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ABSTRACT 

To address the issues of low detection and identification rates and inaccurate classification of 
welding defects, this paper proposes a welding defect classification method based on convolutional 
neural networks. By modifying the ResNet101 backbone network and incorporating a multi-head 
attention mechanism (MHA), the method enhances the focus on regions of interest in welding defect 
images, thereby improving the ability to extract defect features. This approach reduces the chances 
of missed detections and false positives. By analyzing the effects of different optimizers and dynamic 
factors on recall (M) and precision (N), the optimal optimizer and dynamic factor are identified. The 
algorithm is validated on the JPEGWD dataset. Experimental results show that the recall (M) reaches 
0.9634, representing a 4.88% improvement, and the precision (N) reaches 0.9875, representing a 
3.81% improvement. The mean average precision (mAP) is 0.9817, reflecting a 5.98% improvement. 
These results effectively enhance the recognition rate of welding defects and reduce the probability 
of missed detections and false positives. 
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1. INTRODUCTION 

Most steel structures require welding, and the fusion zone is a weak link in the weld joint. This area 

is characterized by uneven melting, and defects in the weld, such as cold cracks and reheat cracks, 

often originate here. In welded structures, besides visible external defects, there are many defects that 

are difficult to detect visually, such as cracks, porosity, slag inclusion, incomplete fusion, depressions, 

and holes, all of which have a significant impact on brittle fracture [1-2]. Welding is widely used in 

fields such as aerospace, machinery manufacturing, nuclear industry, energy transportation, and 

petrochemical industries [3]. It is a process that permanently joins welded parts to workpieces. Due 

to internal factors like process variations and external factors like humidity, defects may occur in 

welded components, significantly affecting product quality. Different welding defects require 

different solutions. Accurate classification of welding defects not only improves the efficiency of 

addressing these defects but also enhances the quality of welded parts. Therefore, effectively 

detecting and classifying defects that occur during welding is crucial for both product quality and 

manufacturing processes [4]. 

Traditional non-destructive testing (NDT) techniques for welding defects mainly include ultrasonic 

testing [5], radiographic testing [6], penetrant testing [7], and magnetic particle testing [8]. However, 

these methods have drawbacks, such as susceptibility to interference, high costs, and strong radiation. 

In recent years, with the rapid development of digital imaging technology, many scholars have 

proposed solutions for defect detection based on machine vision. For example, Pan Haihong et al. [9] 
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addressed the issues of low recognition accuracy, poor adaptability, and inefficiency in traditional 

convolutional neural networks (CNNs) for welding defect identification and classification, by 

proposing a DG-MobileNet welding defect identification model based on dilated convolution. Hu 

Jianfeng et al. [10] proposed an automatic identification method for welding defects based on image 

processing technology to identify defects in PE pipe electrofusion welding and to determine the 

category and grade of defects in ultrasonic images. Liu Mengxi et al. [11], addressing the challenge 

of high difficulty in defect recognition and classification for X-ray welds, improved and designed a 

deep CNN structure based on the typical CUDA-CONVNET convolutional neural network (CNN). 

Similarly, Gu Jing et al. [12], in response to the complexity and inefficiency of traditional algorithms 

in defect classification and recognition of X-ray welds, introduced the DenseNet algorithm based on 

deep learning, and dynamically enhanced the data. 

To address the issues of low detection and identification rates, inaccurate classification, and missed 

or false detections in welding defect detection, this paper proposes a welding defect classification 

method based on convolutional neural networks. By modifying the ResNet101 backbone network, 

this method enhances the model's focus on input features by adding attention mechanism modules 

before the 2nd, 11th, 23rd, and 92nd layers, allowing the model to automatically learn regions of 

interest, effectively reducing the influence of redundant information, improving feature 

representation capabilities, and enhancing model performance on complex datasets, thereby 

increasing the identification rate of welding defects. Additionally, the Bottleneck structure unit is 

improved by replacing the 3x3 convolution kernel with a 3x1 and a 1x3 convolution kernel while 

maintaining the same receptive field, reducing the number of parameters. Finally, a Dropout layer is 

added before the fully connected layer to improve model accuracy and prevent overfitting. 

2. CONVOLUTIONAL NEURAL NETWORKS 

A Convolutional Neural Network (CNN) is a type of deep learning algorithm, classified as a 

feedforward neural network, and it performs exceptionally well in image processing, computer vision, 

and pattern recognition [13]. Its distinctive feature is the use of convolution operations to capture 

local features of the input data, characterized by parameter sharing and spatial invariance. CNNs are 

composed of multiple layers, including convolutional layers, pooling layers, and fully connected 

layers. The convolutional layer is the core part of a CNN. Each convolutional layer consists of several 

convolutional kernels, each performing convolution operations on a local region of the input data. 

