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Abstract: Objective Road damage detection is a fundamental component of the intelligent maintenance and management
of transportation infrastructure. As global transportation systems continue to modernize and road networks expand rapidly,
pavements inevitably deteriorate because of a range of external and internal factors. Traditional inspection methods, includ-
ing manual surveys and existing automated approaches, still face major challenges in scalability, efficiency, and accuracy,
which limits their suitability for large-scale deployment. There is therefore an urgent need for a high-performance, accu-

rate, and robust framework for road damage detection and maintenance. In practical scenarios, road-surface damage often
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exhibits elongated geometries with high aspect ratios, low texture, low contrast, and strong heterogeneity. These character-
istics pose fundamental challenges to existing algorithms, which tend to focus on local texture or semantic cues while over-
looking the intrinsic physical properties of road damage. In particular, such models fail to capture the directional feature
coupling inherent in the continuous spatial distribution of cracks and the edge attenuation of blurred potholes. The lack of
direction-aware features and precise positional cues weakens long-range dependency modeling and reduces responsiveness
to targets with indistinct boundaries. In addition, the hierarchical convolution and downsampling operations in convolu-
tional neural networks (CNNs) progressively degrade cross-scale features, causing the loss of critical detail from high-
resolution shallow feature maps. Method To address these limitations, this study proposes a novel multi-stage spatial-aware
detection network (MSANet) built on the YOLOv11 framework. The design follows a progressive feature enhancement-
fusion-optimization strategy tailored to the physical characteristics of elongated cracks and blurred-edge potholes. In the
direction-sensitive feature enhancement stage, a hybrid Manhattan self-attention and coordinate attention (MCA) mecha-
nism is introduced. Manhattan self-attention models the spatial continuity of crack axes, while coordinate attention
improves the localization of blurred-edge defects. Together, these components create a dual-driven enhancement scheme
that strengthens both directionality and detail representation, enabling the model to capture long-range spatial dependen-
cies more precisely. To mitigate feature degradation caused by repeated downsampling, a cross-scale feature concat (CFC)
module is incorporated into the neck. By cascading feature maps across resolutions, the CFC module balances semantic
completeness at larger scales with detail richness at smaller scales, thereby compensating for the loss of fine-grained infor-
mation. Finally, in the detection head, a coordinate-aware convolution kernel (C3K2_CAC) is embedded within the C3K2
block. This module jointly optimizes spatial position and channel response through direction-aware spatial attention and
dynamic channel reweighting, producing anisotropic representation enhancement in high-dimensional feature space. While
maintaining computational efficiency, it significantly improves edge clarity, detection robustness, and global discrimina-
tive capability. During training, experiments were conducted on a standardized platform using Ubuntu 20. 04 and
PyTorch. YOLOv11s served as the baseline for comparative and ablation studies. Across all experiments, the same hyper-
parameters were used: a batch size of 32, a learning rate decayed from 0. 01 to 0. 000 1, an image resolution of 640 X 640,
stochastic gradient descent (SGD) as the optimizer, and a training schedule of 300 epochs. All other settings followed the
default network configuration to ensure fairness and reproducibility. Result Experiments were conducted on the publicly
available RDD2022 Chinese subset, which contains multiple road-damage categories, including longitudinal cracks
(D10), transverse cracks (D10), alligator cracks (D20), potholes (D40), and repaired regions. Performance was evalu-
ated using seven standard metrics: precision (P), recall (R), mAP@0. 5, mAP@Q. 5:0.95, Fl-score, frames per second
(FPS), and GFLOPs. The results show that MSANet significantly outperforms existing state-of-the-art detectors. Com-
pared with mainstream models, MSANet achieves an mAP@O. 5 of 0. 877 and a comprehensive performance score of 0. 845
(Recall: 0.811, Precision: 0.883, Fl-score: 0.845) , surpassing YOLOv8s (0.824) and RT-DETR (0.801). Iis
mAP@0Q. 5: 0. 95 improves by 4. 8% over the baseline, confirming the robustness of the proposed design. In fine-grained
damage detection, MSANet further demonstrates strong adaptability, achieving a 4.15% increase in mAP@0.5 (to
0.878), a 3. 18% increase in mAP@0. 5:0.95 (10 0. 649), and a 2. 69% gain in Fl-score (to 0. 840). Importantly, the
model maintains a high inference speed of 142 frame/s, representing only a 6% reduction from the baseline while still sub-
stantially outperforming real-time detectors such as RT-DETR. This balance between accuracy and efficiency supports prac-
tical deployment in real engineering settings, where rapid decision-making and reliable predictions are both essential.
Ablation studies further validate the contribution of each proposed module. The MCA module improves performance with-
out significant computational overhead. The CFC module effectively fuses low-level detail with high-level semantics across
network stages, introducing cross-scale contextual information that yields stable gains of 0. 5% in mAP@0. 5 and 2. 3% in
mAP@0. 5:0.95. The C3K2_CAC module introduces only a modest increase in computational cost while enhancing the
spatial awareness of neck features and supplying the detection head with more discriminative representations. Detection
heatmaps further confirm that MSANet provides better focus on target regions, stronger suppression of background noise
and irrelevant activations, and more complete coverage of damage areas. To assess generalization and deployment poten-

