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Detecting road surface defects in complex environments remains challenging due to and data scarcity and
insufficient detail perception. In this paper, a stable diffusion and fractal texture hybrid data enhancement al-
gorithm (DFH-Enhancement) is proposed to generate images of harsh environments that retain key semantic
information for model training. An enhanced multi-scale graph neural network (MSKA-GNN) is also proposed for
few-shot scenarios. This model converts images into graph data containing multi-scale information through

graph neural network (CNN) and superpixel region aggregation, employs kolmogorov—arnold network (KAN) in
place of multi-layer perceptron (MLP) to enhance the non-linear fitting capability of graph convolution, and
combines multi-scale feature fusion (MSFF) and dual attention mechanism (DAM) to optimise feature extraction.
Our experiments on two public datasets show that MSKA-GNN performs better than seven existing state-of-the-
art models, achieving an accuracy of 81.1%.

1. Introduction

Autonomous driving technology is shifting vehicle suspension sys-
tems from passive response to fully active control, adjusting damping in
real time based on road surface detection to improve ride comfort and
stability [1-4]. The effectiveness of the fully active suspension system
critically depends on the accurate detection of road surface defects (such
as cracks and potholes) [5]. Thus, research into road defect detection
methods holds significant value for the vehicle suspension systems [6].

Early defect detection technologies mainly rely on physical sensors
such as lidar to construct 3D point cloud models of the road surface
[7,8]. Although LiDAR is effective at capturing geometric variations, it
struggles to detect subtle textural defects. Additionally, harsh weather,
such as rain, snow and fog, can cause significant degradation of the point
cloud due to laser scattering [9,10]. Making it difficult for physical
sensors to meet the high-precision requirements of fully active suspen-
sion systems in all weather conditions.

In recent years, vision-based deep learning has become the main-
stream solution for defect detection [11]. Relevant detection models can
be divided into three main types: convolutional neural networks (CNNs),
graph neural networks (GNNs) and Vision Transformers (ViTs) [12].
CNNs extract features from images through convolution and pooling,
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this process inevitably results in the loss of spatial detail, resulting in
inadequate recognition capabilities for subtle defects such as fine cracks
[13]. Although Li et al. proposed CarNet by incorporating an upsam-
pling feature pyramid and Chen et al. developed the Multi-scale Mobile
Attention Network (MANet) with a hybrid attention mechanism, both
methods improved the detection accuracy of crack and other defect
types to some extent. However, neither fundamentally addresses the loss
of fine-grained details and topological information. [14,15].

Graph neural networks (GNNs) convert images into graph data
consisting of nodes and edges, enabling better alignment with the
morphology of defects such as cracks [16]. Recent studies have
demonstrated that effective graph construction and graph representa-
tion learning are crucial for improving feature discrimination in graph-
based image analysis. For example, progressive graph contrastive clus-
tering and lightweight self-supervised graph contrastive learning have
significantly enhanced the robustness of graph representations by opti-
mising graph topology and exploiting contrastive learning strategies
[17,18]. In addition, adaptive multi-receptive field graph aggregation
and graph convolution-based feature extraction have further improved
the capability of GNNs to capture multi-scale spatial relationships and
discriminative features, providing valuable insights for graph-based
image understanding [19,20]. The ability of neural networks to
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Fig. 1. Overview of the End-to-end small-sample defect recognition framework. Using diffusion models to augment sparse data, and constructing a multi-scale graph

input MSKA-GNN to achieve classification of pavement defects in complex environments.

extract information from graph data is also a key factor in determining
the performance. For example, Ma et al. introduced an attention
mechanism in the spatial dimension and a Transformer in the temporal
dimension, thereby improving the model's stability [21]. But these im-
provements have not resolved the problem that GNNs are unable to
adequately represent features with vastly different scales in complex
environments.

Visual Transformers (ViTs) use self-attention mechanisms to simu-
late long-range dependencies across the whole image, exhibiting
exceptional ability to capture global contextual information [22]. This
also result in the loss of local information, making the detection of
minute cracks or small potholes challenging [23]. Although researchers
have made some attempts. For example, Zhang et al. propose a hybrid
model named PoFormer, where a Transformer acts as the encoder to
capture long-range contextual dependencies, and a CNN acts as the
decoder to recover fine-grained spatial features, significantly improving
the accuracy of pothole segmentation in complex environments [24].
Wang et al. designed RCP-YOLO, which combines CNNs and Trans-
formers while introducing a feature pyramid and an aggregated multi-
coordinate attention mechanism, improving the model's ability to
localise defects [25]. These also result in extremely high computational
costs.

Beyond architectural limitations, models trained under ideal condi-
tions may experience a decline in performance when deployed in
adverse environments. Recent studies have demonstrated that advanced
visual preprocessing techniques can improve the robustness of down-
stream vision tasks by preserving structural information and enhancing
feature representations. Cong et al. proposed a deep homography-based
image stitching framework that combines multi-scale feature extraction
with attention mechanisms to improve small-object preservation, while
Qin et al. further developed efficient unsupervised image stitching
frameworks based on deep homography estimation and feature fre-
quency awareness to improve image alignment and structural consis-
tency [26-28]. However, these approaches primarily focus on image
alignment and enhancement rather than addressing the scarcity of

adverse-weather training data. To alleviate this limitation, Qian et al.
proposed WeatherEdit, which employs a diffusion-model adapter to edit
weather backgrounds while modelling rain, snow, and fog particles
using 4D Gaussian fields to synthesise diverse weather conditions [29].
Although these methods improve either image quality or data diversity,
they still suffer from limitations such as considerable computational
overhead or an insufficient ability to generate sufficiently challenging
adverse-weather samples.

Deploying real-world road defect detection therefore requires solv-
ing two challenges: achieving a structural balance between fine detail
perception and global topological understanding, and maintaining
robust generalisation in complex environments without relying on
massive annotated datasets. The MSKA-GNN proposed in this paper,
designed specifically for road defect detection using a small number of
images, solves both the data scarcity and feature extraction limitations.
The main contributions of our work are as follows:

(1) Proposing the DFH-Enhancement, a hybrid data augmentation
strategy combining stable diffusion and fractal texture synthesis.
This approach generates visually diverse, semantically consistent
defect samples under simulated adverse weather, substantially
improving model generalisation in few-shot scenarios.
Proposing the MSKA-GNN architecture, which employs multi-
level graph construction modules to capture structural informa-
tion ranging from local edge textures to global semantics. By
embedding KAN and attention mechanisms into multi-scale
graph convolutions, it enhances the ability to extract multi-
scale information, thereby enabling the accurate recognition of
various defects in complex environments.
(3) We tested MSKA-GNN and seven other advanced models on two
publicly available datasets, extensively validating the perfor-
mance of the models.

