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Rail defect detection is essential for ensuring railway safety and enabling reliable maintenance. 
However, existing methods often struggle in complex environments, where feature ambiguity 
and occlusion significantly degrade detection performance, leading to frequent missed and false 
detections. To overcome these limitations, we propose a topology-enhanced relational modeling 
framework that jointly captures local, global, and high-order dependencies. Specifically, a semantic 
association graph is constructed to enable dynamic multi-order feature extraction, allowing the model 
to learn structured relationships among spatial regions and effectively enhance the representation 
of subtle defects. To further improve global perception, a multi-directional state-space modeling 
module is introduced to capture long-range dependencies and enhance spatial sensitivity. Moreover, 
a hypergraph-based interaction mechanism is designed to model complex high-order relationships, 
where hypergraph convolution facilitates deep feature fusion and improves discrimination of 
heterogeneous defect patterns. Experimental results demonstrate that the proposed method 
consistently outperforms state-of-the-art approaches, achieving higher accuracy and stronger 
robustness under challenging conditions.
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Rail defect detection plays a crucial role in ensuring railway safety, preventing accidents, and improving 
maintenance efficiency1. Undetected rail defects may compromise train operation safety and even lead to 
catastrophic accidents2,3. Therefore, the timely and accurate detection of rail surface defects is essential for 
maintaining railway integrity and promoting the sustainable development of transportation systems4.

With the advancement of autonomous inspection vehicles, onboard camera systems, and related sensing 
technologies, artificial intelligence (AI) has been increasingly integrated into rail defect detection5,6. AI-based 
automated inspection systems enable early identification of potential hazards and reduce the reliance on manual 
inspection. However, accurate defect detection remains challenging due to complex environmental noise, varying 
illumination conditions, and limited defect samples, all of which hinder the robustness and generalization 
of detection models7,8. Related studies on anomaly analysis have shown that cross-modal and target-focused 
modeling can improve robustness in complex environments, especially when appearance cues are ambiguous or 
partially degraded9.

In recent years, the rapid development of deep learning–based object detection algorithms has provided 
new opportunities for automated rail defect inspection. Detection frameworks based on convolutional neural 
networks (CNNs) are generally classified into two categories: two-stage and one-stage methods. Two-stage 
detectors, such as Fast R-CNN10, first generate region proposals and then perform classification and bounding-
box regression to achieve high accuracy. In contrast, one-stage detectors, such as YOLO11 and SSD12, directly 
predict object categories and locations in a single step and were developed to improve detection speed. Recent 
advances have further strengthened the trade-off between detection accuracy and computational efficiency in 
real-time object detection13,14. Although these methods have achieved remarkable success in general computer 
vision tasks, their direct application to railway track defect detection remains limited due to the small size, low 
contrast, and diverse appearance of rail defects, which often degrade detection performance.

To address these issues, researchers have proposed various methods to enhance rail surface defect detection. 
Reference15 proposed the Pixel-aware Frequency Conversion Network (PFCNet), which integrates frequency-
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domain information with attention mechanisms to improve feature representation and detection accuracy. 
Reference16 developed a multitask learning framework that integrates multiple detectors to handle diverse 
defect types, image variations, and limited training samples, achieving superior accuracy. Reference17 tackled the 
challenge of limited samples by reformulating defect detection as a sequential learning task and proposed two 
line-level models—OC-IAN and OC-TD—based on one-dimensional CNNs and LSTMs, which achieved state-
of-the-art results on the RSDDs dataset. Reference18 developed the Dense Attention-Guided Cascaded Network 
(DACNet) for defect detection under complex industrial conditions, effectively capturing fine-grained defect 
features and outperforming prior methods across multiple public datasets. Furthermore, Unsupervised track 
anomaly detection has also attracted increasing attention. Reference19 introduced an unsupervised stereoscopic 
saliency detection method based on a binocular line-scanning system capable of simultaneously acquiring 
high-resolution images and 3D profiles. By combining low-rank nonnegative reconstruction, geometric 
outlier detection, and depth-saliency fusion, the authors achieved robust performance and established the 
RSDDS dataset. Reference20 proposed a segmented-aggregated framework with an internal-external constraint 
mechanism to model track anomalies without relying on dense manual annotation. In addition to image-based 
defect analysis, semisupervised railway track anomaly detection combined with vision-LiDAR decision fusion 
has also been explored to improve robustness under complex inspection conditions21.

Overall, existing research has achieved considerable progress in rail defect detection, demonstrating the 
effectiveness of deep learning-based approaches in complex environments. However, accurately detecting small-
scale or low-contrast defects remains challenging, often resulting in missed detections and reduced reliability.

More importantly, most existing methods focus on optimizing individual components, while lacking 
a unified framework to jointly model local details, global context, and complex feature relationships. This 
limitation restricts their ability to capture the intrinsic structural and textural characteristics of rail defects. 
In addition, many approaches are directly adapted from general-purpose vision architectures, which are not 
specifically designed for rail inspection scenarios, leading to suboptimal performance in real-world applications.

Furthermore, while recent studies have explored relational modeling and graph-based methods, their 
theoretical advantages over conventional convolutional or standard graph convolution approaches in defect 
detection tasks remain insufficiently analyzed. At the same time, the practical applicability of these methods, 
including computational complexity, model size, and inference efficiency, is often underreported, making it 
difficult to assess their deployment potential in real-world railway systems. From a broader industrial monitoring 
perspective, robustness to nonstationary conditions and process-level variation has also been recognized as 
critical for reliable deployment22,23.

Therefore, instead of introducing entirely new architectures, a more effective direction is to integrate multiple 
complementary modeling strategies into a unified and efficient framework. Such integration not only enhances 
multi-level feature representation but also provides a more practical balance between detection accuracy, 
robustness, and computational cost, which is critical for real-world rail defect detection systems.

