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Abstract

In industrial quality control, deep learning-
based weld defect detection has shown promise 
but is often hindered by the need for extensive 
labeled datasets. This study introduces a novel 
graph neural network (GNN) approach for few-
shot classification of weld defect images, aimed at 
mitigating data dependence and enabling efficient 
defect detection in data-scarce environments. 
The goal is to achieve high accuracy with minimal 
labeled samples, reducing data collection costs 
and enabling applications in scenarios with 
limited annotated data. A GNN-based algorithm 
is designed that incorporates a patch mechanism 
to reduce computational complexity and a self-
attention mechanism to enhance node feature 
representation. The model is evaluated on public 
datasets (Al5083 and SS304) using only 5% of the 
training data, and its performance is compared 
against the ResNet18 baseline. The proposed model 
achieves accuracies of 82.0% on Al5083 and 94.8% 
on SS304, outperforming ResNet18 by 5.2% and 
2.4%, respectively. Results demonstrate strong 
generalization performance with limited training 
samples, validating the efficacy of the approach in 
few-shot settings. This work reduces dependency 
on large, annotated datasets, lowering the cost and 
effort of data collection in industrial environments. 
It provides a practical solution for high-precision 
detection of weld defects in data-scarce scenarios, 
with potential applications in specialized 
manufacturing contexts.
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Introduction 
Although process parameters have been designed and 

optimized for specific applications and materials to achieve 
optimal weld results, defects such as porosity, cracks, and 
incomplete fusion still occur in actual production during 
the welding process (Ref. 1). The key cause of these defects 
lies in uncontrollable, or inadequately controlled, devia-
tions between the welding conditions and the designed 
target values. For example, variations in material batches, 
transient disturbances in the heat source and molten pool, 
welding speed, current/voltage fluctuations, joint fit and 
fixture positioning errors, the welding environment, and 
operator behavior can all cause deviations in actual heat 
input, penetration depth, cooling rates, and molten pool 
flow from expected values, thereby inducing defects such as 
porosity, solidification cracks, heat-affected zone cracks, or 
incomplete fusion (Ref. 2). Therefore, welding quality control 
relies not only on prior process design and optimization but 
also on process robustness and the controllability of on-site  
conditions — that is, the focus should be on minimizing oper-
ational deviations, enhancing tolerance to disturbances, and 
implementing online monitoring and feedback control to track 
actual welding process variables and make timely corrections, 
thereby reducing the defect rate (Ref. 3). If left undetected 
and unaddressed, these flaws can severely undermine the 
product’s performance and longevity (Ref. 4). Traditional 
approaches to welding defect detection have predominantly 
hinged on manual visual inspection or on non-destructive 
testing techniques grounded in physical principles, such as 
x-ray radiography and ultrasonic testing (Ref. 5). Although 
these methods have shown some effectiveness in defect 
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identification, they are not without limitations, including low 
detection efficiency, high costs, and stringent demands on 
operator expertise.  

Researchers have actively explored alternative detection 
technologies for welding defects. For instance, researchers 
have designed sensor-based systems to achieve higher-pre-
cision defect identification (Ref. 6). By analyzing acoustic, 
thermal, and optical signals generated during welding and 
developing corresponding algorithms, researchers auto-
mated defect detection, thereby reducing reliance on manual 
inspection and minimizing human error (Ref. 7). Zhang’s team 
employed acoustic emission technology to monitor acoustic 
signals emitted from the weld zone (Ref. 8). By extracting 
relevant signal features and applying complex machine learn-
ing classification algorithms, they successfully identified 
porosity and crack defects within welds. This method not 
only enhances detection accuracy but also enables real-
time monitoring, which is crucial for timely intervention and 
correction during welding. Similarly, Yu’s team employed 
infrared thermal imaging cameras to capture thermal signals 
from welding zones (Ref. 9). Combined with advanced image 
processing techniques, this approach analyzes temperature 
variations and anomaly indicators to precisely identify weld-
ing defects. The real-time defect detection capability based 
on thermal signatures significantly elevates quality control 
standards in welding operations. Research has demonstrated 
that computer vision technology offers highly efficient and 
indispensable value in weld defect detection (Ref. 10).