tial, experiments were also performed on additional public datasets and field-collected road images, where MSANet
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achieved consistently promising results, demonstrating strong robustness and scalability across diverse environments. Con-
clusion Efficient and accurate road damage detection is crucial for the intelligent maintenance of transportation infrastruc-
ture. By combining spatial-awareness enhancement with detail preservation, the proposed MSANet framework addresses
long-standing challenges in directional modeling and fine-grained feature retention. The model achieves substantial
improvements in detection accuracy while preserving real-time inference capability, offering both theoretical novelty and
engineering practicality. MSANet therefore represents a promising solution for intelligent road infrastructure management
and provides useful insights for the design of next-generation detection frameworks that seek to balance efficiency, accu-
racy, and scalability. With its strong adaptability to both benchmark datasets and real-world imagery, MSANet also lays a
foundation for future integration into large-scale intelligent transportation systems and smart-city applications. The code for
this paper will be available at https://www.scidb.cn/s/RZBnlz.

Key words: road damage detection; spatial perception; cross-scale feature fusion; you only look once (YOLO) ; attention

mechanism; real-time object detection
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Fig. 3 Structure diagram of the directional awareness and detail enhancement module (MCA )

2.3 BEREREMEERCFC

TEYOLO [F T M rp 2 U T R A R
SR BB PRI )21 SUA5 2, B AS AT ke G i 1) 555 48 s
2B 5 7 S ARAE (GE [ 24 5 SR AN T b 44 ) L DT BR il
BEALG BARARG AN RAEBE S o RIS, 30 AR 42
F 1 45 H (40 FPN (feature pyramid network )/PANet
(path aggregation network ) ) F 8K i 12 #H 4B /2 9% 2 [H]
AR R R 2 B T T B RS R AIE A 3 ) — Bk, (L
REIEAE B Jay BR - AH 4B RUBE (n 32 1 [ 2% v 119 B3 )%,
W BRE =P3, R EA N3 ) ML S BB
REEMEEBREA. BARGHMNE 4a) ME 4(b)
IRo NG PRI, AR SCE T T — R AR XS FREE R
JEHRE AlA B (CFC) |, LAERARAL S5 1 7 PR P15

1, HARE S5 A& 5 iR o CFC A HRE 3 2 IR
ok A ZA AR AH LR B B fe iE SR AT BRER R, 2
TAXBR T AR AR JZ 1 1 05 20, A 892 i L2 K]
AR TR B A 225 TR A0 Y 0 5 R 1 i, An 8T 4 (e ) i
Ao BRI
G, MR B RHE F AT AR B A AR R
Ak, I TE AR P A R B A K R aE 1 1
ANy, A B AR B GE T o0 A SO RO B
RAERIR F) 2R
F| = Concat(AngooZ(FL),MaxPool(FL)) (9)
B J5 4 UR 2 R AIE P G WM (L R FE Z v
JE A A oy B R 5 PR RS R PR s ),
b1 x 1R A BB = R R AR AT Rl A 5 E
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EHREE, BR%, 7/ S MBS ) RN B R G 5 48 T ) 4%