These operations allow the kernels to extract local features from the input data and generate feature 

maps. Multiple kernels in the convolutional layer can capture different features such as edges, textures, 

and corners. Pooling layers are used to reduce the spatial dimensions of feature maps, thereby 

decreasing the number of parameters in the model. The most common pooling operation is max 

pooling, which selects the maximum value from a local region as the pooling result for that area. 

Pooling helps to retain the primary features while reducing detailed information, improving the 

model's robustness and computational efficiency. Fully connected layers convert the output feature 

maps from the convolutional and pooling layers into final classification or prediction results. Each 

neuron in a fully connected layer is connected to all neurons in the previous layer, integrating and 

classifying features. A simple structural diagram of a Convolutional Neural Network is shown in 

Figure 1. 

Conv

pooling Conv pooling

fully
connected output  

Figure 1. Simple Structural Diagram of a Convolutional Neural Network 
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3. CNN NETWORK MODEL CONSTRUCTION 

3.1. ResNet101 Convolutional Neural Network Architecture 

The traditional ResNet101 network consists of 5 convolutional groups, each containing one or more 

convolution operations, and performs downsampling in each group to reduce the size of the feature 

maps by half. In the 2nd convolutional group, max pooling with a stride of 2 is used; while in the 

other 4 convolutional groups, downsampling is achieved through convolutions with a stride of 2. 

Stage 1 includes 3 residual units and 3 Bottleneck modules, with a total of 256 feature maps. These 

modules use 64 kernels of size 1x1, 64 kernels of size 3x3, and 256 kernels of size 1x1. Stage 2 

includes 4 residual units and 4 Bottleneck modules, with a total of 512 feature maps. These modules 

use 128 kernels of size 1x1, 128 kernels of size 3x3, and 512 kernels of size 1x1. Stage 3 includes 23 

residual units and 23 Bottleneck modules, with a total of 1024 feature maps. These modules use 256 

kernels of size 1x1, 256 kernels of size 3x3, and 1024 kernels of size 1x1. Stage 4 includes 3 residual 

units and 3 Bottleneck modules, with a total of 2048 feature maps. These modules use 512 kernels of 

size 1x1, 512 kernels of size 3x3, and 2048 kernels of size 1x1. A simple structural diagram of 

ResNet101 is shown in Figure 2. 
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Figure 2. Simple Structural Diagram of ResNet101 

3.2. Improved ResNet101 Convolutional Neural Network Structure 

An attention mechanism module is added before each convolutional group in the traditional 

ResNet101 network. This enhances the model's focus on input features, allowing it to automatically 

learn the regions of interest, reduce the impact of redundant information, improve feature 

representation, and enhance the model's performance on complex datasets. Additionally, the inclusion 

of the attention mechanism can improve the model's precision and perceptual range. In the traditional 

ResNet101 model, features are extracted at different levels, but each feature map is added or 

connected with equal weight. By utilizing the attention mechanism, the weight of each feature map 

can be dynamically adjusted, enabling the model to focus more on the feature maps that contribute 

more to the decision-making process for a specific task. This enhances the model's perceptual range 

and representation capability. In addition to adding the attention mechanism, the 3x3 convolutional 

kernels in Stage 1, Stage 2, Stage 3, and Stage 4 are replaced with a 3x1 convolutional kernel and a 

1x3 convolutional kernel. These have the same receptive field but reduce the number of parameters 

by approximately 33%, thus lowering the computational load. To avoid overfitting, a Dropout layer 

is added before the fully connected layer in ResNet101. During training, the Dropout layer randomly 

sets the output of some neurons to zero with a certain probability, reducing the dependency between 

neurons. Specifically, some neurons are randomly deactivated during training, while all neurons' 

outputs are retained during prediction. By randomly deactivating neurons, the model does not overly 

rely on specific neurons, thereby reducing overfitting. Finally, the fully connected layer is modified 

to meet the category number required by this experiment. The improved ResNet101 network structure 

is shown in Figure 3. 
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Figure 3. Improved ResNet101 Network Structure 

The structure of the improved Bottleneck unit is shown in Figure 4. As can be seen from the figure, 

the input data has two branches to choose from. In one branch, the input data first undergoes a 1x1 

convolutional operation to reduce the number of channels. Feature normalization helps to normalize 

each batch of input data, standardizing the data to a distribution with a mean of 0 and a variance of 1, 

which aids in reducing the issues of vanishing and exploding gradients, and increases the model's 

adaptability to data of different scales. The ReLU activation function can effectively alleviate the 

vanishing gradient problem and help the network converge more quickly. The middle layer uses a 

1x3 convolutional kernel followed by a 3x1 convolutional kernel without changing the number of 

channels. Finally, a 1x1 convolutional kernel is used to increase the number of channels. The other 

branch does not perform any data processing, only normalization, which enhances the model's 

expressive capability, and then the data is output. 