In recent years, spurred by rapid advances in computer 
vision technology, numerous scholars have devoted substan-
tial research to exploring the application of deep learning 
models in weld defect detection. Regarding welding defects, 
visual inspection provides an intuitive assessment of weld 
quality, as defects often manifest as recognizable abnormal-
ities in weld appearance. Early visual inspection solutions 
mainly relied on feature engineering or manually defined 
rules. Feature engineering extracts characteristics from weld 
images, including shape features (e.g., length, width, area), 
texture features (e.g., gray-scale co-occurrence matrix, local 
binary patterns), and color features (Ref. 11). Based on the 
relationship between these features and weld defects, corre-
sponding detection models can be built (Ref. 11). For instance, 
for porosity defects — typically circular or near-circular with 
small areas — the presence of porosity could be determined 
by extracting circular features from the image and applying 
an area threshold. Manually defined rules, on the other hand, 
establish a series of judgment criteria based on expert expe-
rience and prior knowledge. Examples include classifying 
cracks exceeding a certain length on the weld surface as 
defects or considering weld bead height outside specified 
ranges as defects. However, these traditional approaches 
have limitations. Feature engineering requires manual feature 
extraction, which is cumbersome and inefficient, and the 
extracted features may not comprehensively and accurately 
reflect all weld defects (Ref. 12). Manually defined rules rely 
heavily on expert experience and subjective judgment, poten-
tially failing to accurately identify complex defect scenarios. 
Moreover, establishing and adjusting these rules demands 
significant time and effort.

Convolutional neural networks (CNNs) have been widely 
used in weld defect detection. Typically, this method employs 
an optical camera to capture images of the weld pool, 
which are then transmitted to a computer and processed 
with a CNN or a fully connected network (FCN), enabling 
real-time, accurate defect detection (Ref. 13). Currently, 
the main deep learning models applied in the image field 
are AlexNet (Ref. 14), VGG (Ref. 15), Inception (Ref. 16), 
ResNet (Ref. 17), MobileNet (Ref. 18) and DenseNet (Ref. 
19), which perform very well on some large general tasks, 
such as image classification tasks on ImageNet (Ref. 20) 
dataset and target detection and segmentation tasks on 
COCO (Ref. 21) dataset. However, some adjustments and 
modifications are often needed to achieve better results 
for real industrial environments. Therefore, many scholars 
have proposed various optimization strategies for existing 
network models. Wang and Yu (Ref. 22) utilized a migration 
learning approach, used VGG13 as a feature extraction and 
classification network to classify weld defects, utilized the 
weights of the model trained on ImageNet as initialization, 
and used Grad-CAM for feature map visualization, which 
effectively improved the model performance, as explored in 
Refs. 23 and 24. Golodov and Maltseva (Ref. 25) proposed 
a model for defect detection in x-ray images of pipe welds, 
which utilized FgSegNet_v2 to segment the images, then 
used EfficientNet-B0 for image classification, and finally 
achieved 82.73% classification accuracy on their collected 
dataset. Data augmentation is a common optimization tool 
that can effectively improve the model’s generalization 
ability, and it has been shown to yield better results (Refs. 
26–28). There are also many works that incorporate atten-
tion mechanisms into existing networks to enhance model 
detection performance (Refs. 29–31).  

However, despite the large body of work demonstrating 
the robust performance and reliability of deep learning 
models for defect detection, many problems remain in 
practice, such as: 
 ■ Training models usually require the acquisition of large 

datasets, as well as the actual industrial environment. 
Given that the data generally exists in a certain degree 
of confidentiality, there is almost no circulation of data 
between different companies, therefore, it is difficult 
to obtain large-scale datasets like general-purpose 
datasets such as ImageNet and COCO, which leads to 
models that perform well in other fields being easily 
overfitted and the model performance cannot be fully 
exploited.  
 ■Data labeling requires specialized technical staff. It is 

not a generalized process, meaning the datasets needing 
to be trained are plentiful given since the consumption 
that brought this aspect about is undoubtedly huge. 
 ■Defective image acquisition in some scenes is too 

expensive to obtain more real data, even if the original 
image is not labeled. With very little data, the model is 
easily overfit during training, and performs very well in 
the training set, but the effect is far from that in the test 
set, and the reliability of this algorithm is doubtful.  

To solve these problems, several scholars have proposed 
relevant solutions. Zhao et al. (Ref. 32) proposed a feature- 
aware network (FaNet) to extract comprehensive feature 
information. Dai et al. (Ref. 33) proposed a FaNet to extract 
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comprehensive feature information. Yang et al. (Ref. 28) 
used a GAN to generate a defect image to expand the data-
set for model training. Although many contributions have 
been made by previous authors in these areas, there is still a 
gap in designing models that achieve ideal performance in 
small-sample environments. To address this, we propose a 
deep learning model that combines graph neural networks 
and convolutional neural networks to mitigate overfitting in 
small-sample defect detection. Experiments on the public 
datasets Al5083 and SS304 show that our model achieves 
better generalization and robustness than existing CNN- 
and FCN-based models.  

The following are the contributions of this paper: 
 ■Design a neural network with strong generalization 

performance for a small sample environment.  
 ■Optimize the graph construction to reduce the number 

of operations since graphs usually consist of many nodes 
and edges and consume a lot of arithmetic power for 
graph operations.
 ■ Enhance the expressiveness of different graph nodes, 

we combine self-attention in such a way that the features 
of different nodes are scaled.  

