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Abstract

To address the challenges of elongated cracks, large-scale variation, complex pavement textures, and
unstable localization of small defects in road defect detection, this paper proposes CAN-YOLOv11n
road defect detection model based on YOLOv11n. First, CAA is introduced into the P4 branch to
strengthen directional contextual responses and suppress interference from pavement shadows,
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lane markings, and texture noise. Second, ASFF adaptively fuses multi-scale features to improve the
representation of small cracks, potholes, and repaired areas at different scales. Finally, NWD-CIoU
is adopted for bounding-box regression, combining the geometric constraints of CloU with the robust-
ness of NWD to positional deviations of small targets. Experiments on the China subset of RDD2022
show that CAN-YOLOv11n achieves 84.0% recall, 88.6% mAP50, and 59.4% mAP5so-95, outperforming
the YOLOv11n baseline by 1.8, 2.4, and 0.3 percentage points, respectively. The proposed method re-
duces missed detections in complex pavement scenes and improves overall road defect detection per-
formance.
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Figure 1. Structure diagram of CAN-YOLOvV1 1n model
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Figure 2. Structure diagram of the CAA module
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Figure 3. Structure diagram of the ASFF-P3 module
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Table 1. Experimental parameter settings
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4.2. VN IEEF

VAN R TR of 3 % R s e D S AR, A SR A A [F1 R (Recall, R) mAPso Fl mAPsq. o5 E N
FESEbr. HA, TP Rosgi BN A FIE R EIE BArE, FN RS R R G H al Z sk is B hr%, N
TR EEL, AP RN ¢ FREFRE loU BME ¢ FHFARE R . A [F 26 H T S 20 31 S ki
HyrmE AR, LEARN:

DOI: 10.12677/airr.2026.155112 1238 PNER ST IR YN


https://doi.org/10.12677/airr.2026.155112

TE AE

k= TPT+PFN
R R, RN B SRR D o X T A AT ST, B A B R JC A T R N
g%, XS LU B 2 4% DL Rt BE B BT A5 H AR B IR 1 KU
mAPso R Y HNAE 5 B SEHERAS I LB B 0.50 B, S-BRRE S8 -1 308 FE (1 3514 -

amn

mmgzigngww (18)

AR PR AE VL 25 A XS TEAA IS L T 256 I R S e i e RE, RERS RIS G 44 . R Y
g%, WRZEEE. YU RABRN X3 ARG I B

mAPsqos W 7E 0.50 & 0.95 A+ ToU BME_L 43315 mAP, 5% B BRME AN 285 BT«

1 Ne T
mAP50—95 - WZTE{Oj0,0.SS,---,OSS} Zc:l APc (19)

5 mAPso #HEL, mAPsoos X FINHE 5 LS () B8 A A2 RS BOR B ™0, BEMS 5 78 40 Hb S LA A xof 24 5%
N2 HUIRES BEFMS I X 3800 SRS 41 52 A7 B
4.3. jHR4SCIE

NEIE CAA. ASFF Fl NWD-CloU =T gi it A 2tE, ASCLL YOLOvI In AEek, 7EAH R HdEER
S AIZREC B R 2 BN B e JL2H 5, JH R SEIR &5 Rk 2 A .

Table 2. Ablation experiment results of CAN-YOLOv11n
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\ V \ 84.0% 88.6% 59.4%
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Table 3. Comparison experiment results of different models
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