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A Lightweight Road Crack Detection Model Based on Improved YOLOv8n

ZHU Jiahui, LIU Yi, ZHANG Dengyin
(School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: To address the challenges of road crack appearance characteristics being susceptible to
environmental interference, high miss detection rate of fine cracks, and limited computational resources of
inspection equipment, a lightweight detection model, MCA-YOLO-A, is proposed. The model is based
on YOLOvVS8n, replacing the original backbone with a lighter MobileNetV 3 feature extraction network, and
integrating a coordinate attention (CA) module that accurately captures spatial information, thereby
enhancing the capability of feature extraction. Meanwhile, the Alpha-IOU loss function suitable for
lightweight networks is introduced, which makes the overall performance of the network improve. In
addition, a small target detection layer is added to improve the recognition accuracy of fine cracks. The
average precision of mAP _0.5 and F, score of MCA-YOLO-A model on road crack data sets are 0.930 and
0.893, respectively, which are 7.0% and 9.7% higher than that of the original YOLOv8n model, and the
parameter quantity is only 6.0 M, which is 4.8% lower, and the detection speed reaches 95 frames/s.
Experimental results demonstrate that the model is highly accurate, lightweight, and capable of
generalization, making it more suitable for deployment in scenarios with limited computational resources
such as embedded systems and mobile devices.

Key words: road cracks; image detection; depthwise separable convolution; YOLOVS; attention module;
lightweighting
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Table 3 Comparison experiments of different feature extraction networks for YOLOv8n

F T2 mAP_0.5 F 58 Params/10" IR K/ /MB GFLOPs FPS
DarkNet-53 0.869 0.814 3.01 6.3 8.1 158
EfficientNet-BO 0.901 0.869 7.21 15.8 13.4 83
ShuffleNetV2 0.803 0.755 6.38 13.0 16.4 137
MobileNetV2 0.586 0.574 0.71 1.7 2.6 134

MobileNetV3 0.909 0.875 2.77 5.8 6.4 122




k4EZ A Tk YOLOVSN 6938 74 2 28 4] 22 3 AL A A 1341
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Table 4 Comparative experiments with different attention modules

F TR 2% mAP 0.5 Params/10° GFLOPs FPS
MobileNetV3 0.909 2.77 6.4 122
MobileNetV3+CA 0.921 2.80 6.5 117
MobileNetV3+CBAM 0.919 2.78 6.5 97
MobileNetV3+ECA 0.906 2.77 6.4 128

12 4 T AL ARHIF ST A ECA BEHUS (45 FE e {5, (H l T ECA BE U | iy i ik TH S A 11K
[ I 76 4G I 3 FPS B LG A R TF T 6. itk A CBAM I, %) 45 fit 46 00K 13 A L IS0 32 M % Mobile-
NetV3 i — 82Tt 38 TRl k 1106, SR iy 1 BE 5 254738 18 2k B T 47 25 A0 2 B2 9 11580, A5 280 1 e
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Fig.7 Visualization results of backbone network embedded with different attention modules
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Table 5 Comparison of ablation experimental results

F5 WEHREHETME AlphalOU Loss /MHBEKEIZ  mAP_0.5 F /30 Params/10°  FPS

1 X X X 0.869 0.814 3.01 158
2 N X X 0.921 0.883 2.81 117
3 X N/ X 0.876 0.810 3.01 132
4 X X N/ 0.872 0.820 3.00 128
5 NG NG X 0.923 0.887 2.81 104
6 J X N 0.911 0.877 2.72 93
7 NG N N 0.930 0.893 2.72 95

TR IS T IR R R R AR B R

I TSI 6 3 W AR S w5 B EL A RN 14 R SO T B S I TORY R R Ak 2 I B A
3.5 AEKRMNER L LS

SR VEAR A SCHRE 1 MCA-YOLO-A BRI 88 9 P 58, AR SCREARY 55 LR T 26 4 0 8 55 0 L 0 ) 3
VA H AR IR BEAT T O H SR . SR A R A3 Faster R-CNN™ [ YOLOv5s, YOLOv6s* [ YO-
LO8s.YOLOV9-tiny "L J¢e RT-DETR™ A A B 53 16 A [7] 10 B3 4 M 200 46 10 1 oEAT 7k 36, HAR
RIS E S, SEER AR NER 6 FTn .