To address these challenges, we develop a rail defect detection framework based on topology-enhanced 
relational modeling. The main contributions of this work are summarized as follows:

1) We introduce a dynamic multi-order feature extraction module based on a semantic association graph. 
This module constructs spatial-semantic topological relationships among feature regions and utilizes a routing 
mechanism to model contextual dependencies. Attention operations are further applied to highly correlated 
regions, which helps improve the representation of defect-related features.

2) We incorporate a state-space modeling module to capture long-range dependencies. To alleviate its limited 
sensitivity to spatial structures in image data, a random cross-scanning strategy is adopted, allowing the model 
to better aggregate contextual information and enhance feature representations, particularly in the presence of 
occlusion.

3) We design a hypergraph-guided feature fusion pyramid to model higher-order relationships among 
features. By introducing hypergraph convolution, the proposed method facilitates multi-level feature interaction 
and improves the integration of semantic information across different scales.

Methodology
As illustrated in Fig. 1, we develop an object detection framework based on spatial–semantic relational modeling, 
built upon the RT-DETR24 architecture. The proposed framework is intended to improve defect detection 
performance under complex railway inspection conditions, where challenges such as occlusion, low contrast, 
and irregular defect patterns are commonly encountered. By incorporating relational modeling mechanisms, 
the framework aims to better capture dependencies among feature regions and enhance feature representation.

RT-DETR follows an end-to-end detection paradigm consisting of a backbone, a neck, and a transformer-
based decoder. Given an input image, hierarchical multi-scale features are first extracted by the backbone 
network and then progressively aggregated by the neck to facilitate feature fusion across different resolutions. 
The transformer-based decoder subsequently performs global reasoning over the fused features and directly 
generates the final detection results, eliminating the need for handcrafted post-processing steps.

Overall, the proposed framework follows a hierarchical design that integrates three complementary 
components: (1) local spatial-semantic relational modeling in the backbone, (2) global context modeling via 
a state-space mechanism, and (3) multi-scale feature fusion with high-order relational reasoning in the neck. 
These components jointly enhance feature representation from local, global, and cross-scale perspectives.
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Dynamic multi-order feature extraction method based on semantic association 
graph
The overall architecture of the backbone network is shown in Fig. 2. which consists of stacked semantic association 
graph-based dynamic multi-order feature extraction (SAGFE) modules and convolutional downsampling blocks 
(CBL), organized into four stages.

In this design, the SAGFE modules are responsible for modeling spatial-semantic relationships and enhancing 
feature representation, while the downsampling blocks progressively reduce spatial resolution and expand the 
receptive field, enabling hierarchical feature extraction across different scales.

Dynamic multi-order feature extraction module based on semantic association graph 
(SAGFE)
The SAGFE module serves as the core component for feature extraction in the backbone network. It is motivated 
by the limitation of conventional convolutional and graph-based methods in modeling complex spatial 
dependencies, particularly for small or occluded defects. Inspired by the regional reasoning strategy in25, the 
module is designed to facilitate adaptive aggregation of contextual information through a relational modeling 
framework. The overall structure of SAGFE is illustrated in Fig. 3.

Specifically, the input features are first encoded to generate adaptive contextual representations, enabling the 
model to capture local variations in feature distributions.

Subsequently, a sparse attention mechanism is introduced to selectively model interactions among feature 
regions. By focusing on highly relevant regions and reducing redundant connections, this mechanism improves 
the efficiency of contextual information aggregation while suppressing background interference.

Based on the routing relationships derived from sparse attention, a semantic association graph is then 
constructed to model spatial-semantic dependencies among regions. Unlike conventional graph convolution 
networks that rely on fixed or dense connectivity, the proposed approach adopts a dynamic and sparse graph 
structure, allowing more flexible modeling of feature relationships. Finally, dynamic graph convolution is 
applied to aggregate information across regions, which contributes to more informative and structured feature 
representations.

Dynamic context information extraction
Following26, convolutional operations are employed to extract contextual information. Compared with fully 
connected layers, convolutional layers are more suitable for modeling visual patterns such as shape, size, and 
texture, while preserving the spatial structure of the input.

Moreover, the proposed design introduces limited additional computational overhead, as dynamic context 
generation is implemented through the concatenation of the input feature x during key construction, followed 
by a linear projection. This formulation enables input-conditioned feature transformation without significantly 
increasing model complexity.

Figure 2.  Overall architecture of the backbone.

 

Figure 1.  Overall architecture of the proposed model.
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Accordingly, the input features are first encoded to produce the static (k) and (q) representations, which can 
be expressed as follows:

	

k = Conv1×1(x),
q = Conv1×1(x),
Conv(x) = x · W + b

� (1)

Here, W and b denote the learnable parameters and bias term, respectively. The static (k) and (q) are generated 
using convolutional layers with a kernel size of 1. The 1×1 convolution is functionally equivalent to the 
linear projection commonly used in Transformer architectures, while preserving spatial structure through its 
convolutional formulation and introducing limited computational overhead. Subsequently, the input feature x 
is concatenated with the static k along the channel dimension and processed by a convolutional operation. This 
design allows the key representation to be conditioned on the input features, introducing adaptive variations that 
reflect local contextual differences. The operation is formulated as follows:

	 kd = Conv1×1
(
concat([x, k], dim = c)

)
� (2)

Construction of the spatial-semantic association graph
After obtaining the q and dynamic kd, the feature map is partitioned into s × s local windows to facilitate 
region-level modeling. Following27, a directed graph is constructed to represent dependency relationships among 
spatial regions. To obtain compact node representations, mean pooling is applied over the spatial dimensions 
within each local window, producing a channel-wise feature vector for each region. This operation reduces local 
variations while preserving the overall semantic distribution, and can be formulated as follows:

	 qr = Mean(q), kr = Mean(kd)� (3)

