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Multi-Stage spatial-aware network for road damage detection
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Abstract: Objective Road damage detection constitutes a fundamental component of intelligent maintenance and manage-
ment of transportation infrastructure. With the continuous modernization of global transportation systems and the rapid
expansion of road networks, pavements inevitably undergo deterioration due to a variety of external and internal factors.
Traditional inspection methods, such as manual surveys and existing automated approaches, still face considerable chal-
lenges in terms of scalability, efficiency, and accuracy, thereby limiting their applicability to large-scale deployments.
Consequently, there is an urgent need to develop a high-performance, accurate, and robust road damage detection and
maintenance framework. In practical detection scenarios, road surface damages are often characterized by elongated geo-

metrical structures with high aspect ratios, low texture, low contrast, and significant heterogeneity. These attributes pose
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fundamental obstacles for existing algorithms, which largely focus on local texture or semantic information extraction while
overlooking the intrinsic physical properties of road damages. Specifically, such models fail to capture the directional fea-
ture coupling inherent in the continuous spatial distribution of cracks and the attenuation of edge information in blurred pot-
holes. The lack of direction-aware features and ambiguous positional information weakens the ability to model long-range
dependencies and reduces responsiveness to blurred-edge targets. Furthermore, the hierarchical convolution and downsam-
pling operations inherent in convolutional neural networks (CNNs) cause progressive degradation of cross-scale features,
leading to the loss of critical detail information in high-resolution shallow feature maps. Method To address these limita-
tions, this study proposes a novel Multi-stage Spatial-Aware detection network (MSANet) , which is designed on top of the
YOLOv11 framework. The methodological design of MSANet follows a progressive principle of feature enhancement—fusion—
optimization, tailored specifically to the physical characteristics of elongated cracks and blurred-edge potholes in road sur-
faces. In the direction-sensitive feature enhancement stage, a hybrid Manhattan self-attention and Coordinate Attention
(MCA) mechanism-is introduced. This mechanism incorporates Manhattan self-attention to model the spatial continuity of
crack axes, while simultaneously leveraging coordinate attention to enhance the localization accuracy of blurred-edge
defects. Together, these complementary components establish a dual-driven feature enhancement paradigm, reinforcing
both directionality and detail representation, and enabling the model to capture long-range spatial dependencies with
improved precision. In order to mitigate feature degradation caused by multiple downsampling operations, a cross-scale fea-
ture concat (CFC) module is integrated into the network’s neck. By cascading feature maps across different resolutions,
the CFC module effectively balances semantic completeness at larger scales with detail richness at smaller scales, thereby
compensating for the loss of fine-grained information. Finally, within the detection head, a coordinate-aware convolution
kernel (C3K2_CAC) is embedded in the C3K2 block. This design jointly optimizes spatial position and channel response
through direction-aware spatial attention and dynamic channel reweighting, resulting in anisotropic representation enhance-
ment in high-dimensional feature spaces. While maintaining computational efficiency, this module significantly improves
edge clarity, detection robustness, and global feature discrimination capability. During training, a standardized experimen-
tal platform was established using Ubuntu 20. 04 with PyTorch as the deep learning framework. The YOLOv11s network
served as the baseline model for comparative and ablation studies. Across all experiments, consistent hyperparameters
were applied: a batch size of 32, an initial learning rate decayed from 0. 01 to 0. 0001, image resolution fixed at 640x640,
stochastic gradient descent (SGD) as the optimizer, and a training schedule of 300 epochs. Other parameters were main-
tained at their default network configurations to ensure fairness and reproducibility. Result Experiments were conducted on
the publicly available RDD2022 Chinese subset, which includes multiple road damage categories: longitudinal cracks
(D10), transverse cracks (D10), alligator cracks (D20), potholes (D40), and repaired regions. Model performance was
objectively evaluated using seven standard metrics: precision (P), recall (R), mAP@0. 5, mAP@0. 5:0. 95, Fl-score,
frames per second (FPS), and GFLOPs. Results demonstrate that the proposed MSANet model significantly outperforms
existing state-of-the-art detectors. Compared with mainstream models, MSANet achieves an mAP@0. 5 of 0. 877 and a com-
prehensive performance score of 0. 845 (Recall: 0.811, Precision: 0.883, F1-Score: 0.845) , surpassing YOLOv8s
(0.824) and RT-DETR (0. 801). Its mAP@0. 5:0. 95 is improved by 4. 9% over the baseline, confirming the robustness
of the design. In fine-grained damage detection tasks, MSANet further demonstrates adaptability, achieving a 4. 15%
improvement in mAP@Q. 5 (t0 0. 878), a 3. 18% increase in mAP@0. 5:0. 95 (10 0. 649), and a 5. 36% gain in Fl-score
(to 0. 629). Importantly, the model sustains a high inference speed of 142 FPS, with only a 6% reduction compared to the
baseline, significantly outperforming real-time detectors such as RT-DETR. This balance of accuracy and efficiency
ensures practical applicability in real-world engineering contexts, where both rapid decision-making and reliable predic-
tions are essential. Ablation studies further validate the contributions of the proposed modules.. The MCA module enhances
model performance without incurring significant computational overhead. The CFC module effectively fuses low-level
detailed features and high-level semantic features across network stages, introducing cross-scale contextual information that
yields stable improvements of 0. 5% in mAP@0. 5 and 2. 3% in mAP@0. 5:0. 95. The C3K2_CAC module, while introduc-
ing a modest increase in computational cost, enhances the spatial awareness of features output from the neck, thereby sup-