(2
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Fig. 2. Overview of the DFH-Enhancement framework. Using Stable Diffusion with frequency domain fusion to enhance texture details, with adaptive masking

enabling differentiated enhancement of diseased areas and background.

2. Method

This study develops an end-to-end small-sample defect recognition
framework from data to features. In Section 2.1, the DFH-Enhancement
is designed, which expands road defect datasets featuring visual char-
acteristics such as rain through environmental transformation, texture
fusion, and adaptive masking stitching, while preserving key semantic
information. In Section 2.2, a multi-scale graph construction method is
designed that integrates CNN multi-level features with traditional fea-
tures, transforming the enhanced images into a multi-scale graph
structure encompassing spatial, visual, and semantic relationships. In
Section 2.3, the MSKA-GNN is constructed. This model enhances
nonlinear modelling capabilities through KAN convolutional layers,
dynamically integrating local and global features via node-level and
scale-level attention mechanisms. Achieving accurate identification and
classification of various road surface defects. The overall operating
principle is shown in Fig. 1.

2.1. Sample generation method based on DFH-enhancement

To address the challenges of sparse data and high annotation costs in
extreme environments, this paper proposes a data enhancement method
(DFH-Enhancement) based on stable diffusion and fractal texture fusion.
Through multi-level image synthesis and semantic control, this method
generates enhanced images for extreme environments while preserving
the semantic consistency of key targets. DFH-Enhancement comprises
three core components: diffusion-based image transformation, fractal
texture fusion, and adaptive mask integration. The overall workflow is
illustrated in Fig. 2.

(1) Multimodal-Guided Stable Diffusion Model Image Environment
Transformation.

To achieve visual transfer of images under extreme conditions such
as heavy rain and extreme lighting conditions, This paper employs the
pre-trained Stable Diffusion model v1.5 for image environment trans-
formation. For the input original image Iy, by constructing a multimodal
prompt P encompassing three dimensions: weather, scene, and view-
point, guiding diffusion models to generate enhanced images Ig. To
balance the intensity of changes with semantic preservation, a diffusion
intensity parameter ¢ is introduced to constrain the diffusion process.
Analysis of the diffusion intensity can be found in Section 4.1.1. The

complete mathematical expression for this process is as follows:
Last = G(Io, P, 0) (@)

To ensure enhanced semantic consistency between the augmented
images and the original images, the Contrastive Language-Image Pre-
training model (CLIP) is introduced as a semantic supervisor. The sim-
ilarity between the enhanced image I and label L is set to be no less
than 7 times the similarity between the original image I, and label L. The
sim is a cosine similarity function based on image text information and
graphical information, used to measure the semantic consistency of two
feature categories within the embedding space. Analysis of the CLIP
similarity threshold can be found in Section 4.1.1.

sim ( CLIP ( Iy ) ,CLIP (L) ) >t xsim (CLIP (I,),CLIP (L) )  (2)

(2) Frequency-domain fusion of fractal textures for simulating
extreme visual effects.

To accurately simulate special visual effects such as reflections and
texture distortions under extreme conditions, this paper introduces a
fractal texture fusion module. Images are generated based on the Man-
delbrot set. Then Gaussian blurring is applied to reduce sharpness,
perform random colour mapping to enhance naturalism, and introduce
Gaussian noise to simulate environmental interference. This process
ultimately yields the fractal image F. To achieve a refined fusion of the
fractal texture and the enhanced image, this paper will fuse the fractal
image F with the enhanced image I in the frequency domain. The fusion
process first converts the image to the YCrCb colour space, which sep-
arates the image's luminance and chrominance information into the Red-
Difference Chrominance Channel (Cr), Blue-Difference Chrominance
Channel (Cb), and Luminance Channel (Y). Subsequently, the luminance
channels Yy and Ypaqq from the Igy and F frames undergo two-
dimensional DCT transformations to yield their frequency domain rep-
resentations Dgy and Dpgqq. The frequency domain comprises low,
medium, and high frequency components. In the low and high frequency
bands, only Dy jow and Dy pign is retained to ensure image structural
stability and prevent detail loss. In the medium frequency band, Dy mia
and Dfqciaimid are proportionally blended. Analysis of the fractal fusion
ratio can be found in Section 4.1.1. Finally, the merged frequency
domain Dy,,q undergoes inverse DCT to reconstruct the merged lumi-
nance channel Yjq. This is then combined with the original Cr and Cb
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Fig. 3. Overview of the Multi-scale graph construction framework. Using ResNet50 to extract multi-scale deep features, then aggregating them into graph nodes via
superpixel aggregation to construct a multi-relational graph incorporating spatial, feature, and semantic associations.

channels, converted back to RGB colour space, yielding the final merged
fractal texture-enhanced image If4. The spatial transformations be-
tween RGB and YCrCb, along with the DCT transformation, are imple-
mented using the cv2.cvtColor(CC) and np.idct(IDCT) functions within
the OpenCV library. And the mathematical expression for this fusion
process is as follows:

Itused = CC (IDCT ( Dyifttow + & ® Deractatmia + (1 — o)
@ Daift mia + Daifehigh ) > Cr, Cb) 3)

(3) Adaptive Soft Mask-Guided Image Dynamic Stitching.

The original image and the fused image are dynamically concate-
nated using an adaptive mask M. The network responsible for mask
generation employs a lightweight encoder-decoder architecture. This
network takes as input a 6-channel tensor formed by concatenating the
original image and the fused image along the channel dimension. The
encoder extracts features via two consecutive convolutional layers,
which are then fed to the decoder via activation functions and pooling
layers. The decoder processes the features through a 32-channel con-
volutional layer, applies bilinear interpolation to restore the original
spatial resolution, and finally outputs a continuous mask using a con-
volutional layer with a sigmoid activation function. The hybrid
enhanced image is obtained as follows:

Iend = (1_M)®IO +M®Iﬁlse¢i (4)

Where © Hadama's product (element-wise
multiplication).

The training process for the mask generator uses the Adam optimiser,
with a learning rate set to 0.01, and two epochs of training for each pair
of images. The loss function {. aims to maximise CLIP-based semantic
confidence whilst minimising mask variance to encourage spatial con-

tinuity:
(= |

Where .7 cip(Ienq) represents the visual features extracted by the CLIP
image encoder. E[|| o ||, calculates the mean of the feature norm, rep-
resenting semantic confidence. Var(M) calculates the variance of the
generated mask matrix, serving as a regularisation term. 4., is a weight
hyperparameter.

represents

-(]CLIP(Iend) Hz +/1regvar(M)] (5)

2.2. Graph neural networks with multi-level feature fusion

To fully exploit the multi-level visual semantics of images and
accurately model complex inter-region relationships, this paper pro-
poses a graph structure construction method that integrates CNN multi-
level features with traditional image features. This approach encom-
passes multi-scale feature extraction, superpixel region feature aggre-
gation, and multi-relationship graph construction, with the overall
workflow illustrated in Fig. 3.