Here, qr, kr ∈ Rs2×c, and Mean() denotes the mean operation. Subsequently, the matrix multiplication between 
qr  and the transpose of kr  derives the correlation matrix Ar ∈ Rs2×s2

 , which represents the dependency 
relationships among regions. The i-th row Ar  corresponds to the correlation between the query q in the i-th 
region and the k in all other regions. Therefore, by pruning the matrix Ar , we can obtain the routing index that 
links each query q to its most relevant k within the corresponding region, expressed as follows:

	 Ir = TopIndex(Ar)� (4)

Based on the matrix Ir ∈ Rs2×k  , we can further derive the adjacency matrix, which explicitly defines the 
edges of the topological graph structure. For each query q, we retain the Top-k k with the highest correlation 
weights, setting the corresponding entries to 1, while assigning 0 to all others. In this way, the adjacency matrix 
M ∈ Rs2×s2

 is constructed. This sparsification strategy also helps control computational complexity, making 
the graph construction feasible for high-resolution feature maps. The node representations are obtained by 
performing mean pooling over the spatial dimensions within each local window, resulting in a feature vector of 
channel dimension for each window. The operation can be expressed as follows:

	 xr = Mean(x, dim = c)� (5)

Here, xr  effectively aggregates the local contextual information within each window. Therefore, the spatial-
semantic topological graph of the features can be represented as G = (xr, M). Subsequently, a sparse attention 

Figure 3.  Overall architecture of the SAGFE module.
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mechanism is applied to enhance the spatial semantic correlations within the features by leveraging long-range 
dependencies among targets in the graph structure, thereby producing a hybrid dual-attention representation.

Sparse self-attention mechanism
Based on the routing relationships between the query and key, a sparse attention mechanism is constructed to 
restrict computation to the most relevant regions. This design reduces redundant interactions and improves 
computational efficiency. Specifically, the value (v) is computed within the selected regions as follows:

	 ṽ = Conv1×1
(
gather(xr, Ir)

)
� (6)

Here, the gather() function is used to collect tensors from the effective regions based on the routing indices. 
Subsequently, the key is gathered as follows:

	 k̃ = gather(kd, Ir)� (7)

Then, the attention computation is performed, which can be formulated as follows:

	
O1 = Attention(q, k, v) = Softmax

(
qk̃T

√
C

)
ṽ� (8)

Semantic feature enhancement
Based on the constructed spatial-semantic topological graph, graph convolution is employed to aggregate 
information across different regions and model their spatial dependencies. Unlike conventional graph 
convolution that relies on fixed adjacency structures, a dynamic graph convolution mechanism is introduced, 
where the adjacency matrix is adaptively updated according to feature similarity. This design enables more flexible 
modeling of relationships among regions, including interactions between defect areas and their surrounding 
context.

To ensure stable training, the input features are first normalized to control the scale of activations and mitigate 
potential gradient instability. The normalization process can be expressed as follows:

	
x̂r = xr − E(xr)√

Var(xr) + S
, x̆ = x̂r · λ + γ� (9)

Here, E() and Var() denote the mean and variance of the input node features, respectively. By normalizing the 
input data, the training process can be effectively stabilized. The term S  is introduced to prevent division by zero, 
while γ, λ represent the learnable parameters. Therefore, the node feature matrix can be formulated as follows:

	 xp = x̆p� (10)

Here, p denotes the attention weight parameters computed from the input features. Subsequently, the feature 
similarity matrix is calculated as follows:

	 W = σ(xp · xT
p )� (11)

Here, σ() represents the sigmoid activation function. After obtaining the similarity matrix W, the correlation 
coefficients are computed by normalizing the neighboring nodes of each feature node. The adjacency matrix M 
is subsequently updated according to these correlation values, allowing it to be represented in a dynamic form 
as follows:

	 Md = Softmax
(
diag(0, ∞)

)
· (MW + E)� (12)

Here, diag(0, ∞) denotes a diagonal matrix used to eliminate self-loops in the generated adjacency matrix, 
while E represents the identity matrix. After obtaining the dynamic adjacency matrix, it is first normalized to 
prevent feature vanishing or explosion. The normalization process can be expressed as follows:

	 L = D− 1
2 (D − Md)D

1
2 � (13)

Here, the matrix D denotes the degree matrix. Subsequently, the graph convolution operation is performed and 
can be formulated as follows:

	 ŷ = σ(LxpWd)� (14)

The output ŷ ∈ Rs2×c obtained after the graph convolution operation integrates both spatial and semantic 
information, thereby enriching the feature representations. We then apply the output ŷ of the sparse attention 
mechanism is then applied to perform channel-wise weighting within each window, resulting in a representation 
that integrates both spatial and channel-wise mixed weighting.

	 O = ŷ ⊙ O1� (15)
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Finally, O represents the output of the module; ⊙ denotes matrix element-wise multiplication.
It is worth noting that directly applying conventional graph convolution networks (GCNs) to image data is 

not straightforward. Unlike graph-structured data, images are represented as regular grid-structured tensors, 
where explicit adjacency relationships are not naturally defined. As a result, constructing meaningful graph 
connectivity for visual features remains a non-trivial problem.

In addition, the relationships among visual regions are often content-dependent and difficult to predefine 
using fixed adjacency structures. Modeling each pixel as an individual node would further introduce prohibitive 
computational complexity, especially for high-resolution inputs.

Therefore, a key consideration is how to incorporate graph-based relational modeling in a manner that 
is both computationally feasible and structurally meaningful. In this work, we build upon a region-level and 
sparsity-constrained strategy with task-oriented adaptations, providing a practical way to incorporate graph-
based relational modeling into defect detection.