P RIE T REE IX AR
w7 REEIL S A e B o AL AN
e

AR A B 2 4R
HAR i

F! = UpSampley,..(Fy) (10)
F,, = Conv,,(Concat(F},F,, F))  (11)

o, F e ROV BLAT w3 (0] 43 B A M4 5 S0
g3 A3 [ BT AL & XA

i

H
Lx X —
F,eR TR

@FPN

(b) PANet
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Fye R 4JUU,E\7€$EB’J$E1%XH§\O Hrp
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CRCASEHRAEA 1 25 1 5 5 g e L il i
A X PR A RUBE R AR R AL ol 2 0 AR B
2P ) 2 2 G A RV T 55 PR R A 1 AR IR S L, A AL
B9 T R OO B R S A B AME . %k
TR T TR XS RURE AR i) BRI BE T S5 A
BRE,

(0) CFC (4305

K4 RIRHIE A A S5 X H
Fig. 4 Comparison of different feature fusion network structures((a)FPN; (b)PANet; (¢)CFC)
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I |
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FAERFE i R

ac < B T kb

K5 5 RPEERFIERRLS (CFCORER S5 5]
Fig. 5 Structure diagram of the cross-scale feature fusion

(CFC) module

2.4 Z[EIGIEMELR C3K2_CAC

TE YOLOv 11 A6 I AE B2 v 4600 Sk iy 1) 19X % 23
K ) C3K2 BEHLAE A CSP (cross stage partial ) 45 4
() —F i R 22 AR AR, B AT I RRAE A 5CR A
BERBYIRAZ B, T AR 3T M 2% R FE S 1 i 2
REFE . SR, AT B Bk = 4 J5) R 5 25 1]
TR , X LA A 0 Sk SR A B A ) 2 S 1 o X T
RO I 240 < 45 R At 1 (B2 5 28 ) R AT 55 1 o, &5
(] 240 T A HE A 5 {5 RRIL N B . RS 45 1Y
F RIS 2R T S UL, (5 2 R AEAS
i 2 R, 23 [AlE B AT e g A 554k, R, AR S
TE C3K2 B b AT AR R 13 5 ) 5 FURE CACony
(Zhang %% ,2023) , #4987 C3K2_CAC & &, H

PRBEHRAS A I 6 T 7 o

HARTIE , CAConv B 5573 BT AE 151 i1 K
PR BT AT AL, SRS AT 1 S . Bl

0 Ao 5 FRORE 33X A T77 1) B 2 [ i 0 2R 4T il

A R A 23 B B 0 PRL (R 25 TRl U R ),
TR AR R AT 05 1) 5 S e e R RS AR E
TE I HER - A5 B 26 32 P 3 A 18 ik 2 [7] Jg
IBE T BRI, A 25 Ok B DR A AR A4 8, A T4 T
YRR A 2 [R] 2R e Bk S i 05 | g

________________________________________________________

i l C3K2_CAC i | C3K 1| CAConv]|
: ¥ Hj i v
A b ahe i HAMEE
&2 s | |
| Ol | | AT
i C§K L ] %??ii‘% i
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Fig. 6 Spatial enhancement module structure diagram

(C3K2_CAC)
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A ARRIE X e RO Sk B —H 1 —

A& — B0 1 FRFAE £ HUBE R CBS (conv + BN + SiLU)

VI ARG BT 1 x 14 FURPRGE I, Jf Rl 50 &

SCRFIE X, FN25 BERAE X, , B S 3 S258 2 P2 C3K 5

P R IR 68 7, O 5 55 B o0 SRR il &
REAE, By

[X,.X,] = Comw,, (C3K(X)) (12)

X, = Concat(C3K(C3K(X,)).X,)  (13)