(1) Multi-scale Feature Extraction Module.

For the image I with input dimensions height (H), width (W) and
number of channels (C), a pre-trained ResNet50 model is used as the
feature extractor, extracting four key feature levels from the final con-
volutional layers (third convolutional layer) of the four residual blocks,
respectively. Layer 1 is highly sensitive to fine-grained edges and tex-
tures (such as minute cracks) and is responsible for extracting shallow-
level features that retain high spatial resolution. Layer 2 is responsible
for capturing local geometric patterns, such as pits or crack networks.
Layers 3 and 4 are responsible for extracting global structure and
contextual information, and for distinguishing between noise and de-
fects. The mathematical expression for this process is as follows:

Fi = (I )eRWWG (6

(2) Node Feature Aggregation Module.

To aggregate pixel-level features into region-level representations
with semantic integrity, this module employs Simple Linear Iterative
Clustering (SLIC) to partition the image into multiple superpixel regions.
SLIC can efficiently generate superpixel regions Ry with semantic con-
sistency. For each superpixel region Ry, perform feature aggregation at
each feature level to generate a multi-scale feature representation for
that region. Specifically, for each feature map F, statistical features
(mean, standard deviation, maximum, and minimum values) are
computed within the superpixel region Ry, forming the feature aggre-
gation function y(F;,Rx) for that region at that level. Subsequently,
v (F1, Ry) is aggregated to yield shallow, medium, and deep CNN features
respectively, along with semantic features incorporating global char-
acteristics. Concurrently, traditional features encompassing colour,
texture, and shape are extracted. Finally, the multi-level features and
traditional features are concatenated by channel to obtain the feature
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Fig. 4. Overview of the MSKA-GNN framework. Employing KANGINEConv to extract multi-scale image features, and following sparse-to-dense transformation,
feature adaptation is achieved through dual attention mechanisms at both node and scale levels.

representation of the superpixel node. In this process, the CNN's feature
vectors are fixed at 512 dimensions through uniform sampling and
padding. These are then concatenated with traditional shape and texture
descriptors to form a dense, fixed-length 1D feature vector for each
graph node. The mathematical expression for this process is as follows:

X = ftkrad @ fihallow @ fﬁ‘id @ fi]ieep @ fiemantic (7)

(3) Multi-relationship Graph Construction.

To comprehensively model spatial, visual and semantic relationships
between image regions, this module integrates spatial adjacency,
traditional feature similarity and semantic feature similarity to construct
a triple-relationship modelling framework.

First, construct the spatial adjacency matrix Ay atal — 1(||P; — pj|, <
7 ) based on the spatial positions centered on superpixels. This matrix
represents the spatial adjacency relationship between superpixel nodes i
and j, with values of 1 (adjacent) or O (non-adjacent). The decision
criterion for the indicator function II is whether the Euclidean distance
between the center coordinates P; and P; (the mean pixel coordinates
within the region) of superpixel nodes i and j is less than the spatial
adjacency threshold (15% of the image diagonal length).

s : . appearance __
Secondly, feature similarity matrices Aij =exp| —
4‘ |ﬁma ﬁgmm | ‘ : i i semantic
2 and semantic relevance matrices Aff =exp| —
H

‘|fscmmc7fsemam“2
———3 —"2 | are constructed based on traditional and semantic
Z

0

features respectively. The visual similarity matrix represents the tradi-
tional feature similarity between superpixel nodes i and j. This is
calculated by first determining the squared Euclidean distance between
the traditional feature vectors of superpixels i and j, then dividing this by
the median squared distance of all superpixel pairs' traditional features.
Finally, the result is inverted and applied to a natural exponential
function to yield a similarity value within the range 0 to 1. The semantic

correlation matrix represents the semantic feature similarity between
superpixel nodes i and j. First, the squared Euclidean distance between
the semantic feature vectors of superpixels i and j is calculated. This
value is then divided by the median squared semantic feature distance
across all superpixel pairs. Taking the negative of this quotient and
applying it to a natural exponential function yields a semantic similarity
score ranging from O to 1.

Finally, the final adjacency matrix A is obtained through weighted
averaging.

2.3. Multi-scale attention graph neural network enhanced with KAN

This section develops an enhanced graph neural network algorithm
based on KAN-enhanced graph convolutions and multi-scale fusion
(MSKA-GNN), comprising three key modules: First, designing the KAN-
enhancing graph convolutional layer (KANGINECONV) by adopting
trainable adaptive basis functions to replace fixed activation functions,
improving the model's ability to capture complex nonlinear relation-
ships within graphs; Second, building an attention-weighted multi-scale
feature fusion mechanism. This achieves comprehensive capture of hi-
erarchical information within the graph structure by stacking graph
convolutional layers of varying depths and dynamically integrating
local-to-global features via cross-scale attention. Third, introducing a
dual-level attention module. This combines node-level self-attention
with scale-level attention to optimise feature representation and fusion
strategies at both the feature dimension and network depth levels. The
overall workflow is illustrated in Fig. 4.

2.3.1. KAN-enhanced graph convolutional layer

To address the limitations of multi-layer perceptions in representing
non-linear relationships, this section proposes a graph convolutional
layer enhanced by the Kolmogorov-Arnold network (KAN) to improve
the modelling capability of graph neural networks for complex non-
linear associations.

The KAN network is based on the Kolmogorov-Arnold Representa-
tion Theorem, which states that any multivariate continuous function
can be represented as a finite combination of univariate functions. Un-
like traditional MLP networks that employ fixed activation functions,
the KAN network approximates complex functional relationships by
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learning adaptive basis functions, thereby achieving superior nonlinear
fitting capabilities [30].

KANLinear constitutes the core component of KAN, with its forward
propagation process achieved through a combination of fixed basis
function terms and adaptive spline basis function terms. The fixed basis
function is derived by multiplying the mapping of the linear layer input
vector x by the corresponding weight matrix Wp,,. The adaptive spline
basis function is the sum of K adaptive spline basis functions multiplied
by their individual weights. The mathematical expression for this pro-
cess is as follows:

K

KANLinear (X ) = ¢base (X )Wbase + Z q)spline.k (X )WSpliﬂe-k
1

k=
(8)

Then integrate KAN into the graph convolutional layer to construct
KANGINEConv. The key is to first aggregate neighbouring information,
then update node features. During the aggregation step, for each target
node i in network layer I, calculate the feature vector h]@ for each
neighbouring node j, along with the nonlinear feature of the edge feature
vector e; relative to the node feature vector h;l) in the same dimen-
sionality. Finally, sum these values to obtain the aggregated information
for the relevant network layer. The mathematical expression for this
process is as follows:

