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Finding industrial surface flaws is essential to ensuring production safety and manufacturing quality. However,
flaws in real-world industrial settings frequently exhibit traits such as large-scale changes, complex forms, high
background similarity, and inadequate sample labeling, which pose serious obstacles to automated identification.
This research suggests an industrial defect detection technique that combines static-dynamic graph relationship
modeling with multi-scale feature improvement to address these problems. This method introduces multi-scale
dilated convolution in the feature extraction stage to balance local details with global contextual information,
and combines a channel-space attention mechanism to adaptively highlight defect-related features and suppress
background interference. To further enhance the model’s discriminative stability and generalization capacity, a
static-dynamic graph joint category relationship modeling module is built in a high-level semantic space to
describe the structural relationships and dynamic similarities between defect categories. On several publicly
accessible industrial defect datasets, experimental results demonstrate that the suggested approach outperforms
current approaches in terms of detection performance. The proposed AM-GCN achieves 94.0% AUROC (DAGM
2007) and 90.1% mAP (NEU-DET), outperforming baselines by 0.9% and 1.9%, showing clear improvement from
static–dynamic GNN modeling. Concurrently, interpretability research confirms that the model’s concentration
on critical fault regions during the decision-making process is more rational and focused, indicating strong
engineering application potential.

Keywords: Industrial defect detection; Multi-scale features; Attention mechanism; Graph neural network; Industrial vision
© The Author(’s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC
BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and
source are cited.

http://dx.doi.org/10.6180/jase.202611_34.058

1. Introduction

As manufacturing advances toward automation, surface in-
spection is vital for ensuring product safety and reliability
[1]. Defects in industries such as aerospace and electronics
can impact performance and safety, making accurate de-
tection a key research focus [2]. Manual inspection under
long-term conditions is slow and prone to errors due to
human subjectivity [3]. Industrial systems require reliable
fault detection to reduce downtime and improve efficiency.
Accurate anomaly detection enhances production reliabil-
ity. CNN-based deep learning has improved industrial

defect detection via end-to-end feature learning [4]. How-
ever, small defect size, irregular shapes, and background
similarity make detection challenging [5]. Limited data
reduces generalization and increases overfitting risk.

As shown in Fig. 1, industrial surface defects include
stain and texture types. Stain defects appear as localized
color or brightness changes, while texture defects involve
structural damage such as scratches and cracks. Their dif-
ferences in scale, distribution, and saliency make single-
scale or single-feature methods insufficient for detection.

Several deep learning-based methods have been pro-
posed for industrial defect detection [6], including super-
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Fig. 1. Examples of stain and texture defects on industrial
surfaces.

vised, weakly supervised, and unsupervised approaches.
Supervised methods achieve high accuracy with sufficient
labeled data [7], but data collection and annotation are
costly. Recent studies have applied deep learning, atten-
tion, and graph learning for maintenance analysis. How-
ever, complex defect patterns remain challenging to model
accurately. Existing methods use multi-scale features and
attention mechanisms to improve defect detection and sup-
press background noise [8]. Some also apply GNNs for
relationship modeling. However, most approaches focus
on single aspects and lack joint integration, limiting overall
performance.

Industrial defect detection faces challenges like scale
variation, complex backgrounds, ignored category rela-
tions, and limited data. This paper proposes a multi-scale
feature enhancement with category relationship modeling
using dilated convolutions and attention to improve defect
representation and reduce background interference.

2. Theory and formula

2.1. The Proposed Industrial Anomaly Detection Model

Fig. 2 shows the proposed framework, which enhances fea-
ture representation and category discrimination for robust
industrial anomaly detection.

Fig. 2. Architecture of the proposed industrial anomaly
detection model.

2.2. Feature Extraction Module

Industrial anomalies vary in size, shape, and texture, so
single-level features may miss small or complex defects.
Hence, a ResNet multi-stage backbone (Stage 1–Stage 4)
is used to extract hierarchical features. Shallow features
capture edges and textures, while deep features encode
semantic and contextual information, together forming a
multi-scale basis for anomaly modeling.

2.3. Reasons for introducing multi-scale dilated convolu-
tion

Industrial anomalies often vary in scale but maintain struc-
tural continuity [9]. Traditional pooling-based convolution
can lose spatial details, reducing sensitivity to small defects
[10]. Therefore, dilated convolutions (D=2, 3, 4) are used
across ResNet stages to expand the receptive field while
preserving feature resolution.

Fi
d(p) = ∑

k
Wi(k) · Fi (p + ri · k) (1)

This design captures both local details and global con-
text, making it effective for detecting scale-varying in-
dustrial anomalies. Multi-scale dilated convolutions en-
able adaptive receptivefield learning to capture both fine-
grained defect details and large-scale contextual informa-
tion. This improves anomaly representation across varying
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defect morphologies and heterogeneous industrial surface
textures.