F6 TREERMERELLE

Table 6 Performance comparison of different models

A mAP_0.5 F oy 8 Params/10°  #BK/N/MB  GFLOPs FPS
Faster R-CNN 0.791 0.657 137.00 108.0 251.4 10
YOLOv5s 0.881 0.831 9.12 14.1 10.6 44
YOLOV6s 0.841 0.812 16.30 32.8 44.2 102
YOLOS8s 0.909 0.878 11.12 22.5 28.7 110
YOLOvV9-tiny 0.880 0.838 2.01 4.7 7.7 79
RT-DETR 0.866 0.834 19.90 34.3 110.0 43
MCA-YOLO-A 0.930 0.893 2.72 6.0 8.1 95

AT LLE A S MCA-Y OLO-A A58 AH %5 T HoAth 32 3 09 5 A5 46 00 99 2 91 A $5 55 9 mAP_0.5 F1 F, 43
Boo B Be H BRI 7L Faster RCNN RS IS BEAIG , BLAR 125 09 2 850 B K, 3 S80030 0k A A ) 3ok I
FPSAXAT 10 A SCHERL S H FHSE /Y9 H ARSI R 285 YOLOv8s . Y OLOv5s, YOLOv6s . YOLOv9-tiny il
RT-DETR A, - ¥4 045 FE mAP_0.5 5 Bl F+ 2.3% .5.5% .10.5% .5.7% M1 7.3% , F, 53 B3 42 T+
L79%.7.4% .9.9% .6.5% R 7.1% o [FJ B A SCHE R S 500 A Ry 2.72, KR K /N R 6.0, TH530 52 4% B
GFLOPs Yy 8.4, ALK T YOLOvO-tiny #% #Y | {H 75 & W 3 J&& |3k $] 1 95 FPS, [t YOLOv9 #£ 7 1
20.1% . & EJRiR ,MCA-YOLO-A BB AR 45 T H AW A A B A 5 iy 09 K6 00 A B2 A AR 1 | T I5F FPS 3k
95, T A2 S A I ) K, LA R G 08 S B 1 AR B

SR T UL Ml O S A TR P e A S R 3 L b R LA A X LU AR T Y OLO8s . Y OLOv5s #il
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Fig.11 Comparison of detection effect
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Table 7 RDD2022 UAV China dataset generalisa-
tion ability test

5 YOLOvSn MCA-YOLO-A

mAP _0.5 F, 75 mAP 0.5 F %
D00 0.589  0.585 0.639(+8.3%) 0.654(+11.8%)
D10  0.758  0.756 0.765(+1.0%) 0.771(+3.2%)
D20 0.369  0.378 0.536(+43.9%) 0.536(+41.8%)
D40  0.769  0.772 0.826(+7.3%) 0.838(+8.5%)
All - 0.636  0.632 0.702(+10.2%) 0.701(+11.2%)

(a) YOLOv8n

(b) MCA-YOLO-A
Bl 12 K g SRxt

Fig.12 Comparison of detection effect

(c) Original label

®8 UAPDHUESEZMLEE MR
Table 8 UAPD dataset generalisation ability test

. YOLOvSn MCA-YOLO-A
mAP_0.5 F 4% mAP_0.5 F 5%
D00 0.834  0.823 0.873(+4.6%) 0.839(+1.9%)
D10 0.863  0.836 0.899(+4.2%) 0.878(+5.0%)
D20 0.862  0.852 0.887(+2.9%) 0.876(+2.8%)
D40 0.951  0.913 0.970(+2.0%) 0.938(+2.7%)
All 0.881  0.867 0.908(+3.1%) 0.889(+2.5%)
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