plying the detection head with more discriminative representations. Visualizations of detection heatmaps further confirm
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that MSANet provides improved target region focus, stronger suppression of background noise and irrelevant activations,
and more complete coverage of damage regions. To assess generalization and deployment potential , experiments were also
conducted on additional public datasets and field-captured road images, where MSANet achieved consistently promising
results, demonstrating strong robustness and scalability across diverse environments. Conclusion Efficient and accurate
road damage detection technologies are of critical importance for the intelligent maintenance of transportation infrastruc-
ture. By synergistically combining spatial awareness enhancement with detail preservation, the proposed MSANet frame-
work addresses long-standing challenges of direction modeling and fine-grained feature retention. The model achieves sub-
stantial improvements in detection accuracy while preserving real-time inference capability, offering both theoretical inno-
vation and engineering practicality. MSANet thus represents a promising solution for advancing intelligent road infrastruc-
ture management, and it provides valuable insights into the design of next-generation detection frameworks that aim to bal-
ance efficiency, accuracy, and scalability. With its strong adaptability to both controlled datasets and real-world imagery,
MSANet establishes a foundation for future integration into large-scale intelligent transportation systems and smart city
applications. The code for the paper will be available athttps : //www. scidb. ¢n/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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Figure 4 Comparison of different feature fusion network structures
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Fig5 Structure diagram of the cross-scale Feature fusion (CFC) module
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Figure 6 Spatial Enhancement Module Structure Diagram (C3K2_CAC)
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Table 1 Details of Experimental Settings and Hyperpa-

rameters

BIERS Ubuntu 20.04
TR 2 HESR Pytorch2.2.2
PR T Python3.10
CPU i7-7900X CPU
GPU NVIDIA TITAN V
BTN 64GB
)R 0.01-0.0001
EEEINGI ) 640x640
etk e SGD
HEARBE RN 32
Uik 42
AL S, 0.0005
ULIE7 R el 300
HAbH 25 LN/

®2 HIEEXMNSH

Table 2 Categories and Classification of Datasets

EL 0N FERFHAES YRRt i

NS D00 3686 416
EC S D10 2106 251
RN D20 851 82
YLl D40 289 32
AN X I / 945 100
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Figure 7 Examples of different defect images in the dataset
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Fig 8 Distribution of target label positions and aspect ratios
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Table 3 Comparative experimental results of different models

mAP mAP

Method p R @05 @0.5:0.95 F1_Score  GFLOPs(G)  FPS
Faster R-CNN(Ren %5 ,2016) 0.701  0.783 0.732 0.453 0.740 940.7 11
YOLOv5s(Khanam %5 ,2024) 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 0.808 442 278
YOLOv8s(Swathi % ,2024) 0.835  0.813 0.861 0.599 0.824 28.4 273
YOLOv8-Ghost(Han %5, 2020) 0.848  0.803 0.855 0.600 0.825 163 341
YOLOv8-RTDETR 0.823  0.743 0.790 0.489 0.781 324 77
YOLOv9s(Wang %5, 2024) 0.841  0.770 0.843 0.578 0.804 27.4 188
YOLOv10s(Wang %5 ,2024) 0.872  0.752 0.845 0.602 0.807 24.8 158
YOLOv11s(Khanam 4§ ,2024) 0.870  0.795 0.861 0.601 0.830 21.7 151
YOLOv11s-RTDETR 0742 0.747 0.770 0.488 0.744 30.4 134
YOLOv12s(Tian 4 ,2025) 0.846  0.823 0.857 0.603 0.834 21.2 122
YOLOv13s(Lei %%,2025) 0.875  0.787 0.848 0.597 0.828 213 113
RT-DETR(Zhao %5 ,2024) 0.830  0.773 0.816 0.531 0.801 108.0 45
D-FINE(Peng %5 ,2024) 0.834  0.782 0.844 0.599 0.807 726 71
MSANet (4= SCHEAY) 0.883  0.811 (ff;;) (:)f;;) (ff:; ) 32.0 142
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Table 4 Comparative experimental results on fine—grained tasks

" 23] e s . ,
o e L] sk Hii 4
TE*/]?
mAP@0.5 0.843 0.853 0.827 0.850
AP
Wi m 62 . 521 .
LA @0.5:0.95 0.629 0.578 0.5 0.595
F1-Score 0.597 0.554 0.501 0.735
mAP@0.5 0.878(+4.15%)  0.876(+2.70%)  0.886(+7.13%)  0.873(+2.71%)
MSANet mAP
N &).5:0.95 0.649(+3.18%)  0.601(+4.01%)  0.547(+4.99%)  0.610(+2.52%)
F1-Score 0.629(+5.36%)  0.587(+5.96%) = 0.543(+8.38%)  0.758(+3.13%)
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Table 5 Ablation study results of different modules