2.4. Motivation for Joint Modeling of Channel Attention
and Spatial Attention

Industrial images contain complex backgrounds, noise, and
texture interference, where not all features are equally use-
ful [11]. Therefore, cascaded channel and spatial attention
is used to highlight anomaly-related features [12]. Channel
attention evaluates the importance of each channel using
global statistical information:

Mc = σ
(

MLP
(

GAP
(

Fd
i

)))
(2)

And the features are weighted:

Fc
i = Mc ⊙ Fd

i (3)

This mechanism enhances anomaly-relevant feature
channels while suppressing noise. Spatial attention is then
applied to locate abnormal regions in the image:

Ms = σ (Conv 7 × 7 ([AvgPool ( Fc
i ) ; MaxPool (Fc

i )])) (4)

Fs
i = Ms ⊙ Fc

i (5)

By focusing on salient spatial regions, the method re-
duces background interference. It applies a sequential
channel-spatial attention strategy for feature screening and
localization.

2.5. 1 × 1 Convolution Alignment and Multi-Scale Fea-
ture Fusion

Features from different stages have varying channel di-
mensions and semantic levels, making direct fusion incon-
sistent. Therefore, 1 × 1 convolution is used to align and
compress features.

Zi = Conv 1 × 1 ( Fs
i ) (6)

This reduces computational complexity and enables ef-
fective multi-scale feature fusion in a unified space for
compact representation in class relationship modeling. The
1 × 1 convolution preserves essential semantic information
while aligning feature dimensions, enabling effective cross-
scale feature aggregation and improving consistency in
hierarchical defect learning.

3. experimental setup

3.1. Category Relationship Discrimination Module

3.1.1. The necessity of introducing category relationship modeling

Industrial defects are often correlated, and ignoring these
relationships may reduce classification stability [13]. There-
fore, a static GCN with an adjacency matrix As is used to

model category relationships.

H(l+1)
s = σ

(
D− 1

2
s AsD− 1

2
s H(l)

s W(l)
s

)
(7)

The static graph captures stable category relations, while
the dynamic graph adaptively models changing relation-
ships using feature similarity. The dynamic adjacency ma-
trix is defined as:

Ad(i, j) = softmax

 X⊤
i Xj

|Xi|
∣∣∣Xj

∣∣∣
 (8)

Dynamic graphs can adaptively adjust class relation-
ships based on sample features, giving the model stronger
scene adaptability. Finally, by fusing static and dynamic
graph features:

H = αHs + (1 − α)Hd (9)

The anomaly category is determined through a fully
connected layer, thereby enabling accurate identification of
industrial anomalies.

4. Attention enhancement submodule for indus-
trial anomaly detection

Fig. 3. Channel attention submodule.

As shown in Fig. 3, the module enhances anomaly fea-
tures by suppressing background noise through attention
weighting. Let the input feature map be:

F ∈ RH×W×C (10)

Here, H, W, and C denote the feature map dimen-
sions. Global average and max pooling are used to extract
channel-wise statistics.

favg = GAP( F), fmax = GMP( F) (11)

Average pooling captures global trends, while max pool-
ing highlights local anomalies for robust modeling [14].
Sigmoid activation adaptively weights features, highlight-
ing defectrelated responses while suppressing background
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noise, improving anomaly representation in complex in-
dustrial scenes. The final channel attention weights are
obtained through the Sigmoid function:

Mc = σ(z), Mc ∈ R1×1×c (12)

These weights indicate the importance of each chan-
nel for anomaly detection and are used to recalibrate the
original feature map at the channel level.

5. Static–dynamic graph relationship reasoning
submodule

Fig. 4. Static–dynamic graph reasoning submodule.

Fig. 4 shows static and dynamic graph convolution for
modeling category relationships and improving discrimi-
nation.

H(l+1)
s = σ

(
D− 1

2
s AsD− 1

2
s H(l)

s W(l)
s

)
(13)

Where H(0)
s = V; Ds is a degree matrix; W(l)

s represents the
learnable weights of layer (1). Static graph convolution
category information, and GAP aggregates the output for
further modeling.

g = GAP (Hs) (14)

As anomaly relations vary with data, static graphs are
insufficient, so a dynamic correlation matrix is built from
(H′) :

Ad(i, j) = softmax

 h′⊤i h′j∣∣h′i∣∣ ,
∣∣∣h′j∣∣∣

 (15)

Here, h′
i is the feature of the i-th category, and Ad rep-

resents the dynamic category similarity matrix. This corre-
sponds to the correlation matrix Ad.