X, C3KFR I T iR 22 % 82 5 Bottleneck fLHL4
145 T SRR A 4R BB
B it — s S g EE R 5 IA
ABRTE 35 L] CAConv , 38 5 T B 5 7K 77 Tl i Ak
5 AL S B BUIRAS W 1) 3 2 L R EnAUYE
FIEAR PEEERRAE , 37 R 58 22 1 AR P S e S5 4 15
JSO=RY NS
X =X, +X,00(CA(X,,)) (14)
A, © RIRIZBICE T, CA FR A bR 3 1 4
o RPLTE R, BJE S — 1 x VBT RS
TESEA T30 I8 R 45 S 458 A B it BLh
X,u= Conle,(XCA) (15)
o B HERE X, e ROV 55 M TE AR 35 v Ak
THA AT N, SCE0 T R AR AY Je 3R 40 1 s Ak 5 2 1)
MR HADE
filA J5 1 C3K2_CAC SR 7850 K 45 T W R AL
A AME S . A6 4 R AE AT I, C3K2 #2443 T 5
I IR A7 B RN RN % 2 1 BT, (A AR AR A TR
BEAR |3 [, CAConv 51 A B J7 ) P25 (6] {1 &
TR T 1 0 SRy S 4t A RNy e A = A e v
SR P HLE A R R RS E T X AR 1 S5 R 1k
FRAEUEAT B 35 N R, Ry 5 S22 B4t T i A
A7 H I R R AE R A

3 KBRS

3.1 EWiEE

T S I R R T A RAPE S i U
TE,AMRBEET N LEFE . BIERAEHN
Ubuntu 20. 04, fii F PyTorch 1 Sk I8 i 2% >J HE 42
YOLOv1 1s P Z5 AU g BELAGTAY | R4 70T LU RN il
S, TERTA SR IT R M T B S A
PRSI AR I B A S B0 B AR TP PRI UL .

®1 XBRESBSHFE

Table 1 Details of experimental settings and

hyperparameters
BIERS Ubuntu 20.04
TREE 2 2] HESR PyTorch2.2.2
BT Python3.10
CPU Intel i7-7900X CPU
GPU NVIDIA TITAN V
BT NAT 64 GB
ERIES 0.01~0.000 1
EHg R 640 x 640142
Ak & SGD
AL F AN 32
REATLFDT 42
&1 0.000 5
YIREEI 300
HAb 24 LN

3.2 RIEHIREE

AT T IR K 5 RDD2022 , 2% 554 48 i
TEEE RECHE AR 248 0 8 1k~ F0 8RR 1) T ff 450 0 A
TP HRBE A A, B Tk A AN [) ] 22 ) g 45 43
GRELEFRTE . N T RIERCR AR Tk A
Hh XA PSR, 15 i T AL 42 3 B A5 Sk 4R
FESEI, AR T 2R IE PR B - I 1) 2E4% (DOO) A [6]
2445 (D10) . MR 2445 (D20) (BT (D40) A %
Horb B 52 2 18 i T RE b Re g 18 52 AT 460 473 i ik
I N T 4e VR s BT AR, BAT 4 1 U0
FROEAN TR S0 AR SO B 647 1R 6 A 0 246, d
AR 5D Y A TE B3 OR B RN 1 7 )
HRAR A SR R e R 2 vh o . B 4R
B RE B oA E 8 fivzs , I T LAgE— 20 B W Y 3
FEASO EARAI IR NS | 1 08 L ) P B
3.3 NERR

H T SR ARG I 45 2R, S T T
ifi & (precision, P) . A3 [1] % (recall, R) . mAP@0. 5,
mAP@0. 5:0. 95 .F1-Score & I 38 3 (Wi/s ) FITF 1128
. (floating point operations, FLOPs) iX 7 25 P/ $§
B X BB PR BE EA T B WLVTA

TIPS R o 2 24 8 48 s 2 T A AR A AG T
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Table 2 Categories and classification of datasets

HFK FEB R YIZREREE R R
R D00 3686 416
) 2R 5% D10 2106 251
PR eE D20 851 82
Bl D40 289 32
(2N / 945 100

T R BANX TG A AR AR I repairbRic .