Dynamic scanning state space model
The Dynamic Scanning State Space Model (DMamba) is incorporated into the final stage of the backbone 
network. Similar to the SPPF module, its role is to enlarge the effective receptive field and enhance the modeling 
of global contextual information. Recent studies, such as S4ND28, have shown that state space models provide 
a promising alternative for visual representation learning. In essence, the state space formulation describes the 
evolution of latent states conditioned on previous states and external inputs29, making it suitable for modeling 
long-range dependencies.

In this work, the state space mechanism is introduced to complement convolution-based feature extraction 
by improving global context modeling in the later stage of the backbone. This design is particularly relevant for 
defect detection, where subtle targets may depend not only on local texture cues but also on broader structural 
context. Rather than relying solely on local receptive fields, the introduced module provides an additional 
pathway for capturing long-range interactions in a relatively efficient manner. More broadly, recent studies 
in sequential representation learning have suggested that attention-based sequence modeling is effective for 
capturing complex dependency structures, which supports the rationale of reorganizing visual features into 
ordered sequences for global modeling30.

The detailed structure of the DMamba module is illustrated in Fig. 4. Since the Mamba module operates on 
sequential inputs, the feature map is first partitioned into patches and then flattened into a one-dimensional 
sequence. To preserve positional information during this transformation, a learnable positional embedding is 
introduced, which can be formulated as follows:

	 T = Flatten(x) + P� (16)

Here, T ∈ RL×D , P ∈ RL×D  represent the feature map flattened into L sequences, each with a length of D, L 
denotes the number of patches and D denotes the number of pixels within each patch. The flattened features are 
subsequently arranged along four directions of the image, resulting in four spatially ordered sequences, which 
can be formulated as follows:

	 T k = CSM(T )� (17)

Here, k denotes k ordering methods, and CSM() represents the sorting function31. In addition, following the 
approach in32, an additional random ordering method is introduced. The five sequences are subsequently fed 
in parallel into five spatial state estimation modules to perform global information modeling. The spatial state 
estimation process for a single module can be formulated as follows:

	 y = ϕssm(T )� (18)

Here, y represents the output of the spatial state estimation computation, while ϕssm() denotes the multi-path 
dynamic activation spatial state estimation module, which consisting of N blocks at each stage. Since ϕssm() 

Figure 4.  Detailed structure of the DMamba module (for clearer visualization, some fully connected layers 
and normalization operations within the Mamba module are omitted).
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was originally designed for 1-D causal sequence modeling, it lacks the capability to capture spatial positional 
information, thereby limiting its expressive power for representing image features. To address this limitation, 
the sequences sorted along five different directions are input into five parallel spatial state estimation modules, 
which can be formulated as follows:

	 yk = ϕk
ssm(T k)� (19)

Next, the outputs of the parallel modules are gated and aggregated to fuse the information from the five ordered 
sequences, producing the final output, which can be formulated as follows:

	

ŷ =
4∑

k=0

yk · gk,

gk = Softmax
(
ϕpro

(
ϕmean

(
ϕconcat(yk)

)))� (20)

Here, ϕconcat() denotes the concatenation of the outputs from the five parallel spatial state estimation modules. 
ϕmean() denotes the mean pooling operation along the length dimension. ϕpro() denotes the projection of 
the averaged features into a five-dimensional vector. The Softmax function serves as the activation mechanism 
and is applied to obtain the final normalized weights for each parallel module. In summary, DMamba feeds 
five groups of spatially reordered features into five parallel Mamba modules for multi-branch global modeling. 
It then estimates the importance of each spatial ordering and fuses the five reordered feature representations 
according to their respective significance, thereby capturing more comprehensive global information.

Hypergraph-inference-based feature fusion pyramid
The Hypergraph-Inference-Based Feature Fusion Pyramid (HG-FFP) is designed as an enhanced feature fusion 
module based on the neck structure of RT-DETR, as illustrated in Fig. 5. Specifically, three modifications are 
incorporated: (1) a bidirectional fusion pathway, where the top-down branch enhances high-level semantic 
information while the bottom-up branch preserves low-level spatial details; (2) a hypergraph-based inference 
module integrated at the high-level feature stage to model higher-order relationships among features and 
provide structured semantic guidance during feature propagation; and (3) the introduction of a C2f module 
with SCConv-based self-calibrated convolution at fusion nodes to refine feature responses and facilitate more 
effective multi-scale feature integration.

Figure 5.  Overall structure of the HG-FPN.
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Through these modifications, the feature fusion process is made more structured and adaptive, which is 
beneficial for handling complex visual patterns in defect detection scenarios.

Hypergraph convolution
Recent studies have explored hypergraph-based relational modeling in visual recognition and detection tasks, 
showing its potential for capturing high-order interactions that are difficult to represent with conventional 
convolution or pairwise attention mechanisms33. CNNs are effective at modeling local patterns within limited 
receptive fields, while attention mechanisms can capture long-range dependencies but may still be insufficient 
for representing complex many-to-many relationships among feature regions. In contrast, hypergraph-based 
modeling provides a more flexible way to characterize higher-order associations between objects and contextual 
information.