5.1. Dynamic Graph Convolution

Perform graph convolution operations on a dynamic graph
Gd :

Z(l+1) = σ
(

AdZ(l)W(l)
d

)
(16)

Here, Z(0) = H′ and Z = z1, . . . , zN corresponds to
Z1, Z2, . . . , Zc in the graph. Dynamic graph convolution
adaptively updates the class based on sample features.

6. Experiment and results analysis

6.1. Experimental Environment and Setup

6.1.1. Description of the Dataset

Two public datasets, DAGM 2007 and NEU-DET, are used
for validation. DAGM 2007 contains 10 texture-based de-
fect classes with limited samples [15] and challenging fea-
ture discrimination [16], while NEU-DET includes six an-
notated steel defect types for supervised detection [17].

6.1.2. Implementation details

Experiments are conducted in PyTorch [18] using a ResNet-
based model with dilated convolution, attention, and graph
modules [19]. Images are resized to 400 × 400 with data
augmentation. The model is trained using the Adam op-
timizer for 200 epochs with a batch size 16. Proper ini-
tialization, adaptive updates, and learning-rate scheduling
ensure stable convergence and efficient optimization.

6.2. Results Analysis

Fig. 5. The proposed framework, which enhances feature
representation and category discrimination for robust

industrial anomaly detection.

Fig. 5 shows that AM-GCN consistently outperforms
RSN variants on CP, CR, OP, and CF1 metrics, achieving
faster convergence, greater stability, and higher final per-
formance.

Table 1 shows that AM-GCN significantly outperforms
all baseline methods (p < 0.05), with the largest improve-
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Table 1. Statistical significance analysis of AM-GCN improvements over baselines.

Comparison AUROC Gain (%) p -value Significance
AM-GCN vs RSN 5.3 <0.001 Significant
AM-GCN vs RSN + CBAM 2.6 0.004 Significant
AM-GCN vs RSN + CBAM + MLS 0.9 0.018 Significant
AM-GCN vs PatchSVDD 1.9 0.009 Significant
AM-GCN vs U-Student 1.5 0.012 Significant

Table 2. AUROC with Confidence Intervals.

Method Mean AUROC (%) Std. Dev. 95% Confidence Interval
RSN 88.7 0.92 88.13-89.27
RSN + CBAM 91.4 0.71 90.96-91.84
RSN + CBAM + MLS 93.1 0.58 92.74-93.46
AM-GCN 94.0 0.41 93.75-94.25

ment over RSN, demonstrating its effectiveness and relia-
bility.

Table 2 shows that AM-GCN achieves the highest AU-
ROC with the lowest variance and a narrow 95% confidence
interval, demonstrating stable, reliable, and robust perfor-
mance. Fig. 6 shows that AM-GCN achieves the highest

Fig. 6. AUROC Performance Comparison with Standard
Deviation Across Methods.

AUROC with the lowest standard deviation, indicating su-
perior, stable, and robust performance compared to other
methods. Table 3 compares methods on DAGM and NEU-
DET, showing steady gains with added modules. AM-GCN
performs best with the highest accuracy and lowest vari-
ance.

Here, ↑ indicates that the larger the value, the better the
performance. The spatial feature refinement module en-
hances fine-grained defect representation using multi-scale
receptive fields. Small kernels preserve subtle structural
details, while larger kernels capture broader contextual
information. This combination improves robustness in

microscopic defect detection. To validate each module,
components are progressively added or removed in the
AM-GCN framework, as shown in Table 4.

Tables 3 and 4 show that AM-GCN achieves superior
performance on DAGM 2007 and NEU-DET. The results
confirm that MLS, attention, and static–dynamic graph
modeling effectively improve defect detection and class
discrimination. The ablation study shows that dilated con-
volution and attention both improve defect representation,
and their combination further enhances detection perfor-
mance across both datasets, as shown in Table 5.

The static-dynamic graph convolution module adds
minimal overhead while maintaining efficient inference.
Table 6 highlights its balanced accuracy–efficiency trade-
off, demonstrating suitability for industrial inspection.

Multi-scale enhancement adds minimal overhead while
preserving efficiency, and dynamic graph convolution im-
proves robustness under noisy conditions. Table 7 shows
stable performance across reduction ratios, with the best re-
sult at 16. Fig. 7 shows that the proposed model accurately
localizes and classifies industrial defects, demonstrating
robust performance through multi-scale features, attention
mechanisms, and graph-based modeling.