() KI5 (b) B
(o) fEHHR L (&) bl (©) WLk

BT B S A ) B P 15 191

Fig. 7 Examples of different defect images in the dataset

((a) transverse cracks; (b) longitudinal cracks;

(¢) repair areas (d) pits; (e) reticular cracks)

J& GENLREST T2 AV RE A BIACR T I A 2R G R
L, ORI AL 45 R 10 % W5 S

0.0

0.4 0.8

3.4 XtbbXim

W3 IR AR FE 42 H 1Y MSANet BB 75 15 [#
PG INAT 55 rp R B S S 3 . FE R B AR A
RIS A, MSANet LA 0. 877 9 mAP@O. 5 F10. 845
[ 25 4 1k fiE (Recall: 0. 811, Precision: 0. 883, F1-
Score: 0. 845) itk = i 52 8 (YOLOv8s % 0. 824 \RT-
DETR 4 0. 801) , H: mAP@O. 5: 0. 95 $8& Hy %50 J 1 A5
LT 4. 8%, [ mAP@O. 577 4= T B8 Bl i A B4 it , 2
B R PR A v e T oA ) S R T . AR T
BT Y YOLOv13s #5% 5 , MSANet 7E mAP@0. 5, mAP@
0.5:0.95 Fl F1-Score |43 5 HUAT T 3. 4%, 5. 5% Fl
2. 1% By 2 PL 3 ik T 22 [ B s i) JB i 5 40 o 44
SR DO £ B R AR T TR ARG

W3R 4 Fir 7, 78 4% 5 18 BEAS05 K60 I 9 2480 4 2 AT
%5 ™, MSANet i#f — 2K 8L T 37 5 H bral by M .
mAP@O. 5 Tt T 4. 15% £ 0. 878, mAP@0. 5: 0. 95
2TF T 3. 18% & 0. 649, F1-Score $2 J T 2. 69% %=
0. 840 ; ZLEE KM (GLF5 I ) 2455 A 1) 244 AR
4% ) : mAP@O. 5 4 F+ T 2. 70%), F1-Score £ F+ T
2. 22%; Bl £ U (D40) : mAP@O. 5 #2 7+ T 7. 13%,
F1-Score &£ T+ T 7. 78%. [l BERIEHE T 142 /s
PR R AR T IR AU R 6% (A B, G
FAT SR £8 RT-DETR , 784316 J& 52 b T A2 %)
SRR R I U K

o B8 Pl W AR B T G JE R R A, n
9 s o AR SCRSEARY Jie B o 5 1) [ A X3 2

1.0

0.8

0.6

K8 i rh HARFREE AL B A 5 K S Lo A

Fig. 8 Distribution of target label positions and aspect ratios in the dataset
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®3 AREBENEEZ/ER

Table 3 Comparative experimental results of different models

ik p R mAP@0.5 mAP@0.5:0.95 F1-Score

FLOPs/G i3 & (i/s )

Faster R-CNN(Ren %,2017) 0.701 0.783  0.732 0.453 0.740 940.7 11
YOLOv5s(Khanam Fll Hussain, 2024a) 0.867 0.800  0.860 0.603 0.832 24.1 307
YOLOv6s(Li %5,2022) 0.862 0.760  0.823 0.561 0.808 44.2 278
YOLOv8s(Swathi £l Challa,2024) 0.835 0.813  0.861 0.599 0.824 28.4 273
YOLOv8-Ghost(Han % ,2020) 0.848 0.803  0.855 0.600 0.825 16.3 341
YOLOv8-RTDETR 0.823 0.743  0.790 0.489 0.781 32.4 77
YOLOv9s(Wang % ,2024b) 0.841 0.770  0.843 0.578 0.804 27.4 188
YOLOv10s(Wang % ,2024a) 0.872 0.752  0.845 0.602 0.807 24.8 158
YOLOv11s(Khanam Fll Hussain, 2024b) 0.870 0.795  0.861 0.601 0.830 21.7 151
YOLOv11s-RTDETR 0.742 0.747  0.770 0.488 0.744 30.4 134
YOLOv12s(Tian%,2025) 0.846 0.823  0.857 0.603 0.834 21.2 122
YOLOv13s(Lei %5,2025) 0.875 0.787  0.848 0.597 0.828 21.3 113
RT-DETR(Zhao % ,2024) 0.830 0.773  0.816 0.531 0.801 108.0 45
D-FINE(Peng%,2025) 0.834 0.782  0.844 0.599 0.807 72.6 71
MSANet (430) 0.883 0.811  0.877 0.630 0.845 32.0 142
AT TE /% +1.9 +4.8 +1.8
T IR R R Z A8 AR T RS 0 S A B A T R4k YOLOV L 1s B3R! AR X A 43 LE o
F4 BHNEEEITEIRER
Table 4 Comparative experimental results on fine-grained tasks
mAP@0.5 mAP@0.5:0.95 F1-Score