Z (hj(l) + KANedge (eij ) ) (9)

JeNg)

m® =

During the node update step, update the feature representation of the
target node based on the aggregated results. Specifically, we concur-
rently perform aggregated information processing and residual feature
fusion to obtain the updated feature vector for target node i at layer [ +
1. The aggregated results undergo a nonlinear transformation via the
node aggregation information encoder to capture complex correlations
among local neighbour information. Subsequently, the nonlinear acti-
vation function GELU and layer normalisation LayerNorm are succes-
sively applied to yield the processed aggregated information. The
residual features are obtained by multiplying the original feature vector
hl@ of target node i at layer [ by the linear projection matrix W,,, which
incorporates learnable scaling factors 4. The mathematical expression
for this process is as follows:

h{"*") = LayerNorm (GELU (KANyoqe (m{" ) ) ) +2Woesh” 10)

2.3.2. Multi-scale feature fusion mechanism

The structural information within graph data exhibits multi-scale
characteristics, displaying a hierarchical distribution from node-level
local associations to graph-level global topologies. Traditional single-
scale feature extraction struggles to comprehensively capture this
cross-scale structural information. Therefore, this paper designs an
attention-weighted multi-scale feature fusion mechanism to fully cap-
ture such information.

First, a multi-scale feature extractor, GNN-Layers, is constructed by
stacking L consecutive graph convolutional layers (KANGINEConv). The
shallow layers capture direct adjacency information between nodes,
forming local feature representations; the middle layers integrate
neighbourhood information to form community-level features; the deep
layers aggregate global information to form graph-level macroscopic
features. This yields feature representations with distinct receptive
fields.

HY H® ... HY = GNN — Layers 11)

Secondly, as the number of nodes N may vary across different graphs
and the original H" features are in sparse format, it is necessary to
convert the sparse node features H” from each layer into a unified dense
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representation format GY (dimension B x N, x d, where B denotes the
training batch size, Npq represents the maximum number of nodes
across all graphs in the batch, and d is the feature dimension) via
appropriate functions. This preserves the original graph's topological
structural information. This transformation first zero-pads H? for each
graph within the batch, expanding the node count to Ny, Subsequently,
a B x Nyq-dimensional mask vector b is generated to mark valid nodes.
The final output consists of the concatenation of the dense tensor and the
mask. The mathematical expression for this process is as follows:

G" = ToDenseBatch(H" ,b) , G € RBNmaxxd 12)

In particular, graphs in real-world datasets vary in size. To perform
parallel matrix operations within a mini-batch, N, is dynamically
defined as the maximum number of nodes strictly present in all graphs
within the current mini-batch. Graphs with fewer nodes are augmented
with zero-padded virtual nodes, whilst a binary mask vector b is
generated, where real nodes are assigned a value of 1 and virtual nodes a
value of 0. During pooling, the aggregated graph representation is
computed by dividing the sum of the features of the valid nodes by the
number of real nodes, rather than by the padded dimension Nq,
thereby ensuring scale invariance. In the multi-head attention module,
the vector b is applied directly to the attention score matrix prior to
normalisation. Virtual nodes are assigned a value of negative infinity,
thereby ensuring that their attention weights are zero, which strictly
guarantees that padding nodes do not participate in information
aggregation.

Finally, we introduce an attention mechanism during the multi-scale
feature fusion stage. The first step is to conduct global average pooling
on the effective dense features GU at each scale within each batch
(where validity is confirmed via the mask vector by;), to obtain a sum-
marised representation for each scale. Then transpose it and sum the
elements to obtain the global summary feature matrix Gpean.

1

Gn =y Dy by * Gk =1,2....8 a3)
j=1 Oki

. GW&

Grmean = [G(l) G(nfgan mean ] ! (14)

mean *

Step two involves mapping the global summary feature Gpeq, onto
the query matrix Q, key matrix K, and value matrix V respectively
through the learnable projection matrices W;, Wi, and W,. Subse-
quently, a normalisation function transforms these into a similarity
matrix, which serves as the scale attention weight matrix A.,. This is
then multiplied by the value matrix V to yield the attention-weighted
scale summary feature matrix Gamended-

Q = Gmea.an , K= Gmeanwk , V= Gmeanwv (15)
QK"
Ascale = Softmax ﬁ , Gattended = Ascale V (16)

Step three involves normalising the summary features of the scale [
within Gggengeqa to obtain normalised attention weights. These are then
multiplied by the corresponding feature HV, and after weighted sum-
mation, the multi-scale fused node feature matrix Hy,.q is obtained.

L

Hfysed = Z al'Hm , A = Softmax (Gattended.l ) a7

1=1

2.3.3. Dual attention mechanism

To improve feature space representation and cross-scale feature
extraction, this paper proposes a dual-layer attention module consisting
of node-level and scale-level attention. Node-level attention optimises
feature dimension modelling, while scale-level attention dynamically
distributes weights for features of different scales on the network's
deeper dimensions. This combined approach enhances the model's
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Table 1
Network architecture configuration.
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Module name Layer type Input Output Key parameters
dimensions dimensions
Input projection module Linear 512 256 bias = True
grid_size =5
Level 1 KANGINEConv 256 256 .
spline_order = 3
) Level 2 KANGINEConv 256 256 gridsize = 5
Multi-scale feature spline_order = 3
extraction module Level 3 KANGINEConv 256 256 grid_size = 5
spline_order = 3
Level 4 KANGINEConv 256 256 gridsize = 5
spline_order = 3
. Scale-level MultiScaleFusion 4 x 256 256 num_s.c ales.: 4
Dual attention attention_dim = 64
fusion module . num_heads = 8
Node-level NodeLevelAttention 256 256 .
head_dim = 32
Classification Level 1 Linear + GELU 256 128 bias = True
output module dropout = 0.2
P Level 2 Linear 128 3 bias = True

ability to capture key features in complex graphs.

Node-level attention adopts a multi-head self-attention architecture,
enabling each node to simultaneously focus on all other nodes in the
graph and dynamically adjust information flow based on relevance
strength. After attention-weighted aggregation, node features are inte-
grated through residual connections and layer normalisation, retaining
original feature information while incorporating global contextual
awareness. First, the method described in Section 2.3.2 generates the
node-level multi-head self-attention output feature matrix Hyy, from the
input feature Hp,q. Subsequently, Hpysq and Hgyn undergo residual
connection before being fed into a normalisation layer to yield the final
output feature matrix of the two-stage attention module. The mathe-
matical formulation is as follows:

Haun = MultiHeadAttention (Hyused, Hrused, Hrused ) (18)

Hou‘ = LayerNorm(Hfused + Hattn) (19)

Scale-wise attention dynamically adjusts fusion strategies according
to the specific structure of the input graph. This mechanism treats fea-
tures from each layer as independent views, allocating fusion weights by
analysing their contribution. Based on the statistical properties and task
relevance of features across layers, a learnable transformation network
maps features to importance scores. These are subsequently normalised
via softmax to form a probability distribution (Section 2.3.2 for details).