Therefore, HyperGCN is introduced as a semantic guidance module in our model, as illustrated by the 
blue components in Fig. 5. For low-level semantic features, each pixel in the feature map corresponds to a grid 
point in the original image, representing a specific spatial region. Accordingly, each pixel is treated as a node 
to model the correlations among regions and objects. First, the feature map is reshaped by flattening its spatial 
dimensions, denoted as x ∈ RN×C , where N represents the total number of pixels. Then, both max pooling 
and average pooling are performed along the N dimension to obtain a globally aggregated node feature vector, 
denoted as z ∈ R2C . Subsequently, a linear projection is applied to derive the node offsets, represented as ∆P . 
Meanwhile, a trainable parameter is randomly initialized to obtain the global hyperedge prototype Pglobal. By 
adding the node offsets to this prototype, the hyperedge matrix is generated, which effectively models the latent 
visual correlations among regions and can be formulated as follows:

	 P = ∆P + Pglobal, ∆P = z∗c, P ∈ RM×C � (21)

Here, *c represents the project operator; M denotes the number of hyperedges. The contribution of each node is 
computed through an inner product operation similar to that employed in attention mechanisms. Specifically, 
the node features x are first projected, followed by an inner product with P to generate the final hyperedge 
matrix, which can be formulated as follows:

	
A = Softmax

(
x∗c · P T

√
h

)
� (22)

Here, A denotes the hyperedge mapping matrix, which serves as the basis for performing hypergraph convolution. 
Specifically, unlike conventional graph convolution, hypergraph convolution first compresses node features into 
hyperedges, formulated as follows:

	 xe = WeD−1
e ATxv � (23)

Here, D−1
e  denotes the degree matrix of hyperedges, xv  denotes the set of nodes, where each node corresponds 

to a pixel in the feature representation, and We denotes the projection parameter. The above process can be 
interpreted as a feature compression operation that captures relational dependencies through the hyperedge 
matrix. Subsequently, the hyperedge features are projected back into the node space, formulated as follows:

	 x̂v = WvD−1
v Axe� (24)

The above formulation projects the hyperedge features back into the node domain, thereby constructing 
relational representations that effectively strengthen semantic associations among regions.

Self-calibrating convolution
The detailed architecture of the Self-Calibrated Convolution (SCConv) module34 is illustrated in Fig. 6. 
Conventional convolutional operations tend to learn highly similar feature patterns, leading to limited feature 
discriminability. Moreover, the fixed receptive field of each convolutional layer constrains its ability to capture 
contextual information. Therefore, SCConv is introduced to perform neighborhood feature fusion, facilitating 
the effective integration of fine-grained details and semantic information.

Figure 6.  Architecture of the SCConv module.

 

Scientific Reports |        (2026) 16:19814 8| https://doi.org/10.1038/s41598-026-49417-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Specifically, the input x is equally divided into two parts along the channel dimension. These two parts are 
processed by two separate branches to model local information with a small receptive field and contextual 
information with a large receptive field, respectively. The first branch further consists of two sub-branches. 
The first sub-branch downsamples the original-resolution features to expand the receptive field and extract 
contextual information, formulated as follows:

	 x̂1 = Up
(
DWConv(Augpool(x1))

)
� (25)

Here, Augpool() denotes the pooling operator for downsampling, DWConv() represents a depthwise separable 
convolution with a kernel size of 3 that captures contextual information from low-resolution features, and Up() 
denotes the bilinear interpolation operator used to restore the original spatial resolution. Subsequently, the self-
calibration operation is performed as follows:

	 y1 = DWConv[DWConv(x1) · σ(x̂1 + x1)]� (26)

Here, σ() denotes the Sigmoid activation function, and x1 serves as a residual connection to generate the 
calibrated weights. Finally, a calibrated convolutional mapping is applied to produce the final output of the first 
branch.

In the second branch, only a simple convolution operation is applied to produce the output y2 = DWConv(x2), 
aiming to preserve the original spatial information. Finally, the two outputs [ y1, y2 ], are concatenated to form 
the final output of the module.

Experiment
Construction of the dataset
In this study, a publicly available railway track image dataset was utilized, comprising 2,324 defect images 
categorized into eight defect types. The number of annotations and the corresponding label information for each 
category are presented in Fig. 7.

From the label distribution patterns, it can be observed that the targets in this dataset exhibit a distinct 
concentration in both spatial location and geometric shape. The pairwise relation map shows that target centers 
are relatively dispersed horizontally but clearly concentrated in the middle region vertically. Most targets extend 
vertically across a large portion of the image height while maintaining a narrow width, resulting in a slender 
appearance. The bar chart further indicates that the category distribution is somewhat imbalanced, with most 
samples concentrated in a few dominant classes. Overall, the dataset is characterized by vertically elongated 
targets with concentrated spatial positions and a head-heavy class distribution, suggesting that the model should 
focus on enhancing its detection capability for slender targets during training. This also highlights the importance 
of robustness to distribution variation, which is closely related to the broader problem of transferable out-of-
distribution generalization35. To improve the model’s generalization ability for objects appearing at different 
positions, horizontal shifting, random cropping, and Mosaic augmentation are employed.

As shown in Fig. 8, the railway defect data exhibit high inter-class similarity and substantial intra-class 
variability, while variations in viewing angles further influence the visual appearance of defects. Therefore, it is 

Figure 7.  Distribution of labels in the dataset.
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crucial for the model to exhibit strong generalization ability to ensure robust performance and enable practical 
engineering deployment.

Hyperparameter settings
The experiments were conducted on a workstation equipped with an Intel i7-11700K CPU, an NVIDIA GTX 
4090 GPU, and 64 GB of RAM. From the constructed dataset, 80% of the samples were used for training, 10% 
for testing, and 10% for validation. A stratified random sampling strategy was adopted to ensure that the class 
distribution in the training and testing sets remained consistent with that of the original dataset. Under this 
experimental setup, the model was trained, and the detailed hyperparameter configurations are summarized in 
Table 1.

Hyperparameter Setting

Batch size 32

Number of epochs 300

Initial learning rate 0.01

Optimizer SGD

Input image resolution 640×640

Table 1.  Hyperparameter settings.

