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Lightweight pavement damage detection method based on
feature mapping contribution degree
WANG Yueming, WU Yangxu, CHANG Zhiyu, CHEN Ping
(Shanxi Key Laboratory of Signal Capturing and Processing, North University of China, Taiyuan 030051, China)
Abstract: Road damage detection is of vital importance in the process of road maintenance. In order to solve
the problem that the current road damage detection relies on large vehicle-mounted detection equipment,
resulting in high cost and poor universality, an ultra-lightweight surface crack detection model applied to edge
equipment was proposed. Firstly, a lightweight road damage detection network was constructed, and on this
basis, redundant parameters in the network were deleted based on the feature mapping contribution pruning
strategy, so as to ensure real-time monitoring in edge devices without reducing the detection accuracy. Finally,
the experimental results show that the size of the proposed model is only 2.06 M, and the accuracy rate reaches
68.6% at the frame rate of 40. Compared with the original YOLOvS5s model, when the accuracy is only reduced
by 3.4%, the number of parameters is reduced by 70.8%, and the inference delay on the edge platform is
reduced by 175 ms. In summary, the proposed model can detect road characteristics more effectively while

maintaining a high level of accuracy, and has good robustness for road damage detection.
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Table 2 Detection performance of different backbone net-

works
- UEZ
F5ETE Parameters/M GFLOPs mAP FPS JFLpf
YOLOvVSs 7.02 158 072 13 5
YOLOvS5s-ShuffleNetV2 3.84 6.8 0.62 28 15
YOLOVvS5s-EfficientNet 4.09 7.7 0.63 23 19
YOLOv5s-MobileNetv3 3.37 6.0 070 35 26
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Table 3 Information entropy statistics of different pruning

standards for specific level

JZ4%
1 2 5 10 15 20

SRR

FIRE 447 125 143 397 391 291  3.00
¥H 321 083 045 032 031 052 051
Ji% 236 122 123 067 052 033 0.54

A 114 022 035 016 036 038 031
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Table 4 Detection performance of different pruning rates

GIEES Parameters/M GFLOPs mAP FPS
0.1 3.08 6.1 0.643 37

0.2 2.77 49 0.612 40

0.5 1.97 3.1 0.546 42

0.8 0.60 1.3 0.462 50
0.0x7+0.1x16 2.11 4.6 0.676 39
0.0x7+0.3x16 1.82 2.9 0.657 44
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Table S Visualization of different pruning rates
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Fig. 8 Activation response values under different pruning

rates
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Table 6 Improved performance comparison of attention mechanisms

Pruned-YOLOv5s

“MobileNetV3 ConvSE C3SE ConvASE C3ASE Parameters/M GFLOPs mAP FPS
J 1.83 29 0.657 44
J y 2.09 43 0.663 26
J S 2.04 3.8 0.666 40
J y 2.09 43 0.668 26
J y 2.05 3.8 0.672 40
N y y 2.07 4.1 0.686 40
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Table 7 Heat map presentation of different pruning algorithms
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Table 8 Comparison of inference time of each model

TR Parameters/M mAP FPS
YOLOv4-Tiny 6.06 0.66 16
YOLOx-Tiny 5.06 0.67 14
FCOS-Tiny 2.08 0.65 34
A 2.06 0.686 40
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Fig. 10 Detection results of proposed algorithm on China_Drone test set
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