Methodology
Graph neural networks (GNNs) are deep learning models 

specifically designed to process graph-structured data. 
Unlike traditional and fully connected CNNs, GNNs can 
directly operate on graph nodes and edges, thereby captur-
ing complex relationships and dependencies among nodes 
(Refs. 34, 35). In GNNs, each node typically represents an 

entity, while edges denote relationships between entities. 
GNNs update the representation of a given node by aggre-
gating information from its neighbors, thereby learning 
feature representations across the entire graph. The core 
idea of GNNs is to leverage the graph’s topological struc-
ture to enhance node feature representations. For welding 
defect detection tasks, GNNs achieve defect identification 
and classification through the following steps (Refs. 36, 37): 

1. The graph is constructed by converting the input weld-
ing image or feature maps extracted via CNN into a graph 
structure. In this graph, each pixel or feature point can be 
treated as a node, and edges can be established based on 
spatial proximity (e.g., an eight-neighborhood) or other sim-
ilarity metrics. This transformation enables GNNs to directly 
process spatial relationships and contextual information 
within images. Next comes feature extraction and graph 
convolution. A CNN serves as the feature extractor, deriving 
high-level features from the original welding image. These 
feature maps are then converted into a graph structure 
where each node’s feature vector is concatenated from data 
at corresponding positions in the feature map. This approach 
allows the GNN to leverage the rich features extracted by 
the CNN for subsequent processing.

2. Convolution operations are applied on the graph struc-
ture using a graph convolutional network (GCN) to aggregate 
information from neighboring nodes and update the feature 
representation of the current node. The GCN progressively 
extracts and integrates high-level features from the graph 
through multiple convolutional layers, thereby enhancing 
its ability to identify welding defects. Each layer of the GCN 
updates the current node’s feature vector by aggregat-

Fig. 1 — 8-neighbor edges construct a graph.

OCTOBER 2026 | 297-s



ing features from neighboring nodes, enabling the node 
to capture broader contextual information. Next is the 
self-attention mechanism. The self-attention mechanism 
allows the model to dynamically adjust the contributions of 
different neighboring nodes to the current node’s feature 
update, thereby enhancing its ability to capture key features. 
In weld defect detection, the self-attention mechanism helps 
the model more accurately identify key nodes and features 
associated with defects.

3. Classification and identification occur. The graph fea-
tures processed through multiple layers of GCN convolutions 
and self-attention are fed into a fully connected layer for clas-
sification. By learning the mapping relationship from graph 
features to defect categories, the model achieves accurate 
identification and classification of welding defects. The final 
output feature vector contains probability estimates for each 
category, with the category exhibiting the highest probability 
selected as the prediction result (Ref. 38).

We will introduce how graphs are constructed, how graph 
neural networks are operated, the self-attention mechanism 
used for graph nodes, and our proposed model.

Graph Construction

Because the input image is not a graph in the strict sense, 
we first convert the image — or the feature maps extracted 
by a CNN — into a graph structure. Usually, each pixel in 
the feature maps is considered a node in the graph, and 
the feature value of each node is the concatenation of the 
channel-dimension data at the corresponding pixel location 
across those feature maps. Thus, for a feature map of length, 
W, and height, H, there are W × H nodes. For such nodes, 
there are various ways to construct their edges, including 
the neighboring-edge construction method and KNN-based 
nearest-neighbor points (Ref. 39). In this paper, since the 
task involved is a classification task without strict positional 
relationships, with consideration of the computational cost, 
the edges of graph nodes are chosen to be constructed in 
the form of eight-neighbor edges. The construction method 
is shown in Fig. 1.

Given the size of the feature map, the number of graph 
nodes constructed directly is usually large; therefore, we 
draw on common image processing techniques in the Vision 
Transformer architecture and design a patch mechanism to 
reduce the number of graph nodes constructed. The details 
are shown in Fig. 2. This operation is applied to transform 
the shape of the feature map before building the graph, 
and when the height and width are odd, zero-padding is 
applied to the boundary. Taking a 31 × 25 feature map as 
an example, this mechanism reduces the number of nodes 
and edges from 775 and 5868 to 208 and 1494, which rep-
resent 26.8% and 25.5% of the original values, respectively.

Graph Convolutional Networks

GCN is a widely used GNN that has been extensively 
studied and applied since its proposal. The GCN model is 
a convolutional neural network that aggregates features 
via convolutional operations over information from neigh-

boring nodes and then learns node representations (Ref. 
40). The core idea of the GCN model is to use the idea of a 
convolutional neural network to transform graph structure 
data into matrix form for processing, so as to achieve tasks 
such as node classification, graph classification, and link 
prediction.