3. Experimental preparation
3.1. Experimental dataset

To comprehensively evaluate the effectiveness and generalisation
capability of the proposed model in the task of road defect detection, this
paper conducts experimental validation using two representative road
defect datasets: the private dataset RDD.v2i and the public dataset
RDD2022.

(1) RDD.v2i. This dataset consists of real road images photographed
by Dian et al. in various weather and lighting conditions. It
mainly includes three types of defects: potholes, conventional
cracks, and alligator cracking. This dataset reliably retains the
real-world environment of road surface defects under different
conditions, and also includes disruptive background elements
such as pedestrians. In experiments conducted on this dataset, a
total of 300 images is randomly selected for training, validation,
and testing purposes.

RDD2022. This dataset is a large-scale public dataset [31] con-
sisting of four defect types: transverse cracks, longitudinal cracks,

(2

—

alligator cracks, and potholes. It is useful for evaluating a model's
generalisation performance in multi-class classification tasks. In
experiments conducted on this dataset, a total of 300 images is
randomly selected for training, validation, and testing purposes.

To standardise the input format, all images were unified to 640 x
640 pixels prior before the experiment. Each dataset was partitioned
into training, validation, and test sets in a 7:1.5:1.5 ratio [32].

3.2. Implementation details

The proposed MSKA-GNN consists of four key modules: the input
projection module, the multi-scale feature extraction module, the dual
attention fusion module, and the classification output module. The de-
tails of each module's structural configuration are provided in Table 1.
The input dimension for the Input Projection Module is set to 512. For
the output dimension, we compare 128, 256, and 512. Among these, 128
dimensions result in slow training convergence and underfitting, 512
dimensions exhibit overfitting, while 256 dimensions demonstrate
optimal performance on the small dataset of 600 samples. For the multi-
scale feature extraction module, we test four network architectures from
3 to 6 layers. The 4-layer architecture achieve the highest accuracy, and
adding further layers doesn't improve performance. For KAN parame-
ters, smaller grid 3 produced insufficiently resolve basis functions, while
larger grids don't enhance performance. Second-order splines exhibit
poor continuity, while fourth-order splines incur excessive computa-
tional costs. For the attention fusion module, we compare 32, 64, and

Table 2
Results of sensitivity analysis for diffusion intensity, fractal fusion ratio and CLIP
similarity threshold.

Dataset Parameter Value CLIP SSIM LPIPS Accuracy
0.2 0.9809 0.94 0.04 0.5326
Diffusion 0.3 0.9556 0.9 0.11 0.605
intensity 0.5 0.85 0.88 0.13 0.61
. 0.6 0.7684  0.81 0.18 0.5769
RDD.v2i 0.06 0.833 0.86 0.15 0.651
Fractal fusion 0.08 0.8196  0.84 0.17 0.657
ratio 0.15 0.75 0.8 0.19 0.66
0.16 0.7392  0.76 0.24 0.652
0.2 0.986 0.95 0.04 0.5405
Diffusion 0.3 0.963 0.91 0.1 0.612
intensity 0.5 0.87 0.89 0.11 0.616
RDD2022 0.6 0.795 0.82 0.17 0.5702

0.06 0.8549 0.87 0.15 0.655
Fractal fusion 0.08 0.8336  0.85 0.17 0.668
ratio 0.15 0.76 0.81 0.19 0.67

0.16 0.7422  0.76 0.25 0.662
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Fig. 5. Results of Sensitivity Analysis for diffusion intensity, fractal fusion ratio and CLIP similarity threshold.
Table 3
Results of Ablation Study for DFH-enhancement.
Dataset Model SSIM LPIPS Accuracy Precision Recall F1-Score
X 1 0 0.411 0.417 0.444 0.43
. A 0.95 0.11 0.611 0.6 0.667 0.632
RDD.v2i B 0.91 0.17 0.656 0.64 0.711 0.674
C 0.9 0.2 0.678 0.654 0.756 0.701
X 0.94 0 0.422 0.419 0.4 0.409
A 0.91 0.12 0.622 0.608 0.689 0.646
RDD2022 B 0.89 0.16 0.671 0.647 0.733 0.687
C 0.88 0.19 0.689 0.667 0.756 0.708
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Fig. 6. Results of Ablation Study for DFH-enhancement.

Table 4
Results of Partitioned Set Study for DFH-enhancement.
Dataset Model Subset Accuracy Precision Recall F1-Score
RDD.v2i X Low light 0.467 0.467 0.467 0.467
Rain 0.4 0.414 0.407 0.4
Complex 0.367 0.379 0.474 0.367
A Low light 0.667 0.667 0.667 0.667
Rain 0.6 0.621 0.6 0.61
Complex 0.567 0.586 0.567 0.576
B Low light 0.7 0.7 0.7 0.7
Rain 0.667 0.667 0.667 0.667
Complex 0.6 0.621 0.6 0.61
C Low light 0.733 0.733 0.733 0.733
Rain 0.667 0.667 0.667 0.667
Complex 0.633 0.655 0.633 0.644
RDD2022 X Low light 0.467 0.467 0.467 0.467
Rain 0.433 0.448 0.433 0.44
Complex 0.367 0.393 0.367 0.379
A Low light 0.667 0.667 0.667 0.667
Rain 0.633 0.655 0.633 0.644
Complex 0.567 0.607 0.567 0.586
B Low light 0.7 0.724 0.7 0.712
Rain 0.667 0.667 0.667 0.667
Complex 0.633 0.613 0.633 0.623
C Low light 0.733 0.733 0.733 0.733
Rain 0.7 0.7 0.7 0.7
Complex 0.633 0.679 0.633 0.655

128 dimensions for scale attention. The 64-dimension configuration
prove computationally efficient while adequately capturing scale de-
pendencies. For node-level attention, we find that 4 heads inadequately
model global dependencies, while 16 heads exhibit limited representa-
tional capacity.

3.3. Evaluation metric
This paper selects classification metrics and clustering metrics to

systematically evaluate model performance. These metrics are widely
applied in the field of image recognition and can fully assess the

performance of the MSKA-GNN in the task of road defect detection.

