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Lightweight Pavement Crack Detection Algorithm Incorporating
Attention Mechanism
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(1. School of Electrical Engineering, Shaanxi Polytechnic University, Xianyang 712000, China;
2. Northwest Institute of Mechanical and Electrical Engineering, Xianyang 712099, China)

Abstract; Aiming at the problems of low accuracy, poor positioning ability, and large computational load in existing
pavement crack detection, this study investigates a lightweight detection model based on YOLO v8n. GhostNet v2 is adopted
as the backbone network to reduce the number of parameters and improve feature extraction performance. The CBAM (Con-
volutional Block Attention Module) is introduced into the feature fusion module to enhance attention to pavement defect fea-
tures, and the bounding box regression loss function is replaced with Focal-SIoU to optimize the calculation of bounding box
overlap. Experimental results show that the precision, recall, and mean average precision of the improved model are in-
creased by 4. 76 %, 1.89% . and 2.77% . respectively. The model size is 33. 33% of that of YOLO v8n, with an inference
speed of 271. 5 frames « s~', and it takes only 3. 68 seconds to detect 1000 images. The model meets real-time requirements,
reduces missed and false detections of pavement cracks, and provides technical support for automatic detection on mobile
pavement devices.
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Ji,» mAP {5 T CloU HiI SloU, 454 % 3 5k, 7K
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(ECA, efficient channel attention)™" | & FH i 28 ) 4% 1
& /1 (simAM, simple, parameter-free attention mod-
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3.5 EREMEI KR

ABE 58 H ok )5 B9 GCFS-YOLO v8n 6 % 5 Im-
proved-YOLOv5n™ . YOLOv6n™' ., YOLOv8n, MED-
YOLOv8n™ | YOLO v10n™', YOLOvl1n™, Deform-
able DETR™ and RT-DETR™ 4 3= 3% 84 ¥y Bt B b5 46 1
RS HEAT X LG o i T[] — A SO AT U 25, i 45
WS,

F 5 AR B TR LA U 45 SRR L

AP ZH | iE | FPS/
%l P/% | R/% /| R~F | frames

/% 10° | /MB | «s!

Improved-YOLOv5n| 86.51 | 82.82 | 85.27 | 2. 08 | 4.42 | 200. 2
YOLOv6n 90.09 | 82.99 | 87.18 | 4.23 | 8.7 | 116.9
YOLOv8n 86.72183.64|85.71]3.01| 6.3 |148.36
MED-YOLOv8n 87.22183.55(86.34|1.66| 3.5 | 241.2
YOLOv10n 86.04 | 81.97 | 85.38 | 2.70 | 5.8 | 145.4
YOLOvlln 90.81 | 84.19 | 87.98 | 2.59 | 5.5 | 156.5

Deformable-DETR | 89.51 | 84.39 | 87.69 | 40.0 |457.5| 35.1
RT-DETR 91.54 | 84.86|88.26|19.9 | 38.7 | 60.7
GCFS-YOLOv8n | 91.27 | 84.71|88.04|0.89 | 2.1 | 271.5
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Fesk. HAh. GCFS-YOLOv8n 5 [y 4 3 3 J 0] ik
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YOLO v8n {5 & 0.98, i T YOLO v8n [ 0. 90,
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K ] 14 RE # # MobileNet 1 ShuffleNet 2 & 1k F T W
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fEAf5 B $& T i w24 48 R0 B 15 R ] Focal - SloU
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G 3 KR 5. GCFS-YOLO v8n ZEU {48 I P,
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2.33%, 5 EF AR B H AR IR L SO .
I8 A PR EE T T 2 AR R M BE X LKA, TESE GCFS-
YOLO v8n B 3& I F F7 4 [ 48 FR B3 N P& 1 24 4% 4% o K
M, Sy Ja 2 BT A ke AN A SR B BOR SCHE

GCFS-YOLO v8n #5& Y A] 38 1 % 7 {b 45 7k B3390 &
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