A graph can be represented as  X ∈ ℝN×F, which consists 
of N nodes, each with F-dimensional features. The edge 
information in the graph is represented by the adjacency 
matrix A. Each node usually needs to connect itself such that 
the self-connected adjacency matrix is denoted as Ã = A + 
IN, where IN denotes the unit matrix.  The current popular 
graph convolution operation is usually calculated using the 
Tang et al. (Ref. 41) first-order approximation proposed by 
Kipf and Welling (Ref. 42) as follows:

		  H(X,W)=σ(D̃-
1
2 ÃD̃-

1
2XW) 
	

 
where  Di = ΣjÃij, W is a trainable weight matrix, and σ() is a 
nonlinear activation function such as Relu.

(1)

~

Fig. 2 — Patch.

Fig. 3 — Self-attention, where X is matrix multiplication.
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Graph Self-Attention

In GNNs, we incorporate a self-attention mechanism 
to improve the network’s expressiveness and inference 
accuracy. Unlike traditional CNNs, the self-attention mech-
anism can adaptively learn interactions between nodes 
and use them as weights to compute a weighted sum of 
node features (Ref. 43). By introducing the self-attention 
mechanism, the GNN can perform self-attention and infor-
mation interaction for each node globally while traversing 
the entire graph structure, thus improving the efficiency 
and accuracy of information flow.

Self-attention (Refs. 44–46) is calculated as in Eq. 2. For 
each input location i, we compute its similarity scores with 
itself and with other locations j.  This can be obtained by 
calculating the dot product of Qi and Kj, i.e., (QKT)i, j, and 
dividing it by the square root of dK to obtain a normalized 
score, and then converting all scores into probability values, 
i.e., attention, by the softmax function. The Q, K, and V are 
calculated as in Eq. 3; Wq, Wk, and Wv are trainable weight 
matrices.

						    
Attention = softmax(QK

T

√dk
)                                          

 

Figure 3 shows our self-attention for nodes and the cal-
culation as in Eq. 4, where i represents the i-th node, j ∈ N \ 
i, and dK is the dimension of K.

Q=WqX, K=WkX, V=WvX     
 

Nodei
*=Nodei+softmax(

concatenate(QiKi
T,QiKj

T)

√dk
)V 

Proposed Model

Figure 4 illustrates the structure of our proposed model. 
The model consists of a ResNet18 (Ref. 17) and multiple 
layers of GCNs, with a self-attention module added after the 
first GCN to enhance the responsiveness of different nodes.  
The specific process follows taking the Al5083 dataset (Ref. 
47) as an example and a 400 × 487 × 1 image as input. A 
256 × 16 × 13 feature map is extracted by ResNet18, and 
then the feature map is converted into a graph via patch 
processing.  Finally, the graph is sent to the GCN layer to 
obtain a graph with a feature dimension of 6, and after aver-
age pooling, a feature vector of length 6 is obtained. The 
feature vector is the probability of over categories. For model 
training, back propagation (Ref. 48) is used to update the 
weight parameters, which are calculated as in Eq. 5. Cross 
Entropy is chosen as the loss function, and the equation is 
given in Eq. 6.

						    
wij=wij-α

∂L(w)
∂wij

 

 

(2)

(3)

(4)

(5)

Fig. 4 — Proposed model.

OCTOBER 2026 | 299-s



where wij denotes the weight connecting the i-th neuron 
to the j-th neuron, L(w) is the loss function, and 𝛼 is the 
learning rate, which indicates the step size of each update. 
          denotes the partial derivative of the loss function with 
respect to wij, i.e., the rate of change of the loss function with 
respect to wij under the current parameters.

L(θ)=
1
N∑∑ yic

C

c=1

N

i=1

log(pic)  
 
 
where 𝜃 denotes all parameters involved in the calculation, 
N denotes the total number of samples, C denotes the total 

∂L(w)
∂wij

(6)

Fig. 5 — Al5083 and SS304 data distribution.

Table 1 — Al5083 Training Set and Test Set Data Distribution

Label
Al5083 SS304

Train Test Train Test

Good Weld 8758 2189 15,752 7628

Burn Through 1783 351 977 731

Contamination 6325 2078 1613 960

Incomplete Fusion 4028 1007 5036 1490

Misalignment 2953 729 – –

Incomplete Joint Penetration 2819 234 – –

High Travel Speed – – 630 249

Lack of Shielding Gas – – 196 102

Total 26,665 6588 24,204 11,160
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number of categories, 𝑦ic denotes the true label of the i-th 
sample belonging to the c-th category, and pic denotes the 
prediction probability of the model for the i-th sample 
belonging to the c-th category.

Experiment Results and Discussion
This section describes the data sources and preprocessing 

methods, the metrics used to evaluate model performance, 
and the specific training details. Our experimental design 
explores the impact of different GCN layers, the addition 
of self-attention structures, and the Patch mechanism on 
performance; all CNNs use ResNet18.

Experiment Datasets

To make the experimental results more convincing and 
comparable, we used public datasets for training and testing. 
The code is available upon request. 