K2 map MY gy

MCA  CFC "o oo @ng; qoon. GFLOPs
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Figure 9  Network structure diagrams of different fusion strate-

gies
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Figure 8 Heatmap comparison of different model
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Table 6 Ablation study of the MCA module Table 7 Ablation study results of the CFC module
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Table 8 Experimental Results of the RDD2022 global

dataset
FEETR mAP@0.5 mAP@0.5:0.95 Fl1-Score
YOLOv5s 0.799 0.571 0.772
YOLOv8s 0.801 0.572 0.791
YOLOv11s 0.812 0.582 0.806
0.835 0.601 0.819
MSANet(Ours) (+2.83%) (+326%)  (+1.61%)

TE PR IR R A SO T AEZE YOLOVI s YT

&9 CNRDDHEELWLR
Table 9 Experimental Results of the CNRDD dataset

AP@

57 @0. " -

i mAP@0.5 0.5-0.95 F1-Score
YOLOvSs 0.28 0.124 0.536
YOLOvSs 0.281 0.126 0325
YOLOv11s 0.287 0.125 0.350

0.298 0.133 0.363
MSANet(0
et(Ours) (+3.83%)  (+6.40%)  (+3.71%)

TE PR R SR A SO T2k YOLOVT s Y3 T
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Table 10 Experimental Results of the UAV-PDD2023

dataset
FRET mAP@0.5. " mAP@0.5:0.95 F1-Score
YOLOv5s 0.918 0.657 0.886
YOLOv8s 0.924 0.671 0.899
YOLOv11s 0.94 0.746 0.920
0.965 0.807 0.953
MISANe(Ours) ) c6op)  (+8.18%) (+3.59%)

LR R AR SO R4 T 3648 YOLOv 1s i FF.

F11 UAPDEIREXWLER
Table 11 Experimental Results of the UAPD dataset

x| mAP@0.5 mAP@0.5:0.95 S]Z});e
YOLOvSs 0.247 0.179 0.290
YOLOVSs 0.251 0.182 0.268
YOLOvI1s 0.258 0.176 0.260

0.265 0.194 0.267
MISANetOurs) o 7196y (+10.23%) (+2.69%)

T I AR R AR SO 35 T 348 YOLOv 1 1s A $ETE

it HCHE Tl AHHL MER-132-43U3C, SR 4E B4 K /)N
h1292x964 . 7F 2m & BE HEAT R FARI 1. Sm S B S
Hiu T 2 45-60° 47145 , LASEAPL 4240 R 45 A E A LR 4
ROR . B R DLPEAG B (v e L IR,
MSANet #5570 75 52 b 8 [ A6 0 28 B LAY 72 1k
RE Sy ARG B . FRATT AR 2 R A 45 1 Tl
AR AR, SR [R]DG IR SO 2435 50 H IS
Po e U4 THERAG I , 15 RO B bR, AR SCRERI 7
X H AR O 5 B8 A AR h R B . B
X FARKT L BE H AR KR AFAE T A 5 15846 1) S )
LA I 25 5 an ] 10 R .

4 4 &

1 A0SR VA P T SRR 4B 407 6 00 2 A X A5 S i i A
Woitiis 4 HA B . AR SCHEH MSANet—3i&
T YOLOv11 1) Z AL IE B 545 I HESE | 38 3 By
[Fi] 235 [ 201 i Ak -5 400 70 AR 1 184 5 AL 1) 28 1 A O
i FEATHEH AT s, MCA REER S B0 [6] J8R 41 5 J=)
TS 200 4 i 1) U A A 5 B R RRAE Fil B AR R CFC
P AR X PR AR AR R0 S i D A H bR R AR
A8 ; C3K2_CAC LR iy s [l 475 B ik SRS, DA
R AN [ B B e [ R [ s s ] B 55 40 1 0
A& 13 [5] () MSANet M 26 4244 , 7£ RDD2022_China 4%
e S 87. 7% B mAP@O. 5 K5, mAP@O. 5
0. 95 MAE TR TE T 4. 9%, [RI % 142FPS 52
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%+ 12 7ECrack—seg #iE&E iz L3218

Table 12 Generalization experiments on the Crack—seg dataset

Box mAP Box mAP Mask mAP Mask mAP
=Rl — _
e @0.5 @0.5:0.95 Kox§1-Score @0.5 @0.5:0.95 Mask FlxScore
YOLOv11s 0.832 0.649 0.805 0.650 0.199 0717
P 0.833 0.663 0.809 0.659 0.202 0.720
(+0.17%) (+2.16%) (+0.49%) (+1.38%) (+1.49%) (+0.42%)

TE PR TR R AR SO T2k YOLOV T s B9 T

YOLOV8s YOLOvlls

JR A

YOLOV5s

EI10 B U HaE Ao i 25 1

Figure 10 Detection results on the self-collected dataset
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