 

Figure 8.  Detailed visualization of the dataset.
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Experimental results and analysis
Training curve analysis
To verify the training stability and convergence performance of the proposed model, a comparative analysis was 
conducted between the baseline and the improved models. As shown in Fig. 9, both models exhibit a steadily 
decreasing trend in training loss as the number of epochs increases. The improved model converges more 
rapidly and demonstrates smaller fluctuations in later stages, indicating higher fitting efficiency. Meanwhile, the 
validation loss follows a consistent convergence trend with the training loss and eventually stabilizes, suggesting 
that the improved model achieves enhanced training performance while maintaining strong generalization ability. 
Furthermore, examination of the evaluation metrics reveals that all indicators increase steadily and ultimately 
converge as training progresses. Overall, the improved model achieves consistently higher performance curves 
across different stages, confirming its effectiveness in enhancing detection accuracy.

As illustrated in Fig. 10, the proposed improved model achieves a better overall Precision-Recall trade-off 
than the baseline model. The PR curves show that our method maintains higher precision and recall for most 

Figure 9.  Convergence curves of the baseline model and the improved model (the red box represents the 
baseline model RT-DETR, while the blue box represents our improved model).
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defect categories, and the overall mAP@0.5 is also improved, indicating stronger detection capability for railway 
defects under complex conditions.

As shown in Fig. 11, the Recall-Confidence curve and the Precision-Confidence curve indicate that, compared 
with the baseline model RT-DETR, the proposed model demonstrates higher stability and broader applicability. 
As the confidence threshold increases, the recall of the proposed model remains at a relatively high level for a 
longer range before gradually declining, whereas the baseline model shows a relatively faster downward trend. 
Meanwhile, the precision curve of the proposed model consistently maintains an advantage over the baseline 
across the entire confidence range, further confirming its effectiveness.

Meanwhile, as shown in Fig. 12, the confusion matrix indicates that the proposed method achieves comparable 
or superior classification accuracy across all categories compared to the baseline approach.

Overall, these results demonstrate that the topology-enhanced model achieves more stable and reliable 
detection performance in complex railway defect scenarios.

Visualization of experimental results
As shown in Fig. 13, the visualization of the model’s detection results demonstrates that the proposed model 
performs well in identifying clear and visually distinct defects, achieving high confidence scores with an average 
confidence above 0.5. This indicates that the model is effective in handling well-defined targets. However, 
for complex or blurred defect regions, the detection accuracy still requires further optimization to enhance 
robustness and precision.

(a) Visualization and validation of the SAGFE module As shown in Fig. 14, the feature maps extracted 
by the SAGFE module are more prominent and exhibit broader feature coverage, demonstrating its superior 
capability in feature extraction.

(b) Visualization and validation of the DMamba module As shown in Fig. 15, the output feature maps 
of the DMamba and SPPF modules are visualized to analyze their roles in multi-level feature extraction. The 
right images display the output feature maps of the DMamba module, where the responses are concentrated 
in localized regions and the distribution of strong activation areas is relatively sparse. This indicates that the 
DMamba module, through dynamic spatial state modeling, can more precisely capture fine-grained and subtle 
target features. Such capability makes it particularly suitable for tasks sensitive to local information, such as small 
object detection and fine detail extraction.

In contrast, the SPPF module produces feature maps with more uniformly distributed responses, where 
multiple regions exhibit strong activations. This suggests that the SPPF module, leveraging multi-scale 
pooling, effectively captures features at different scales and integrates hierarchical information. Such feature 
representations are advantageous for large object detection or scenes with complex backgrounds, enhancing the 
model’s ability to perceive and process global contextual information.

Through comparison, it can be observed that the DMamba module focuses more on capturing local details 
and fine-grained features—characteristics well aligned with the nature of railway defect detection—whereas the 
SPPF module emphasizes multi-scale global feature fusion, making it more suitable for general-purpose vision 
tasks.

(c) Visualization and Validation of the HyperGCN Module As shown in Fig. 16, several feature maps 
generated by the HyperGCN module are visualized. The results indicate that HyperGCN is not limited to pixel-
level or locally receptive convolutional representations; instead, it models high-order relational patterns by 
mapping the latent correlations between different regions through hyperedge structures. In these feature maps, 
bright regions correspond to strong correlation responses between nodes, while dark regions indicate weak 
or insignificant connections. This relational modeling enables the network to connect semantically related yet 
spatially distant regions, forming a non-Euclidean structured feature representation.

Compared with conventional convolutional features, the output of HyperGCN exhibits a distinct clustering 
pattern: some channels show multiple bright, clustered regions, implying that the module captures high-order 

Figure 10.  mAP curves of the model for each object category (the left figure represents the baseline model RT-
DETR, while the right figure represents our improved model).
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dependencies among different object parts or semantic regions; other channels display sparse activations, 
emphasizing selective associations between key areas. Overall, the relational patterns learned by HyperGCN not 
only enhance the discriminative power of local features but also integrate cross-regional contextual information 
into node representations through hypergraph reasoning, effectively improving the model’s robustness in 
complex detection scenarios.

(d) Visualization and Validation of the SCConv Module As shown in Fig. 17, the SCConv module is 
employed to integrate neighborhood features and perform guided refinement based on the relational features 
output by the HyperGCN module, thereby obtaining high-level representations with strong attention to defect 
regions. It is evident that the resulting features exhibit a highly distinct separation between foreground and 
background areas, clearly demonstrating the effectiveness of the proposed approach.

Ablation study and comparative study
The ablation study aims to systematically remove or replace key components of the model to analyze the specific 
contribution of each part to the overall performance. This approach provides an intuitive validation of the 
model’s design rationality and necessity, while highlighting the importance of individual modules within the 
architecture.

Figure 11.  Precision-confidence curve and recall-confidence curve (the right figure represents the baseline 
model RT-DETR, while the left figure represents our improved model).
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Figure 13.  Model’s detection results.