In this study, two weld-defect datasets are used: Al5083 
(Ref. 47) and SS304 (Ref. 49). They are both proposed by 
Bacioiu et al. (Refs. 47, 49), and the former is a visible spectral 
image dataset of the Aluminum 5083 gas tungsten arc weld-
ing (GTAW) process. It is acquired using a high-dynamic-range 
(HDR) camera with good contrast, similar to the images 
welders see during actual operations, and contains 26665 
training sets and 6588 test sets. The latter was acquired 
by photographing the molten pool during GTAW of SS304 
steel plates and contains 24,204 training sets and 11,160 test 
sets. Table 1 is visualized in Fig. 5, which displays the distri-
bution of welding defect data for Al5083 and SS304. The 
data reveal that the primary defect types for both materials 
are contamination and incomplete fusion.  Both datasets 

Fig. 6 — Samples of the Al5083 dataset.
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contain six categories: one good category and five categories 
of defects. Some samples of the dataset are shown in Figs. 6 
and 7. The datasets are available upon request.

This study investigates performance differences among 
the models with small samples. The training-to-test set ratio 
is close to 8:2 for both datasets mentioned above, so only 
5% of the training set was randomly selected for testing. 

To enhance dataset diversity and the model’s ability to 
generalize, we augmented the data. For the Al5083 data-
set, for example, we first randomly cropped the image to 
600 × 731, then applied a random horizontal flip, brightness 
and contrast adjustments, and finally resized to 400 × 487. 
For the SS304 dataset, the operation was the same as for 

the Al5083 dataset, except that the random crop size was  
768 × 560 and the final resize was 320 × 175.

Evaluation Metrics

The performance evaluation metrics include accuracy, 
precision, recall, F1-score, and AUC, which are calculated 
as follows:

Accuracy=
TP+TN

TP+TN+FP+FN (7)

C

contamination

D

incomplete fusion

Fig. 7 — Samples of the SS304 dataset.
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Precision=
TP

TP+FP 
 

Recall=
TP

TP+FN 
 

F1-score = 2×Precision×Recall
Precision+Recall 

 

AUC=∫ TPR(FPR)dFPR
1

0
 

  
where:

 ■ TP (True Positive): number of correctly predicted positive 
samples
 ■ TN (True Negative): number of correctly predicted 

negative samples
 ■ FP (False Positive): number of negative samples 

incorrectly predicted as positive
 ■ FN (False Negative): number of positive samples 

incorrectly predicted as negative
 ■ TPR (True Positive Rate) =         TP

			          TP + FN

 ■ FPR (False Positive Rate) =       FP 
			          FP + TN

The Area Under the ROC Curve (AUC) represents the prob-
ability that a classifier will rank a randomly chosen positive 
instance higher than a randomly chosen negative instance.  
An AUC of 1 indicates perfect classification, while 0.5 rep-
resents random guessing.

Implementation Details

In this work, we used the Adam optimizer for all model 
training, with an initial learning rate of 0.01 that was increased 
to 0.1 after 35 epochs, for a total of 60 epochs. The number of 
neurons per GCN layer was set to 512. All experiments were 
developed using Python 3.8 in a Windows 10 environment 
with a pytorch deep learning library, using Inter i5-12400F 
and Nvidia RTX-3060 hardware.

Ablative Experiments

Tables 2 and 3 present the results for the datasets Al5083 
and SS304, respectively. Among all configurations on the 
Al5083 dataset, ResNet18 with a single GCN layer and 
self-attention (no patches) achieved the best performance: 

(8)

(9)

(10)

(11)

Table 2 — Performance Metrics with 5% Al5083 Training Set

Model GCN
Layers Patch Self-

Attention
Acc.
(%)

Prec.
(%)

Rec.
(%) AUC

ResNet18 - – – 76.8 74.2 75.1 0.812

ResNet18 1 – – 81.2 79.8 80.3 0.874

ResNet18 2 – – 80.3 78.5 79.2 0.863

ResNet18 3 – – 77.8 75.6 76.4 0.832

ResNet18 4 – – 72.1 70.3 71.0 0.781

ResNet14 1 – – 80.4 78.9 79.5 0.869

ResNet14 2 – – 80.3 78.7 79.1 0.866

ResNet18 1 ✓ – 80.4 78.8 79.6 0.868

ResNet18 2 ✓ – 80.0 78.2 79.0 0.861

ResNet18 1 – ✓ 82.0 80.9 81.2 0.885

ResNet18 2 – ✓ 81.3 79.7 80.5 0.872

ResNet18 1 ✓ ✓ 81.8 80.3 80.9 0.880

ResNet18 2 ✓ ✓ 80.6 79.1 79.8 0.865
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Accuracy = 82.0%, AUC = 0.885. This improves accuracy by 
5.2% over the baseline ResNet18 (without GCN).

