition algorithm based on the YOLOvVS
model enhanced with the non—parametric attention mechanism simAM is proposed. Utilizing the self-
owned pavement distress dataset, Res2Net is embedded into the YOLOVS structure to enhance multi-scale
feature extraction capabilities while maintaining similar computational loads. The simAM module is
employed to further adjust the weights of feature maps at different scales, improving the detection of

targets. Genetic algorithm is used to increase the speed of automatic parameter searching for the model, and
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asphalt, cement, and other road surfaces. Specifically, the precision rate has increased by 15.3% and the

image enhancement techniques such as HSV and Mosaic are employed to expand the small sample

distresss. Experimental results show that the improved simAM-YOLOvVS algorithm significantly improves

accuracy and recall rates for various pavement distresss such as cracks, broken panels, repairs, etc., on
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recall rate has increased by 13.1% compared to the original network, demonstrating excellent intelligent
Key words: intelligent transportation; pavement distress; recognition algorithm; simAM; YOLOvVS;
=

recognition performance, and playing an important role in automated detection of highway conditions.
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Table 1 Ablation experimental results

A Res2Net simAM W% A [1]# mAP
YOLOVS X X 0.788  0.796 0.796
YOLOv8+Res2Net  / X 0.892 0.814 0.812
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YOLOvVS8-+Res2
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Net+simAM

T s X R R IS/ R A AR B

B9 WiIE&LEMm

|l $E T T 10% . 7E 3G N simAM 14 2 J7 B
LR B R TR T 5.6%, (H & 7 XK o
(mAP)$#FT 1.9% , AR HEF T 8. 2%,

(7] B 38 i 5 A S B S S B0KE 8 2 (mAP)
ST R4 W4T+ T 15. 8% M115. 3% , 7 [nl & 42

J+HT13.1%.,
3.2.3 HEERS
AT I TIF £ T 25 S 4 1R 9 B R A7 I
R AN 10 R .
5250.6 51%% ) o

d5maga4Hh\

i

Fig. 9 Validation set prediction graph
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Table 2 Model validation results table
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