=hial

o SRESEE SUR R ST HSSE SR B 0 HEEX SR g
R 0.843 0.853 0.827 0.850 0.629 0.578 0521 0595 0.818 0.811 0810 0.845
MSANet(A3)  0.878 0.876  0.886  0.873 0.649 0.601 0.547 0.610 0.840 0.829 0.873 0.862
FEXHEF /% +4.15  +2.70  +7.13 4271 +3.18  +3.98  +4.99  +2.52  +2.69 +2.22  +7.78  +2.01

E L TR R R AR SO R TR 2R YOLOV 1 1s BRI S A 43 L o

JE T S M 5 0 OC DX O S s e il kT H
B 078 55 SO 53K . SERR A5 R, MSANet 38 1 4%
E Rl A AL 5 7 2 T W IRl Ak , 6 38 B3 A I rh
ST ORG BE 5 TR () PA

DL b 25 AR [EBGAIE T MSANet S BU4AT Y [ S
JHURNZIE 5 3 S B DR T FEAD O RMDR B ) S e M
3.5 HELEIG

R I T SR AR A R S B B ol X TR
G E 1 (MCA) L ROE FEAE AL & (CFC) M
C3K2_CACHEIHRIEAT T R G EIH AL . SCgh o R

N5 iR o MCAREHRTE R i 25 14 I+ 58 WA (19 i
PR AT TEAMERE . BARTE mAP@O. S5 FR
A TR R (T R A A D RS BE B mAP@
0.5:0.95 8 hr Lok T 2.2% B i F T+, £ W
MCA % He 55 i) 55 7 14 5 B 7F & 22 JF Lk
(intersection-over-union, loU) & {5 £ F T B4 A6 M fE
1o CFCAHR o8 fil A 321 90 26 AR ] B B 41K 23 40
W5 B 5 5218 SURRIE, Ry I 45 SR AR AL T 1 R
ETFER HGI AL ATE mAP@O. 5 Fl mAP@
0.5:0.95 4 BB T 0. 5% F12. 3% My ka e 4271 .
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(30

Ko ARSI P g

Fig. 9 Heatmap comparison of different models

x5 BRHMIIEER
Table S Ablation study results of different modules

MCA CFC C3K2_CAC mAP@0.5 mAP@0.5:0.95 F1-Score FLOPS/G
- - - 0.861 0.601 0.830 213
N - - 0.858 0.614 0.831 22.6
- N - 0.865 0.615 0.835 226
- - N 0.867 0.608 0.832 29.4
J N - 0.873 0.617 0.837 30.4
N - N 0.857 0.601 0.829 283
- N N 0.875 0.614 0.841 34.8
N N N 0.877 0.630 0.845 314

L IR R A S e R S N R B T e, = R AR

C3K2_CACHEIH G| A—@E BRI A, 2t —2 eS8l — PR Ft . F1-Score 1 mAP@O. 5 435l K
B8R T Neck ¥ tHARFIE 28 [HUEBARE 7, A S48 R4S T 1. 3% Ml 1. 6%, FERL L RBHS sk 5
BET BB A S AR . B CFC 5 C3K2_CAC AU RUE RO 3R A5 E Sl T 24 71 mAP@
BEE G, A T 3 I PMRIZON , BRI 2R A 0.5:0.9542 T} T 4. 8%, F1-Score &I+ T 1. 8%, 314
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F 142 Wit/s B HERE T
3.6 BEEENIE(MCA)ERIRE
RIRE 2 WG [ F ST (MaSA) 5 A8 bRE )
(CA) AR A T AT RGE A T T G
Gl 4 (MaSA connect CA by GBC, MGC) . 5 47 & 4
(MaSA to CA,MTC;CA to MaSA, CTM) K kL H i &
(MaSA connect CA by weight, MWC) 3 Fi 5 & , EL&
W28 25 R 10 e o e, TS R G 2 1
TR BT AN 73 SO AT AL & 5 SR AT i 42
SN MaSA BEHAE S CA BRI Y iy A S0k CA BEHR A
Sk MaSA B HR ()50 A 5 ACEE 34 2 S 15 I AN R )
AN S AT A il A