In the multi-classification task involving three defect types (alligator
cracks, conventional cracks, and pits), we decompose it into three binary
sub-tasks based on the One vs Rest strategy: Sub-task 1: Alligator cracks
as positive class, all others as negative class; Sub-task 2: Conventional
cracks as positive class, all other cracks as negative class; Sub-task 3: Pits
as positive class, all others as negative class. For these three sub-tasks,
we define the following: - True Positive (TP): Samples where the
ground truth label is the target defect and the model prediction also
indicates that defect. - True Negative (TN): Samples where the ground
truth label is a non-target defect and the model prediction also indicates
a non-target defect. - False Positive (FP): Samples where the ground
truth label is a non-target defect but the model incorrectly predicts it as a
target defect. The number of samples with true labels as target defects
but misclassified as non-target defects by the model is recorded as False
Negatives (FN). The formulas for Accuracy, Precision, Recall, and F1-
Score are as follows:

Accuracy = (TP +TN)/(TP + TN +FP + FN) 19
Precision = TP/ (TP + FP) (20)
Recall = TP/(TP +FN) @n

Precision e Recall

Fl=2e Precision + Recall (22)

The clustering metric focuses on the structural consistency of defect
features. Its mapping process first extracts high-dimensional node
embedding vectors from 600 pavement defect images encoded via the
MSKA-GNN model. Subsequently, the t-Distributed Stochastic Neigh-
bour Embedding (t-SNE) algorithm is employed to reduce these high-
dimensional vectors to a 2D space. Colour differentiation indicates
defect types, with the horizontal axis (t-SNE1) and vertical axis (t-SNE2)
representing the two feature dimensions after dimensionality reduction.



M. Cao and Y. Xing

Image and Vision Computing 174 (2026) 106127

Road Damage Dataset.v2i

RDD2022

Original

Augmentation
Damp Moss

Crocodile cracks, damp moss

Conventional cracks, night

Original

Potholes, snowfall

. Augmented

Augmented

Augmented

J

Crocodile cracks, drizzle

Augmentation: §
Drizzle

Original ugmnted

Conventional cracks, structural reinforcement

Augmentation:
Reinforcement

Augmented

Original

Potholes, sunlight reflection

Original Augmented

Fig. 7. Data augmentation examples.

Table 5
Test Results of Different convolutional layers.
Dataset Layers Accuracy Precision Recall F1-score
2 0.71 0.62 0.58 0.599
. 3 0.755 0.75 0.75 0.75
RDD.v2i 4 0.811 0.824 0.822 0.823
5 0.765 0.77 0.76 0.765
2 0.7 0.6 0.56 0.579
3 0.74 0.735 0.735 0.735
RDD2022 4 0.788 0.8 0.798 0.798
5 0.75 0.755 0.745 0.75
Table 6
Ablation Study Results for MSKA-GNN.
Dataset Module Accuracy  Precision  Recall  F1-
Score
GNN 0.667 0.683 0.678 0.678
GNN + MSGC 0.644 0.666 0.663 0.663
GNN + MSFF 0.689 0.702 0.698 0.699
RDD.v2i GNN + MSGC+ MSFF1 0.689 0.700 0.689 0.689
' GNN + MSGC+ MSFF 0.700 0.708 0.700 0.701
GNN +
MSGC -+ MSEF + DAM 0.767 0.781 0.778 0.779
MSKA-GNN 0.811 0.824 0.822 0.823
GNN 0.678 0.695 0.690 0.691
GNN + MSGC 0.656 0.675 0.672 0.672
GNN + MSFF 0.682 0.701 0.698 0.700
0.698
RDD2022 GNN + MSGC+ MSFF1 0.678 0.691 0.692 0.692
GNN + MSGC+ MSFF 0.685 0.709 0.701 0.708
GNN +
MSGC + MSFF+ DAM 0.748 0.762 0.759 0.759
MSKA-GNN 0.788 0.800 0.798 0.798

10

4. Experimental process and result analysis
4.1. Study for DFH-enhancement

4.1.1. Sensitivity analysis for DFH-enhancement

In DFH enhancement, the values of diffusion intensity o, fractal
fusion ratio a, and CLIP similarity threshold 7 need to be confirmed. Two
tests were set on each dataset. The dataset was randomly divided into
training, validation, and test sets containing 210, 45, and 45 images.
Training and validation sets were augmented using multimodal-guided
stable diffusion in first test (for ¢), and adding fractal fusion module
on this basis in second test (for a and 7). The test set was augmented
using the Albumentations library. The performance of the GNN model
was evaluated. The structural similarity index measure (SSIM) and the
Learned Perceptual Image Patch Similarity (LPIPS) between the original
and augmented images were also used to quantify the semantic
destruction degree. The sensitivity analysis results are shown in Table 2
and Fig. 5 (The complete results are provided in supplementary material
table s1). As for diffusion intensity, images generated within the range of
0.3 to 0.5 enable the model to achieve optimal accuracy, whilst higher
diffusion intensities disrupt the semantic content of the images (SSIM
lower than 0.8). As for the fractal fusion ratio, images generated within
the range of 0.08 to 0.15 result in a further improvement in recognition
accuracy, whilst higher fusion ratios reduce accuracy. Within this range,
the lowest CLIP similarity is 0.75, implying that lower similarity no
longer contributes to any further improvement in accuracy.

4.1.2. Ablation study for DFH-enhancement

Based on the results of the sensitivity analysis, the diffusion intensity
was set to 0.3-0.5, the fractal fusion ratio was set to 0.08-0.15, and the
CLIP similarity threshold was set to 0.75. Ablation study was then
conducted. Four sets of models were set to verify the role played by each
module in the enhancement process:

(1) Model X: No enhancement;

(2) Model A: Diffusion;

(3) Model B: Diffusion + fractal fusion;

(4) Model C: Diffusion + fractal fusion + masked stitching (DFH-
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enhancement)

Performance evaluation is divided into two parts. The first part as-
sesses the extent to which the enhanced images distort the semantics of
the original images, specifically by measuring structural similarity be-
tween image edges (SSIM), Learned Perceptual Image Patch Similarity
(LPIPS) and T-distributed stochastic neighbour embedding (t-SNE). The
second part assesses whether the enhanced images help improve the
detection accuracy of defects under adverse weather conditions. At the
same time, the test set were divided into three subsets, low light, rain
and complex backgrounds, to verify whether the model was effective in
each of these adverse conditions. The results are shown in Table 3, Fig. 6
and Table 4. The results show that, as modules were gradually added,
the SSIM remained above 0.85 whilst the LPIPS remained below 0.2.
Results from the test set indicate that each module in DFH-enhancement

11

made a contribution, significantly enhancing the model's ability to
recognise defects under harsh weather conditions.

4.1.3. Data augmentation and splitting

To validate MSKA-GNN, we designed two experiments based on two
datasets. For each experiment, the 300 images in the corresponding
dataset were first randomly divided into training, validation, and test
sets at a ratio of 7:1.5:1.5. Data augmentation, including random
transformations, horizontal/vertical flipping, and brightness adjust-
ment, was then performed independently within each subset, resulting
in 420 training images, 90 validation images, and 90 test images. By
applying augmentation only after dataset partitioning and exclusively
within each subset, the risk of data leakage between the training, vali-
dation, and test sets was eliminated. Examples of the augmented images
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Table 7
Optimal Parameters for the Comparison Models.

