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Road Crack Detection Based on YOLO-CD
YUAN Hong-shuai, LI Qi*, WANG Yue-ming

(Automation and Electrical Engineering College, Inner Mongolia University of Science & Technology, Baotou 014010, China)

[ Abstract] In order to address the issues of low accuracy and high missed detection rates in existing pavement crack detection algo-
rithms, an improved pavement crack detection algorithm based on YOLOv8n, named YOLO-CD ( YOLO-crack detection), has been
proposed. The scale sequence feature fusion (SSFF) module and triple feature encoder ( TFE) module from the ASF-YOLO architec-
ture were utilized by the YOLO-CD algorithm to enhance the detection performance for multi-scale cracks and the perception capability
of target features. Additionally, the coordinate attention( CA) mechanism was introduced at the end of the backbone network and in the
neck network, with positional information embedded into channel attention, thereby strengthening the extraction capability of crack fea-
tures. Furthermore, an additional P2 small object detection layer was added on top of the original three output layers of YOLOv8n, in-
creasing the multi-scale receptive field of the network, allowing both global and local context information to be captured simultaneously,
thereby improving the detection capability for small cracks in complex scenes. The original YOLOv8n detection head was replaced by
the DyHead detection head, achieving the integration of scale, spatial, and task attention mechanisms, and further enhancing the
network’s detection performance for cracks. Experimental results show that in the self-built PD-Dataset, the mAP50 of the improved
YOLO-CD algorithm is increased by 4. 1% compared to the original YOLOv8n algorithm. In the public dataset RDD2020, the mAP50
of the improved YOLO-CD algorithm is increased by 1. 5% compared to the original YOLOv8n algorithm. Moreover, the algorithm’s de-
tection speed is found to reach 89.9 frames/s, meeting the real-time requirements of pavement crack detection.

[ Keywords] road crack detection; YOLOv8n; ASF-YOLO; attention mechanism; small object detection layer; DyHead detection head
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Fig. 1 YOLO-CD network architecture
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Table 1 Ablation experiment results
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— — — vV 0.518 48.6 118.0 34.8 9.6 6.90
VvV Vv — — 0.519 48.1 118.2 24.8 12.0 5.14
VvV — Vv — 0.514 47.6 129.0 29.3 12.2 5.97
Y4 — — vV 0.520 49.1 113.5 35.0 19.6 7.07
VvV Vv Vv — 0.520 48.3 150.7 25.0 12.0 5.19
Y4 Vv — vV 0.521 49.2 102.5 31.6 19.4 6.44
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Table 2 The comparison of detection results on the
RDD2020 dataset
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naNet, YOLOv5n , YOLOv7-tiny , YOLOvS5s, YOLOv10n
XA H, YOLO-CD 78 A3 3IE i3 47 3 B 1Y 1y 42
TLF, 2 B4R 18.5% . 10.2% . 13.4% 3. 1% .
3.5% 0.9% F13.9% ,mAP50 4 & T 18. 1% .
11.8% 14.3% .5.8% 4.7% .2.2% 1 5.2% , 5
IReE R, 5 H AL B bR Ak AH H, YOLO-CD
S DL/ N RS R A FR S I T A RS A L B
AR ARy A ARG R BN {7 B AR A

x3 AREEILE

Table 3 The comparison of different algorithms

(=R7S F, mAP50/ % FPS/(i-s~") Params/10% GFLOPs A EE A/ MB
Faster RCNN 0.367 37.5 25.8 1367.3 369.8 108.0
CenterNet 0. 450 43.8 38.2 326.7 69.9 124.0
RetinaNet 0.418 41.3 29.4 379.7 170. 1 139.0
YOLOvSn 0.521 49.8 160.2 17.6 4.2 3.75
YOLOV7-tiny 0.517 50.9 145.1 60. 1 13.0 11.73
YOLOvSs 0.543 53.4 82.1 70.2 15.8 13.8
YOLOv10n 0.513 50.4 117.6 26.9 8.2 5.53
YOLO-CD 0.552 55.6 89.9 31.8 19.4 6.58
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B 5(c) HF—4k D00 Z44& AYiRKG I (HIK 6 () %
A BRKE, IEF AR T D10 2448, JfH., YO-
LO-CD 5 0 E 37 Lt YOLOv8n 6 [ 45 B 5

&7 '8 i YOLOvSn B YOLO-CD SAkAE/y
HEHRAE RDD2020 _E ARl Zs SR, K 7(a) & 8(a)
Xt EE, YOLOv8n Kl AN 5E%  YOLO-CD Fb YOLOvSn £
Ry T — &b D10 2448, K1 7 (b) FIE 8 (b) X Lk,
YOLO-CD It YOLOv8n #& Hi T 3 £ () DI0 %4 4%,
B 7(c) R 8 () X, BiFP LIRS T D20 24
% {H YOLO-CD It YOLOv8n Aol 248k () B A5 =, ™I
AN S Sy IR TF 0.03 F10.045 8 7(d) FIE 8
(d) % Eb, YOLOV8n %1% b A6 I H T D10 Z44% {2
YOLO-CDVA H B , IERAASHI 4 D20 245%

WY (/A
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Fig. 5 YOLOv8n detection on PD-Dataset
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Fig. 6 YOLO-CD detection on PD-Dataset
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Fig. 7 YOLOv8n detection on RDD2020
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Fig. 8 YOLO-CD Detection on RDD2020
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3 i
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TERLG, P2 T 2482 ke DR B 7% B R EE 4 PD-
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T 4. 1% , TEAHEWEEE RDD2020 1, YOLO-CD
AT 54 YOLOV8n, mAPS0 $2 5 1 1.5% , HEA
PRGN TR ) 89. 9 Moi/s il KL (1 1T 224 4% 4G 100 52 Af
PERYESR . AN, YOLO-CD B 7E A RS BE Al
THABFIZEE L e T BUAT I 44 R0 I S0k 1
I USRS 5 R A 2% v A [P, F — 2D BiE T LR %
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