MaSA Filh
:|—> WEEL ST P> i
CA fFith A

I J#EAE
=R YILiN

(@) MGC

| CA HiH |—>| DWCony |—>| MaSA HiH H Liof] |
(b) CTM

| Masa g [ Dweonv | cagis o s |
(¢) MTC

MaSA sk “a

» DWConv > i

)

CA Fitk

(d) MWC
10 AS[R) A SR e D) 24 25 4 1]

Fig. 10 Network structure diagrams of different fusion

strategies ((a) MGC; (b) CTM; (¢) MTC; (d) MWC)

SEBG AT F I : MaSA BB 3222 AR TR RRE
Bl rh ) R Al 5 SOBARAE RAE R 7 5 CA BEHR U A
AR B s 2 R A5 25 7 LR SCREE ,
BT FIRTE TR AR RE . A8 X H B Rl
BT MBS SRS B TR RE . SEIR A
BAnF26 R, Hrr, CTM W44 456 BUS By 25 4 7,
A3 BT L PR AT BB R R R R I AL IR T 4 e B
{5 B o 3 A0 O # A A, S MWC AL E o =
0. 6 I AU RE IR B fe ff o AR T ILERIAY 1%l
B ETE mAP@O. 5 Hl mAP@O. 5:0. 951545 [ 435
BT T 1.9% Hl4. 2%, 2 B MaSA 24035 15 B

5 CA WA RESE DS T ARG . 3R P [H]
YER R TE TR R 255 3R AERE T, 3K 3l 1 A6 Nl
PERERY ST E AL o

3.7 BRESMERME (CFC)RRIE LR

i R B RUBE R AIE Rl (CFC) B e it g 4%
HEZR T (0 e 0 TR % SRS, 2R 0 P Ml ) LR 38 6 1 K
Bt EAT TR, SCI A R INR T s . SL5G
SERFRW], CFC I FR AL B X0 BRI RE OFS BE 45
PR IS H 7 A S . TERRIE SR B, ¥
JRRHIE (B,) 73 #8500 JRSZ PR/, ATl AR s
)20 5 TP R R (B) e — 7 25 ) 73 B 5 X
PEZER(E B s TRIZRHIE (B) WIAR 8 K I8 32 BT 4 A 4
Jry v S, AH X AR/ NSO B i 7 55 o 3 e 25 A
BT IT A SRS B, e 245 T CRC AR 1 B
MBI EN 1225152, Zh BAEBMALT FF
AR B RAL B R e ik 1 85 )2 908 SR B
AR .

3.8 REBHEESZUMELE

h T SRR AR R ()2 Ak P RE 5 R R FR 2 1 S
P AEZ A TFIE A RO S A T 1 B e AR S
RS AT R B ATz A S

RDD2022 4= BRECHE 4 2 th TEEE JOEE AR % A
() Z DA AR b A B 8 B, TR 25 Z AP
o AU RDD2022 4> Bk #5040 4 1E 47 3 U 5
e DR B T A A e 24 N 1m) BLLE IR RLBE AT
) 4 Rk B 20 B9 249 30 000 i S, I 78 A S
e FEAT N RN HERE . A SCRORNTE R S rh 5
b 5 AR 38 1T B AR ARSI X 2 R AT X0 L S . g A
N8 iR .

W I T SR 5 A AR £S04 4 (China road dam-
age detection, CNRDD ) & B+ [#] 5% N G303 % B >k
AR TE AR EE o R AR B Y B0 [ 45 v A 4
R RIS A AT T B A A A 0 B BBk A
PEo AR SO BHEFEA TR ATEUE , (R T 288% 9h1n)
PEE 0] BL5E SIS AVE AN, JFAEASCRY M 2% v ik
FANRAAERE . SCREE RANEK IR

UAV-PDD2023 (pavement
based on uav images ) £ 4/ £ & HH JC AALLE 30 m /= B
TABE, & Bl ) R4 D) R4 IR RL4E R RLLE
152 XM | i Rt 2 vh ]SE 20 2 592 x 1 944
BRI EMRE N ASCHE R 4 h 5 HoAbsm 1Y B
PR 28 JEAT 500, SEER S R UNEK 10 R .