On the SS304 dataset, the same configuration achieved 
the best results (Acc = 94.8%, AUC = 0.981), improving 
accuracy by 2.4%. This indicates that combining GCN with 
self-attention significantly enhances the model’s feature 
aggregation capability and its ability to perceive critical 
information under small-sample conditions. Regarding the 
impact of GCN layer count, increasing the number of GCN 
layers initially improves performance, then declines. A single 
GCN layer performs well on both datasets (Al5083: 81.2%, 
SS304: 94.2%), but performance drops significantly when 
the number of layers increases to four (Al5083: 72.1%).

This indicates that overly deep GCN structures are prone 
to overfitting in few-shot scenarios, undermining general-
ization. Regarding the trade-offs of the Patch mechanism, 
while it reduces computational load (node count decreases 
to 26.8%), it slightly weakens performance. For instance, on 
Al5083, the accuracy of ResNet18 + 1-layer GCN + Patch is 
80.4%, a 0.8% decrease compared to the version without 
Patch (81.2%). This may occur because the Patch operation 
obscures local detail features, compromising the integrity 
of edge information. Analysis of the beneficial effects of 
self-attention shows that it consistently enhances model 
performance. Across both datasets, incorporating self-at-
tention significantly improves both Accuracy and AUC for 
single-layer GCN models (Al5083: +0.8%, SS304: +0.6%). 

This demonstrates its ability to dynamically strengthen 
feature representations of defect-related nodes, thereby 
increasing the model’s sensitivity to critical regions. Com-
parative analysis of backbone networks shows that ResNet14 
(a shallow network) performs slightly below ResNet18 
(e.g., 80.4% vs. 81.2% for a single-layer GCN on Al5083), 
indicating that deeper feature extractors provide richer 
semantic information suitable for learning complex patterns 
in welding defects. The proposed CNN-GCN-self-attention 
architecture maintains outstanding performance even with 
extremely limited training data, making it particularly suit-
able for welding defect detection tasks in industrial settings 
where data scarcity is prevalent. The results were visualized 
for comparison, as shown in Fig. 8.

Comparative Experiments

To comprehensively evaluate the effectiveness of the 
proposed neural architecture that integrates CNNs and 
GCNs, we conducted comparative experiments between the 
high-performing ResNet18 + 1-layer GCN + self-attention 
model and various state-of-the-art deep learning models 
widely used in image classification and defect detection 
tasks. Comparison models encompass both classical convo-
lutional neural networks and methods specifically designed 
for a few-shot learning scenarios in recent years. All models 
were trained and tested under identical experimental con-

Table 3 — Performance Metrics with 5% SS304 Training Set

Model GCN Layers Patch Self-Attention Acc.
(%)

Prec.
(%)

Rec.
(%) AUC

ResNet18 — – – 92.4 90.1 91.8 0.961

ResNet18 1 – – 94.2 92.3 93.6 0.976

ResNet18 2 – – 93.0 91.0 92.4 0.968

ResNet18 3 – – 90.2 88.0 89.5 0.951

ResNet18 4 – – 84.6 82.2 83.9 0.912

ResNet14 1 – – 93.5 91.5 92.9 0.973

ResNet14 2 – – 92.9 90.8 92.3 0.966

ResNet18 1 ✓ – 93.7 91.7 93.1 0.974

ResNet18 2 ✓ – 92.0 89.8 91.5 0.958

ResNet18 1 – ✓ 94.8 93.0 94.2 0.981

ResNet18 2 – ✓ 93.1 91.1 92.5 0.969

ResNet18 1 ✓ ✓ 94.6 92.7 94.0 0.979

ResNet18 2 ✓ ✓ 92.6 90.5 92.0 0.963
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ditions using only 5% of the training data from the Al5083 
and SS304 datasets, demonstrating the superior accuracy, 
generalization, and robustness of our proposed model in 
data-scarce environments. All models were trained using the 
Adam Optimizer with an initial learning rate of 0.01, which 
was reduced to 0.1 after 35 epochs, for a total of 60 train-
ing epochs. Performance evaluation was based on defined 
metrics — accuracy, precision, recall, F1-score, and AUC. The 
comparative experimental results on the Al5083 and SS304 
datasets are presented in Tables 4 and 5, respectively. The 

proposed neural network architecture, which integrates 
CNNs and GCNs, achieved the best performance across all 
evaluation metrics in both datasets. In the Al5083 dataset, 
our model achieved an accuracy of 82.0%, surpassing the 
baseline ResNet18 by 5.2% and the second-best FaNet by 
1.9%. Similarly, on the SS304 dataset, our model achieved 
an accuracy of 94.8%, outperforming ResNet18 and FaNet 
by 2.4% and 0.8%, respectively. Consistent improvements 
in precision, recall, F1 score, and AUC further validate the 
model’s robustness and generalization capabilities. The 

A B

C D

Fig. 8 — Performance metrics with 5% training set: Top A–D: Al5083; Bottom A–D: SS304.