 

Figure 12.  Confusion matrix (the right figure represents the baseline model RT-DETR, while the left figure 
represents our improved model).
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(a) Ablation Study on the Backbone Network The backbone network of our model is an improved version of 
CSPDarknet, which is derived from the ResNet architecture. In this design, the SAGFE module is used to replace 
the original C2f module, while the DMamba module is integrated into the final layer of the backbone network.

As shown in Table 2, an ablation study was conducted on the two key modules proposed in this work—
SAGFE and DMamba. When only the SAGFE module was incorporated into the baseline model, the number 
of parameters significantly decreased (from 16.7M to 13.2M), while both recall and precision improved. 
This demonstrates that SAGFE enhances feature extraction capability while simultaneously reducing model 
complexity. After integrating the DMamba module, the model achieved a further improvement in mAP (from 
0.894 to 0.897), validating its effectiveness in global contextual modeling. When both modules were applied 
together, the model achieved the best overall performance, with P = 0.870, R = 0.892, and mAP = 0.906. These 
results indicate that local spatial-semantic modeling and global context modeling are highly complementary, 
jointly contributing to superior detection performance of railway defects under complex environmental 
conditions.

(b) Comparative Study on the Backbone Network To further validate the advantages of the proposed model, 
we conducted comparative experiments with several mainstream backbone networks. The comparison includes 
convolution-based architectures such as DenseNet and EfficientNet, as well as attention-based architectures such 
as Swin Transformer and CoT Transformer. In addition, the proposed method was also compared with the latest 
vision state-space model, Vision Mamba, to comprehensively demonstrate the superiority of our approach.

As shown in Table 3, in the comparative experiments on backbone networks, both DenseNet and EfficientNet 
achieved lower performance than Transformer-based and state-space-based models, indicating that convolutional 
architectures alone are insufficient for effectively modeling complex global semantic relationships. Among the 
Transformer-based networks, Swin Transformer and CoT Transformer demonstrated strong global modeling 
capabilities, with CoT Transformer achieving an mAP of 0.900, highlighting the advantage of its collaborative 
attention mechanism. Vision Mamba exhibited stable performance in both precision and recall, confirming the 
potential of state-space models in visual tasks.

In contrast, the proposed method achieved the best results across all three metrics: Precision (P) = 0.870, 
Recall (R) = 0.892, and mAP = 0.906, further improving detection accuracy. These results demonstrate that the 

Figure 15.  Visualization of feature maps from the DMamba module.

 

Figure 14.  Visualization of feature maps from the backbone network.
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SAGFE DMamba P R mAP Para (M)

0.864 0.884 0.894 16.7

✓ 0.868 0.889 0.890 13.2

✓ 0.867 0.888 0.897 18.1

✓ ✓ 0.870 0.892 0.906 15.6

Table 2.  Ablation study on the backbone network.

 

Figure 17.  Relational pattern features integrated by the SCConv module.

 

Figure 16.  Relational pattern features extracted by the HyperGCN module.
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proposed spatial-semantic relational modeling strategy effectively integrates local and global features, leading to 
superior detection performance in complex railway defect scenarios.

(c) Ablation Study on the Neck Network
The neck network of our model is built upon the PANet architecture. It primarily employs the HyperGCN 

module to extract guided relational features and utilizes the SCConv module to achieve adaptive calibration and 
feature fusion.

As shown in Table 4, the ablation results of the neck network demonstrate that the proposed modules 
contribute significant improvements to model performance. The SAGFE module in the backbone enhances local 
spatial-semantic representation while reducing parameters, yielding more discriminative features. The DMamba 
module effectively captures global contextual dependencies, improving detection robustness under complex 
backgrounds. In the neck structure, the HG-FPN integrates hypergraph reasoning and self-calibrated convolution 
to strengthen cross-scale semantic interactions and optimize feature fusion efficiency. When combined, these 
modules deliver consistent gains in precision, recall, and mAP, confirming their complementarity in local 
modeling, global context learning, and multi-scale feature integration.

(d) Comparative Study on the Neck Network To further validate the superiority of the proposed model, 
we conducted comparative experiments with several mainstream neck network architectures, including the 
conventional FPN, PANet, the bidirectional fusion network BiFPN, the high-order interaction-based HorNeck, 
and the graph reasoning-based GraphFPN.

As shown in Table 5, the comparative experiments on the neck network indicate that the proposed method 
outperforms mainstream multi-scale feature fusion structures such as FPN, PANet and BiFPN, achieving up 
to a 1.5% improvement in mAP. It also shows clear superiority over GraphFPN, further demonstrating the 
advantages of hypergraph reasoning and self-calibrated convolution in complex visual scenarios.

(e) Overall Ablation Study As shown in Table 6, the overall ablation results further validate the effectiveness 
of the proposed method. Independently improving either the backbone or the neck network leads to a significant 
performance gain, among which the HG-FPN demonstrates particularly notable improvements in multi-scale 
feature fusion, achieving an mAP of 0.910. When both enhanced components are applied jointly, the model 
attains the best overall performance, with Precision (P), Recall (R), and mAP all reaching their highest values, 
and the mAP increases to 0.916, representing a 2.2% improvement over the baseline.

(f) Robustness Evaluation Under Complex Interference Conditions To evaluate the robustness of the 
proposed method, we introduce various interference conditions into the test set through image processing 
techniques, constructing an augmented dataset that better simulates real-world railway inspection scenarios, 
including extreme illumination and severe surface contamination.

Neck P R mAP

FPN 0.848 0.863 0.877

PANet 0.864 0.884 0.894

BiFPN 0.866 0.880 0.895

GraphFPN 0.845 0.831 0.847

Ours 0.872 0.892 0.910

Table 5.  Comparative study on the neck network.

