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Disease detection of cement pavement based on improved YOLOVS in

complex scenarios
ZHANG Zaiyan"’, SONG Weidong", WU Jiachen’

(1. School of Geomatics, Liaoning Technical University, Fuxin 123000, China;2. School of Mining
Engineering, Heilongjiang University of Science and Technology, Harbin 150022, China)
Abstract: Aiming at the problems of lack of domestic cement pavement disease detection data sets, small scale,
single scene, and insufficient generalization ability of deep learning algorithms in complex scenes, a pavement
disease detection algorithm based on improved YOLOVS is proposed. A cement pavement disease detection
dataset containing 11 862 images was collected and constructed, covering 3 most common disease types in 9
scenarios. The prior anchor frame of model training is obtained by combining the K-Means clustering algorithm
measured by IoU and genetic algorithm. In the feature enhancement stage, a lightweight upsampling module
(CARAFE) is introduced to reduce the information loss in the feature recombination process. A multi-
dimensional collaborative attention module (MCA) considering channel, height and width dimensions is
introduced to enhance the discrimination of multi-scale disease features. The experimental results show that under
the premise of maintaining fast inference speed, the average of F, score and average precision (mAP) of the
proposed algorithm reach 75.5% and 81.6%, respectively, which are better than the five mainstream target
detection algorithms. The example analysis shows that the pavement disease detection algorithm based on
improved YOLOVS can meet the actual needs of large-scale cement pavement disease intelligent detection and

damage condition evaluation.
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Fig.1 sample image of cement pavement disease

in complex scene
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Fig.8 P-R curves of the three diseases and their mean values under different improvement method
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Tab.3 performance comparison of different models
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$/10° #/MB [1]/ms

Faster R-CNN 39.9 64.7 58.5 73.1 34.6 56.5 948.2 283 86.7 64.5
SSD 52.9 63.9 70.6 71.5 59.8 61.3 274.9 23.9 42.4 65.3
CenterNet 48.1 75.2 32.7 61.2 27.6 60.3 109.7 32.7 20.5 65.5
YOLOv5 63.5 68.2 70.6 73.3 70.3 79.1 48.3 20.9 15.6 73.5
YOLOv7 46.8 63.3 61.8 76.9 71.4 81.2 105.2 37.2 32.6 73.8
ISTD-YOLO 76.9 80.9 72.4 81.7 75.9 82.2 49.5 21.2 17.3 81.6
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Fig.9 cement pavement diseases detection results of different models
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Fig.11 disease detection performance statistics
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