A B

C D
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model’s outstanding performance stems from its integration 
of graph neural networks with self-attention mechanisms, 
enabling effective capture of spatial relationships and con-
textual information in data, even with limited samples. In 
contrast, classical CNNs such as ResNet18 and VGG16 rely 
heavily on large training datasets and are prone to over-
fitting in few-shot scenarios. Although few-shot learning 
methods such as ProtoNet and Matching Network outper-
form traditional CNNs, they still fall short of the proposed 
approach, highlighting the advantages of graph-based  
feature aggregation and attention-weighted node pro-
cessing. In weld defect images, subtle texture and 
morphological variations serve as critical discriminatory 
features. The proposed method more effectively captures 
these fine-grained characteristics by explicitly modeling 

relationships between pixels or feature points through 
graph structures.

Results Visualization

The training results of the model on the Al5083 Dataset 
and the SS304 Dataset are shown in Figure 9. As shown in 
the figure, both training (green) and testing (red) accuracy 
increase rapidly within the first 20 epochs before stabi-
lizing. Simultaneously, the training loss (blue) and testing 
loss (orange) decrease sharply over the first 10 epochs, 
then gradually approach zero. The two accuracy curves also 
remain closely aligned with the loss curves, indicating that 
the model achieves rapid convergence on both datasets 

Table 4 — Comparative Experimental Results Using 5% of the Al5083 Training Set

Model Acc. (%) Prec. (%) Rec. (%) F1. (%) AUC

ResNet18 76.8 74.2 75.1 74.6 0.812

VGG16 74.5 72.1 73.0 72.5 0.793

EfficientNet-B0 77.2 75.0 75.8 75.4 0.819

DenseNet121 78.1 75.9 76.7 76.3 0.826

ProtoNet 79.3 77.5 78.2 77.8 0.841

Matching Network 78.5 76.3 77.1 76.7 0.832

FaNet 80.1 78.3 79.0 78.6 0.857

Ours 82.0 80.9 81.2 81.0 0.885

Table 5 — Comparative Experimental Results Using 5% of the SS304 Training Set

Model Acc. (%) Prec. (%) Rec. (%) F1. (%) AUC

ResNet18 92.4 90.1 91.8 90.9 0.961

VGG16 90.8 88.5 90.2 89.3 0.951

EfficientNet-B0 92.7 90.4 92.1 91.2 0.963

DenseNet121 91.0 88.7 90.4 89.5 0.946

ProtoNet 93.5 91.5 92.9 92.2 0.973

Matching Network 93.2 91.0 92.6 91.8 0.969

FaNet 94.0 92.0 93.5 92.7 0.978

Ours 94.8 93.0 94.2 93.6 0.981
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without significant overfitting, demonstrating highly sat-
isfactory training results.

To further quantitatively evaluate the model’s classifi-
cation performance and error distribution across different 
defect categories, we present the confusion matrices for the 
model (ResNet18 + 1-layer GCN + Self-Attention) on the 
test sets of both datasets, utilizing only 5% of the training 
data. The normalized confusion matrices, which show the 
classification accuracy for each category and the nature 
of misclassifications, are shown in Fig. 10 for the Al5083 
dataset and in Fig. 11 for the SS304 dataset.

The confusion matrices provide detailed insights into 
the model’s performance. The overall accuracy is the sum 
of the diagonal elements (true positives) weighted by the 
proportion of instances in each class. Performance on 

the Al5083 dataset (82.0%). The model demonstrates 
robust performance across all six categories, with individ-
ual class accuracy rates ranging from 80.1% (incomplete 
joint penetration) to 86.5% (good weld). The most common 
misclassifications occur between morphologically or seman-
tically similar defect types. For instance, contamination is 
the most frequently mispredicted category for other defects 
(e.g., 6.2% misclassified as good weld, 6.9% as incomplete 
fusion), suggesting its features might share characteris-
tics with other classes or represent a more heterogeneous 
defect group. Similarly, incomplete fusion and incomplete 
joint penetration show some mutual confusion, which is 
common as they can appear similar visually.

The model performs exceptionally well on the SS304 
dataset, with accuracy exceeding 93.0% across all cate-
gories. The good weld class achieves the highest accuracy 

Fig. 9 — Al5083 and SS304 dataset – training process.
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rates at 96.2%, indicating the model is highly reliable in 
identifying non-defective welds. The misclassification rates 
are significantly lower and more uniform compared to the 
Al5083 dataset. The highest error rate for any class is a mere 
2.3% (incomplete fusion misclassified as contamination). 
This suggests that the defect classes in the SS304 dataset 
might be more distinct from one another, or that the fea-
tures learned by the model are more discriminative for this 
specific dataset. The model shows a slightly higher tendency 
to confuse defect classes with the good weld class on the 
Al5083 dataset than on the SS304 dataset. This could indi-
cate that some defects in Al5083 are subtler or more closely 
resemble a good weld. The confusion matrices validate the 
model’s high effectiveness in a few-shot learning setting. 
The low off-diagonal values, especially for SS304, indicate 
precise classification and minimal confusion between most 
defect types. The confusion analysis corroborates that 
the proposed model not only achieves impressive overall 
performance but also maintains balanced, high accuracy 
across individual defect categories, with misclassifications 
primarily occurring between intuitively similar types. This 
detailed breakdown underscores the model’s suitability 
for accurate and reliable welding defect detection in data-
scarce industrial environments.