Model Optimal parameters
Contrast learning temperature coefficient (0.1)
GAL Contrast loss weight (0.5)
Initial learning rate (0.0001)
GIN Dropout rate (0.5)
Initial learning rate (0.001)
GCN Graph pooling rate (0.5)

Initial learning rate (0.001
Loss weight (0.5)

Initial learning rate (0.0002)
Loss weight (0.4)

Graph-Mamba

GGMNet Initial learning rate (0.0005)
Contrast learning temperature (0.07)
HG-DCN Initial learning rate (0.00003)
Table 8
Comparison of Results Using the Fixed-Proportion Allocation Method.
Dataset Net Accuracy  Precision  Recall  F1-
Score
MSKA-GNN 0.811 0.824 0.822 0.823
GNN 0.667 0.683 0.678 0.678
GAL 0.718 0.732 0.725 0.726
Road Damage GIN 0.715 0.730 0.722 0.723
. GCN 0.722 0.735 0.728 0.729
Dataset.v2i Graph-
0.782 0.798 0.825 0.810
Mamba
GGMNet 0.768 0.785 0.778 0.780
HG-DCN 0.792 0.822 0.788 0.803
MSKA-GNN 0.788 0.800 0.798 0.798
GNN 0.678 0.695 0.690 0.691
GAL 0.708 0.722 0.715 0.716
GIN 0.705 0.720 0.712 0.713
RDD2022 GCN 0.712 0.725 0.718 0.719
Graph- 0.765 0.782 0785  0.782
Mamba
GGMNet 0.752 0.768 0.798 0.780
HG-DCN 0.775 0.805 0.772 0.786

are shown in Fig. 7.

4.2. Ablation study for MSKA-GNN

4.2.1. Influence of convolutional layers on model performance

This section discusses the impact of selecting the number of con-
volutional layers on model performance to validate the rationality of
four layer convolution. All other model architectures and parameter
settings were kept unchanged, while the number of convolutional layers
was set to 2, 3, 4, and 5, respectively. The classification performance of
each model was then evaluated on the test set, and the results are shown
in Table 5. In both datasets, the model performance improved as the
number of convolutional layers increased from two to four, indicating
that a deeper convolutional feature extractor generated more informa-
tive features for graph construction. However, when the depth was
further increased to five layers, the performance declined, suggesting
that the additional layer introduced excessive redundant features that
adversely affected the model's discriminative capability. These results
indicate that a four-layer convolutional architecture provides the best
trade-off between feature representation and redundancy, yielding the
optimal performance.

4.2.2. Ablation study for MSKA-GNN

To ensure the effectiveness of each key module of MSKA-GNN,
ablation study is designed in this paper. We use a classical GNN as the
baseline model, then step-by-step add the MSGC, MSFF, DAM, and KAN
modules, comparing the performance of models with different
configurations.

(1) GNN;
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(2) GNN + MSGC;

(3) GNN + MSGC+MSFF1 (without scale-level attention);

(4) GNN + MSGC+ MSFF (with scale-level attention);

(5) GNN + MSGC+ MSFF +DAM;

(6) GNN + MSGC+ MSFF +DAM +KAN (MSKA-GNN).

Results are shown in Table 6, Fig. 8 and Fig. 9. In two datasets,
MSKA-GNN achieves superior performance across all evaluation metrics
(Accuracy reaches 0.811 in RDD.v2i and 0.788 in RDD2022). Compared
to the baseline, the introduction of almost every module improves the
performance of the model. Introducing the MSGC module alone enriches
feature representations but also introduces redundant features. As the
baseline GNN is unable to effectively exploit or suppress these redundant
features, its classification performance deteriorates. After adopting the
MSFF module, all metrics of the model are improved. The MSFF module
is further evaluated independently. Although it improves the perfor-
mance compared with the baseline model, its performance remains
inferior to that of the combined MSGC+MSFF configuration. In this
setting, the two modules complement each other effectively: the MSGC
module generates richer and more informative graph representations,
while the MSFF module progressively exploits these representations
through multi-scale feature fusion. As a result, their combination fully
realises the advantages of both modules and yields the most significant
performance improvement.

The results of confusion matrixes reveal that introducing the MSGC
module independently led to a decline in recognition accuracy for both
crack types. Subsequently, incorporating the MSFF module improve
recognition accuracy for both potholes and cracks, further corroborating
the synergistic effect between the MSGC and MSFF modules. The sub-
sequent introduction of the DAM and KAN modules result in a sustained
increase in the accurate recognition rate for all three defect types. At the
same time, we discover that during the training process, as modules are
progressively stacked, the training loss gradually decreases, accuracy
steadily increases, and the process becomes more stable, effectively
enhancing the model's performance.

In summary, the research confirms that the proposed MSKA-GNN
and its modules positively influence the classification of road surface
defects, proving it is an effective graph neural network model.

4.3. Comparative study for MSKA-GNN

To further validate the superiority of the proposed MSKA-GNN
network in the field of road defect recognition, comparative experi-
ments are conducted against several advanced graph neural
networks—GAL [12], GIN [33], GCN [34], Graph-Mamba [35],
GGMNet [36], and HG-DCN [22] for comparative experiments. To
ensure the fairness of the experiments, the datasets (training, validation
and test sets), evaluation metrics, random number seeds, optimiser types
(i.e. scheduling strategies), batch sizes and number of training iterations
were kept identical across all models under comparison. The structural
parameters of these models remained unchanged; the settings described
in their respective papers were adopted directly. Hyperparameters such
as learning rate, weight decay and gradient clipping were fine-tuned to
suit our dataset, and the most suitable parameters were selected for each
model. The specific settings are shown in Table 7.

The results of the parameterised classification metrics are shown in
Table 8, while the clustering results are shown in Fig. 10 and Fig. 11.

For the RDD.v2i, the proposed MSKA-GNN model outperforms cur-
rent mainstream graph neural network models across all three key
metrics: Accuracy, Precision, and F1-Score. Specifically, it achieves
improvements of 1.9%, 0.2%, and 1.3% respectively compared to the
next best models. Although the proposed MSKA-GNN (0.822) slightly
underperforms Graph-Mamba (0.825) in Recall, its performance re-
mains among the top in the network models. Compared to the baseline
GNN, MSKA-GNN achieves improvements of 14.4%, 14.1%, 14.4%, and
14.5% in Accuracy, Precision, Recall, and F1-Score respectively.
Furthermore, the clustering result (Fig. 8) demonstrates that MSKA-GNN



M. Cao and Y. Xing

Image and Vision Computing 174 (2026) 106127

True GNN GAL
GIN GCN Graph-Mamba
GGMNet HG-DNC MSKA-GNN

Fig. 10. Clustering Results for the RDD.v2i.

achieves more precise category separation during classification tasks,
particularly exhibiting superior performance compared to other
network models when handling easily confused defects such as cracking.
This indicates that the suboptimal performance of mainstream models
on road-snapshot datasets with prominent interference factors stems
from two primary causes: firstly, graph data focuses on local node ag-
gregation, struggling to capture the global spatial correlations of road
defects; secondly, the absence of targeted feature selection mechanisms
prevents precise differentiation between damage and background fea-
tures, rendering models susceptible to irrelevant information interfer-
ence. However, MSKA-GNN achieves superior performance by
integrating local and global features through its multi-scale module, and
adopting attention mechanisms to suppress noise and amplify key
features.