 

HyperGCN SCConv P R mAP Para (M)

0.864 0.884 0.894 16.7

✓ 0.867 0.892 0.898 18.1

✓ 0.871 0.889 0.894 17.9

✓ ✓ 0.874 0.892 0.910 19.3

Table 4.  Ablation study on the neck network.

 

BackBone P R mAP

DenseNet 0.851 0.862 0.871

EfficientNet 0.867 0.877 0.893

Swin transformer 0.875 0.881 0.895

CoT transformer 0.857 0.887 0.900

Vision mamba 0.865 0.871 0.899

Ours 0.870 0.892 0.906

Table 3.  Comparative study on the backbone network.
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As shown in Table 7. Under extreme illumination conditions, the overall performance shows a noticeable 
decline, with mAP decreasing from 0.916 to 0.872. This degradation can be attributed to the reduced local 
contrast and the distortion of fine structural details, which makes it more difficult for the model to detect small-
scale or low-contrast defects, leading to missed detections.

In contrast, the interference simulated by local noise, representing oil stains or environmental contamination, 
has a more pronounced impact on performance, reducing mAP from 0.916 to 0.826. This is because such noise 
may exhibit similar texture and appearance to certain defect patterns, thereby introducing false positives. In 
addition, the occlusion caused by noise can weaken the feature representation of defects, further affecting 
detection performance.

Although the proposed method demonstrates strong performance on the standard test set, these results 
indicate that vision-based defect detection methods still face challenges in complex railway environments, 
particularly in distinguishing true defects from visually similar interference. On the other hand, considering 
that practical railway inspection is typically based on continuous image sequences, such information loss can be 
partially mitigated through temporal consistency.

In future work, we will explore illumination-invariant feature learning and the integration of multi-modal 
information to further improve robustness under complex conditions.

(g) Overall Comparative Study
As shown in Table 8, compared with these representative methods, the proposed model achieves the best 

performance across all three evaluation metrics—P = 0.878, R = 0.898, and mAP = 0.916—exceeding the best-
performing YOLOv8 and DINO-DETR by 0.6 percentage points in mAP. This demonstrates that, benefiting 
from the synergistic integration of local semantic modeling, global contextual reasoning, and multi-scale feature 
fusion, our method exhibits superior detection capability and robustness in complex scenarios.

Overall, YOLO series achieve better speed—efficiency trade-offs, while DETR-based methods provide 
stronger global modeling but suffer from high computational cost and low FPS. RT-DETR improves this 
limitation with balanced performance. Compared with all baselines, our method achieves the best accuracy 
(mAP=0.916) with moderate FLOPs (152G), but at the cost of reduced speed (56FPS), indicating a trade-off 
favoring detection performance over real-time efficiency.

(h) Analysis of Limitations Despite the encouraging performance, the proposed method still has several 
limitations. First, the introduction of relational modeling and state-space components increases the architectural 
complexity to some extent. Although the additional computational overhead is controlled through sparse and 
region-level designs, the overall inference efficiency remains slightly lower than that of the baseline model. This 
may limit its applicability in scenarios with strict real-time constraints.

Second, the proposed method relies primarily on visual appearance for defect detection. As observed in the 
experimental analysis, its performance degrades under challenging conditions such as strong illumination and 

BackBone P R mAP Flops FPS

YOLO-V5 0.872 0.857 0.864 109G 190

YOLO-V8 0.876 0.894 0.910 165.2G 170

YOLO-V11 0.861 0.876 0.888 86.9G 230

DETR 0.855 0.807 0.823 187G 32

Dino-DETR 0.872 0.892 0.910 279G 13

RT-DETR 0.864 0.884 0.894 136G 185

Ours 0.878 0.898 0.916 152G 56

Table 8.  Overall comparative results.

 

Method P R mAP

Standard test set 0.878 0.898 0.916

Extreme illumination 0.862 0.841 0.872

Noise 0.824 0.871 0.826

Table 7.  Robustness evaluation results under different interference conditions.

 

BackBone Neck P R mAP Para (M)

0.864 0.884 0.894 16.7

✓ 0.870 0.892 0.906 15.6

✓ 0.874 0.892 0.910 19.3

✓ ✓ 0.878 0.898 0.916 18.2

Table 6.  Overall ablation results.
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heavy surface contamination. In particular, visually similar interference patterns may still lead to false positives, 
indicating that the current feature representation is not fully robust to complex environmental variations.

In future work, we will focus on improving computational efficiency, enhancing robustness under complex 
conditions, and exploring more adaptive mechanisms for parameter selection.

Conclusion
This paper proposes a rail defect detection method based on topology-enhanced relational modeling, which 
performs feature representation and fusion around local, global, and high-order semantic associations. First, 
the dynamic multi-order feature extraction module based on a semantic association graph effectively constructs 
a regional relational topology and employs sparse attention and graph convolution to extract features, thereby 
accurately capturing the semantic characteristics of defects. Second, the multi-directional random cross-scanning 
state-space modeling enables the extraction of global information under various spatial orderings, effectively 
enhancing the discriminability between defect and background features. Finally, the hypergraph-guided feature 
fusion pyramid effectively captures high-order dependency relationships among targets, strengthening semantic 
associations across multiple objects. Experimental results on a public railway defect dataset demonstrate that 
the proposed model achieves strong performance and robustness, verifying its effectiveness and generalization 
capability.

It should be noted that the model still has room for improvement in terms of lightweight design and 
deployment efficiency. Future work will focus on further optimizing computational efficiency across different 
application scenarios and developing more powerful inference mechanisms to handle severe occlusion and 
highly dynamic environments.

Data availability
The datasets used and analyzed during the current study are available from the corresponding author on rea-
sonable request.
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