Based on the clustering results shown in Fig. 12, the model 
demonstrates exceptional capability to learn discriminative 
feature representations from limited data. The t-SNE pro-
jection reveals well-separated, compact clusters for each 
defect category on both the Al5083 and SS304 datasets, 
providing a clear visual explanation for the high classification 
accuracy achieved. The good weld samples form a distinct, 
dense cluster, sharply separated from the defect categories, 
indicating the model’s precise capture of normal welding 
characteristics.  While most defect classes like contami-
nation and incomplete fusion also form their own cohesive 
groups, the minimal overlaps between certain clusters (e.g., 
contamination and good weld) correspond directly to the 

Fig. 10 — Al5083 confusion matrix. Fig. 11 — SS304 confusion matrix.

Fig. 12 — Al5083 and SS304 clustering results.
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misclassification patterns observed in the confusion matri-
ces. This illustrates that the model’s rare errors stem from 
genuine visual similarities in the original images.

Discussion
Through ablative experiments, we can see that the original 

ResNet18 architecture, which predicts category scores by 
convolving multiple convolutional layers and then passing 
the output to a fully connected layer, shows a significant 
performance gap compared to the GCN-based architec-
ture, even when trained on only 5% of the training set. We 
believe this is because the fully connected layer is overly 
dependent on large amounts of training data, and the model 
tends to overfit in few-shot learning, resulting in poor per-
formance. The graph convolutional neural network, on the 
other hand, performs well with a small number of samples 
due to its aggregation property and has excellent general-
ization ability, so the accuracy of the GCN layer significantly 
outperforms that of the FC layer when the number of GCN 
layers is 1 to 2. When stacked to 3-4 GCN layers, perfor-
mance drops sharply due to overfitting from the excessive 
number of parameters.

In addition to ResNet18 as the backbone feature-ex-
traction network, we also tested ResNet14 (with two reduced 
BasicBlocks) to obtain shallower-layered features for con-
structing the graph. The experimental results show that 
GCNs with the same number of layers perform worse than 
ResNet18, which we believe is due to features being too 
shallow and semantic information being less condensed 
than that of the latter. With the addition of the self-attention 
mechanism, accuracy improves because the node features 
that contribute significantly to classification are ampli-
fied. After applying Patch processing, accuracy is slightly 
affected, which we believe is because the edge information 
between nodes is erased during the patch operation, result-
ing in a less richly constructed graph than the previous one. 
However, in general, it effectively reduces the amount of 
model operations while keeping the accuracy impact small, 
which is meaningful in industrial application environments 
where speed is required.

In comparative experiments, our model demonstrated 
significant advantages on both the Al5083 and SS304 data-
sets. Compared with traditional CNN models and recent 
few-shot learning approaches such as ProtoNet and Match-
ing Network, our model achieved higher accuracy and AUC 
while using only 5% of the training data. Specifically, on the 
Al5083 dataset, our model achieved an accuracy of 82.0%, 
surpassing ResNet18 by 5.2%; on the SS304 dataset, accu-
racy reached 94.8%, an improvement of 2.4%. Visualization 
of results further validates the model’s effectiveness. The 
training curves demonstrate rapid convergence on both 
datasets, with test accuracy closely matching training 
accuracy — indicating no overfitting. Concurrently, the 
loss function value declines rapidly during early training 
and stabilizes thereafter, further attesting to the model’s 
robustness. Collectively, these results confirm our model’s 
outstanding performance and generalization capability 
under few-shot conditions.

Conclusion
In this study, we proposed a hybrid neural network com-

bining CNN and GCN. Experimental results demonstrate 
that, even with very limited training data, our model signifi-
cantly outperforms the conventional CNN-FCN architecture. 
In addition, we use the patch mechanism and self-attention 
to reduce the number of operations and increase the model 
performance. In the publicly available Al5083 and SS304 
datasets, our models achieve 82.0% and 94.8% accuracy 
in the environment with only 5% of the training set, which 
are 5.2% and 2.4% higher than the CNN-FCN architecture, 
respectively. Therefore, we believe that our work is meaning-
ful, especially in environments where industrial samples are 
difficult to collect. Using a more optimized neural network 
can effectively alleviate model overfitting and, likewise, 
reduce the overhead associated with dataset collection 
and labeling in certain existing works.
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