distress  detection
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Table 6 Ablation study of the MCA module

T & mAP@0.5 mAP@0.5:0.95 F1-Score FLOPs/G
CA — 0.871 0.611 0.835 23.2
MaSA — 0.869 0.622 0.840 22.4
MGC — 0.866 0.605 0.838 222
MTC — 0.867 0.623 0.828 22.6
CTM — 0.858 0.614 0.830 22.6
0.4 0.866 0.616 0.839 22.6
0.5 0.869 0.616 0.837 22.6
CWM 0.55 0.867 0.613 0.835 22.6
0.6 0.877 0.626 0.853 22.6
0.7 0.859 0.610 0.825 22.6

TE IR SRR & A e 2 R = R oA B
®7 CFCHEBUHRSLIEER
Table 7 Ablation study results of the CFC module
12)2 15)2 18)2 mAP@0.5 mAP@0.5:0.95 F1-Score FLOPs/G

N 0.867 0.604 0.833 24.9

N 0.865 0.611 0.820 255

N 0.851 0.598 0.836 23.8

N N 0.865 0.615 0.825 22.4

N 0.862 0.606 0.838 28.0

N N 0.879 0.612 0.841 27.1

N N N 0.859 0.611 0.829 32.1

U L F TR A B A e N F R T i

%8 RDD2022&TkEIRELIWER
Table 8 Experimental results of the RDD2022 global

dataset
" mAP@

TEEAY mAP@0.5 5.0.95 F1-Score
YOLOvS5s 0.799 0.571 0.772
YOLOv8s 0.801 0.572 0.791
YOLOv11s 0.812 0.582 0.806
MSANet(430) 0.835 0.601 0.819
AHXT T 21% +2.83 +3.26 +1.61

TE PR RS R A SO T HEZE YOLOV 1 1s YA X 2 T
[EE

UAPD (UAV-based asphalt pavement distress)
(Zhu 55, 2022) K i 46 th TEAMLRAE , 4155 6 230 i

&9 CNRDDHIEELWLHER
Table 9 Experimental results of the CNRDD dataset

- mAP@

TEEAY mAP@O5S 0,95 F1-Score
YOLOvSs 0.280 0.124 0.536
YOLOvSs 0.281 0.126 0.325
YOLOvl1s 0.287 0.125 0.350
MSANet(Z<30) 0.298 0.133 0.363
AHXTHR T 3/% +3.83 +6.40 +3.71

T MR PRGN AR SOOI T 4648 YOLOv L Ls AYAH X R T
Hartt.

o B A G RAE IR RSE RIRSE B R

XA, H 3 10018 512 x 51244 2 14 S 41 1%
ARSCAE B A vh 5 A 3 ) E RS I R0 28 1 17 52
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%10 UAV-PDD2023HiRELR LR
Table 10 Experimental results of the UAV-PDD2023

dataset
A mAP@0.5 Or_r;j?gfs F1-Score
YOLOvS5s 0.918 0.657 0.886
YOLOvSs 0.924 0.671 0.899
YOLOv11s 0.940 0.746 0.920
MSANet(4<30) 0.965 0.807 0.953
FHXTR T /% +2.66 +8.18 +3.59
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Table 11 Experimental results of the UAPD dataset

T mAP@0.5 O‘;%gf s Flscore
YOLOvS5s 0.247 0.179 0.290
YOLOvSs 0.251 0.182 0.268
YOLOv11s 0.258 0.176 0.260
MSANet(A<30) 0.265 0.194 0.267
AHXHRTH /% +2.71 +10.23 +2.69
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[ER
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Table 12 Generalization experiments on the Crack-seg dataset

Box Mask
3 3l

mAP@0.5 mAP@0.5:0.95 F1-Score mAP@0.5 mAP@0.5:0.95 F1-Score
YOLOvI1s 0.832 0.649 0.805 0.650 0.199 0.717
S @iRS 0.833 0.663 0.809 0.659 0.202 0.720
AHXS T /% +0.12 +2.16 +0.50 +1.38 +1.51 +0.42
T A E RN A SRS T 2k YOLOv L s I AR T E 43 L o
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Fig. 11 Detection results on the self-collected dataset
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