Fig. 8 shows accurate defect localization, effective back-
ground suppression, and improved robustness, supported
by SHAP-based interpretability. Experimental results show
improved detection accuracy and classification stability.
The framework effectively handles complex backgrounds
and diverse defect characteristics. SHAP results show the
model focuses on true defect regions while suppressing
background noise, validating multi-scale and attention ef-
fectiveness. Transformer backbones further improve repre-
sentation and generalization, confirming the adaptability of
the graph-enhanced framework across feature extractors.
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Table 3. Overall performance (%) of different methods on two industrial defect datasets.

Method
Composition DAGM DAGM NEU-DET NEU-DET

module AUROC (%) F1 (%) mAP (%) Recall (%)
GANomaly refactor 76.2 ± 1.32 68.4 ± 1.15 71.3 ± 1.28 69.5 ± 1.20
1-NN distance metric 83.9 ± 1.08 74.6 ± 0.96 78.4 ± 1.02 75.2 ± 0.94
DOCC One type of classification 87.9 ± 0.95 78.1 ± 0.88 81.6 ± 0.91 79.4 ± 0.83
PatchSVDD Patch characterization 92.1 ± 0.67 83.7 ± 0.61 85.9 ± 0.65 83.2 ± 0.60
U-Student Teacher - Student 92.5 ± 0.63 84.1 ± 0.58 86.3 ± 0.61 84.0 ± 0.57
RSN Baseline CNN 88.7 ± 0.92 80.3 ± 0.81 83.4 ± 0.86 81.1 ± 0.79
RSN + CBAM attention 91.4 ± 0.71 83.2 ± 0.64 86.1 ± 0.69 84.0 ± 0.61
RSN + CBAM + MLS multi-scale 93.1 ± 0.58 85.6 ± 0.52 88.2 ± 0.55 86.5 ± 0.49
AM-GCN MLS + Attention + GCN 94.0 ± 0.41 87.3 ± 0.35 90.1 ± 0.38 88.6 ± 0.32

Table 4. Component analysis results (AM-GCN module ablation, %).

Model Multiscale Attention Diagram DAGM NEUDET
variants (MLS) (CA+SA) Relationships (GCN) AUROC mAP
Baseline (RSN) X X X 88.7 83.4
+ MLS

√
X X 90.6 85.0

+ MLS + Attention
√ √

X 92.8 87.1
+ MLS + Static-GCN

√
×

√
91.9 86.2

+ MLS + DynamicGCN
√

X
√

92.3 86.8
AM-GCN (Full)

√ √ √
94.0 90.1

Table 5. Focused Ablation Study on Attention and Dilated Convolution Modules.

Model Dilated Attention DAGM (%) NEU-DET
Variants Convolution (MLS) (CA + SA) AUROC (%) mAP (%)
Baseline (RSN) X X 88.7 83.4
+ Dilated Convolution

√
X 90.6 85.0

+ Attention Mechanism X
√

91.4 86.1
+ MLS + Attention

√ √
92.8 87.1

Table 6. Computational Efficiency Analysis of Static-Dynamic Graph Network.

Method Parameters (M) FLOPs (G) Inference Time (ms/image) Memory Usage (MB)
ResNet Backbone 25.6 4.1 18.2 420
+ Static Graph Module 28.3 4.8 20.5 450
+ Dynamic Graph Module 29.1 5.2 21.3 465
Proposed Static-Dynamic GCN 29.8 5.5 22.1 470

Table 7. Hyperparameter sensitivity analysis of the shared MLP reduction ratio.

Reduction Ratio (r) DAGM 2007 AUROC (%) NEU-DET mAP (%)
4 93.4 89.1
8 93.8 89.6
16 94.0 90.1
32 93.6 89.4

7. Conclusion

This paper addresses the challenges of significant multi-
scale variations, complex backgrounds, and neglected cat-
egory relationships in industrial surface defect detection.
It proposes a detection method that combines multi-scale
feature enhancement with joint modeling of static-dynamic
graph relationships. The multi-scale feature enhancement

(MLS) module independently improves defect representa-
tion by capturing both fine-grained local details and global
contextual information, which significantly strengthens
the model’s ability to detect defects of varying sizes. The
proposed approach achieves reliable anomaly detection
through enhanced feature learning and relationship mod-
eling, demonstrating potential for industrial inspection.
Extensive experimental results demonstrate that the pro-
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Fig. 7. Visualization of detection results on the industrial
defect dataset.

Fig. 8. Comparison of anomaly response visualization
results industrial categories.

posed method outperforms existing methods in terms of
detection accuracy, robustness, and small-sample adapt-
ability. Future work will explore more efficient model struc-
tures and cross-scenario adaptive capabilities to promote
the practical application of this method in real industrial
production lines. Future work will explore the scalability
of the proposed static–dynamic graph relationship model-
ing in real-time and edge-based industrial environments,
with emphasis on reducing computational complexity for
efficient deployment on resource-constrained devices.
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