On the RDD2022 dataset, similar to results on the RDD.v2i, it dem-
onstrates outstanding performance. It outperforms current mainstream
graph neural network models on both Accuracy and F1-Score metrics,
achieving respective improvements of 1.3% and 1.2% over the next best
model, with the most significant gain observed in accuracy. In terms of
Recall, it matches the high-performing GGMNet model at 79.8%. While
Precision is marginally lower than the HG-DCN network, it still ranks
among the top in the graph neural network domain. Compared to basic
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graph neural networks, improvements across metrics reach 11%, 10.5%,
10.8%, and 10.7% respectively. Clustering result (Fig. 9) visually dem-
onstrates MSKA-GNN's superiority in classification tasks, particularly
when handling highly similar and complex pavement defects. This in-
dicates that mainstream models' limited performance on standard
datasets fundamentally stems from structural mismatches with road
damage data characteristics. Traditional GNNs struggle to model the
global interdependencies inherent in defects due to their local de-
pendency modelling. Furthermore, existing models lack sufficient
capability to extract fine-grained defects, rendering them ineffective at
classifying easily confused categories. MSKA-GNN achieves a perfor-
mance breakthrough through two key optimisation mechanisms: its
multi-scale feature module balances the correlation between local de-
tails and global features, while its dual-layer attention mechanism
effectively identifies key features and reduces background interference,
resulting in enhanced performance.

Meanwhile, based on the detection results of the three defects, we
find that across both datasets, MSKA-GNN achieves the best classifica-
tion performance for both crack types. In the pothole classification task,
it still outperforms the industry benchmark algorithm, maintaining
above-average performance.

To verify that the experimental results are genuine, stable and
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Fig. 11. Clustering Results for the RDD2022.

statistically significant, rather than merely coincidental, we performed
5-fold cross-validation on each set of models. We merged the training
and validation sets and divided them into five equal parts; for each
iteration, one part was selected as the validation set and the remaining
four as the training set, repeating this process five times. The results of
the experiment are shown in Table 9.

As can be seen from the results, compared with the results obtained
using the holdout method with fixed partitioning, there was a slight
decrease in overall accuracy (less than 0.01), which falls within the
normal range of variation; the results are therefore reliable. Meanwhile,
MSKA-GNN continued to achieve the best mean and standard deviation.
Furthermore, the standard deviations of all models remained within a
narrow range (less than 0.025), indicating that the methods are insen-
sitive to the training/validation split and that the evaluation results are
reliable; the standard deviation of MSKA-GNN (approximately
0.011-0.013) further demonstrates its robustness.

The above experimental results prove that MSKA-GNN not only is a
viable approach but also shows distinct advantages in the field of road
defect recognition. Even when faced with complex, small-sample data-
sets, it can achieve high-precision recognition.
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5. Conclusions

This paper proposes an end-to-end defect detection framework
(MSKA-GNN) designed to address the challenges of data scarcity and
poor detection performance in complex road environments. By devel-
oping a DFH enhancement strategy, we demonstrate that synthesising
semantically consistent defect samples under adverse conditions such as
raincan effectively improve the model's robustness.

Furthermore, the experiments demonstrate that the synergistic
combination of multi-level graph construction and multi-scale feature
extraction can effectively enhance the ability of GNNs to recognise de-
fects at different scales. By incorporating KAN and a dual-attention
mechanism into the graph convolution process, we have effectively
bridged the gap between shallow local textures and deep global se-
mantics, thereby enhancing the model's non-linear fitting capabilities.
Ultimately, MSKA-GNN achieved accuracy rates of 81.1% and 78.8% on
the RDD.v2i and RDD2022 datasets respectively, which comprise only
600 images and feature complex, extreme backgrounds, outperforming
the mainstream models (GNN, GAL, GIN, GCN, Graph-Mamba and
GGMNet), demonstrating its robust perceptual capabilities.

In future research, we will focus on attention-guided adversarial
training strategies to improve the detection of highly sparse defects.
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Table 9
Result of 5-Fold Cross-Validation.
Dataset Net Accuracy Precision Recall F1-Score
MSKA- 0.802 + 0.815 + 0.813 + 0.814 +
GNN 0.012 0.013 0.011 0.012
GNN 0.658 + 0.674 + 0.669 + 0.669 +
0.023 0.025 0.024 0.024
GAL 0.709 + 0.723 + 0.716 + 0.717 £
0.019 0.021 0.020 0.020
GIN 0.706 + 0.721 + 0.713 £ 0.714 +
RDDv2i 0.020 0.022 0.021 0.021
GCN 0.713 + 0.726 + 0.719 + 0.720 +
0.018 0.020 0.019 0.019
Graph- 0.773 + 0.789 + 0.816 + 0.801 +
Mamba 0.013 0.015 0.012 0.014
0.759 + 0.776 + 0.769 + 0.771 £
GGMNet 0.016 0.018 0.017 0.017
0.783 + 0.813 + 0.779 + 0.794 +
HG-DCN 0.013 0.014 0.015 0.013
MSKA- 0.779 = 0.791 £ 0.789 + 0.789 +
GNN 0.012 0.013 0.012 0.012
GNN 0.669 + 0.686 + 0.681 + 0.682 +
0.024 0.026 0.025 0.025
GAL 0.699 + 0.713 + 0.706 + 0.707 £
0.020 0.022 0.021 0.021
GIN 0.696 + 0.711 + 0.703 + 0.704 +
RDD2022 0.021 0.023 0.022 0.022
GCN 0.703 + 0.716 + 0.709 + 0.710 +
0.019 0.021 0.020 0.020
Graph- 0.756 + 0.773 £ 0.776 £ 0.773 £
Mamba 0.014 0.015 0.013 0.014
0.743 + 0.759 + 0.789 + 0.771 £
GGMNet 0.016 0.018 0.015 0.016
0.766 + 0.796 + 0.763 + 0.777 £
HG-DEN 0.013 0.014 0.015 0.013

Additionally, we will explore lightweight network architectures via
knowledge distillation to reduce computational overhead for real-time
edge deployment on smart vehicle chassis systems.
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