Image

1X1,64

BN

ReLU

3X1,64

BN

ReLU

1X1,256

1X1,256

BN

ReLU

output

1X3,64

 

Figure 4. Improved Bottleneck Unit Structure 

The mathematical expression of the ReLU activation function is shown in Equation (1). The graph of 

the ReLU activation function is shown in Figure 5. 

 
( ) max(0, )f x x=                               (1) 

 

Where x is the input, and f(x) is the output. 
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Figure 5. Graph of the ReLu Activation Function 
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3.3. Attention Module 

The attention mechanism [14] can focus more on task-relevant features among the input information, 

reducing the focus on irrelevant aspects, thereby improving task efficiency and accuracy [15]. Based 

on different Q, K, and V, there are various types of attention mechanisms, such as soft attention [16], 

hard attention [17], and multi-head attention, among others. In this work, we employ Multi-Head 

Attention (MHA), a type of multi-head attention model, also known as the multi-head attention 

mechanism, which enhances attention to different features by extending the attention mechanism to 

multiple heads. MHA takes three vectors as input: query (Q), key (K), and value (V). For a given 

query, MHA performs a weighted sum of the keys, with the weights determined by the similarity 

between the query and the keys. The resulting weighted sum is then multiplied by the value vector to 

produce the output. The computation of MHA can be represented by the following formula: 

 

1( , , ) ( ,..., ) O
nMultiHead Q K V Concat h h W=                    (3) 

 

In the formula, n represents the number of heads, hi represents the output of the i head, and WO is the 

output transformation matrix. The output of each head can be expressed as: 

 

tt ( , , )Q K V

i i i ih A ention QW KW VW=                        (4) 

 

In the formula, Wi
Q, Wi

K, Wi
V are the query, key, and value transformation matrices for the i-th head, 

respectively. The Attention function is the attention computation function. The structure of the Multi-

Head Attention mechanism is shown in Figure 6. 
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Figure 6. Structure of the Multi-Head Attention Mechanism 

4. RESULTS AND ANALYSIS 

4.1. Experimental Environment Configuration 

The experiment was conducted on hardware with an Nvidia Tesla T4 GPU, which has a power 

consumption TDP of 75W and supports DirectX version 12. The system is equipped with 16GB of 

RAM. The deployment environment was Python 3.9, running on Windows 10. The deep learning 

framework used was PyTorch, with CUDA version 12.0. 

4.2. Experimental Sample Data and Hyperparameter Settings 

The dataset used in this study is the JPEGWD, a specialized dataset for welding defect detection. The 

defects are categorized into four classes: concavity, holes, burrs, and no defects, with a resolution of 

416×416. Data augmentation on the existing data produced 2,052 images. Among them, 1,368 images 

were selected as the training set, including 1,368 images of concavity, 328 images of holes, 400 

images of burrs, and 240 images without defects. A validation set of 342 images was selected, 

including 100 images of concavity, 82 images of holes, 100 images of burrs, and 60 images without 

defects. A test set of 342 images was also selected, including 100 images of concavity, 82 images of 

holes, 100 images of burrs, and 60 images without defects. The welding defect data were divided into 

batches of 8 images for preprocessing. The preprocessed input welding defect images were resized to 

224x224 and eventually passed into a 1x1x2048 fully connected layer. The learning rate (lr_scheduler) 

was set to 0.001, momentum to 0.9, and weight decay coefficient (weight_decay) to 1e-5. 
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Concavity         Holes 

    

Burrs            No Defects 

Figure 7. Sample Images of Welding Defects 

4.3. Evaluation Metrics 

To evaluate the performance of the classification model and better assess the detection results and 

recognition effectiveness, this study introduces Recall (M) and Precision (N) [18]. Recall refers to 

the ratio of the number of samples correctly predicted as positive by the model to the actual number 

of positive samples. It measures the model's ability to identify positive cases. The higher the recall, 

the more accurately the model can identify positive cases. The mathematical formula for recall is as 

follows: 

( )
TP

M
TP FN

=
+

                                (5) 

 

In this context, TP (True Positive) represents the number of samples correctly detected as having 

welding defects, while FN (False Negative) represents the number of samples that actually do not 

have welding defects but were incorrectly detected as having defects. 

Precision also known as positive predictive value, is one of the metrics used to evaluate the 

performance of a classification model. It measures the proportion of samples predicted as positive 

that are truly positive. The mathematical formula for precision is as follows: 

 

( )
TP

N
TP FP

=
+

                                (6) 

 

In the formula, FP (False Positive) represents the number of samples that actually have welding 

defects but were incorrectly detected as defect-free. 

The mathematical formula for the mean Average Precision (mAP) is as follows: 

 
1

0

( )AP P R dR=                                  (7) 

 
n

1m
i

i

AP

AP
C

==

                                 (8) 
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In the formula, AP represents the average precision for each category, and C is the number of 

categories. 

The mathematical formula for the cross-entropy loss function is as follows: 

 

( )
1 1

1
ˆlog

N C

ij ij

i j

H y y
N


= =

= − +                          (9) 

 

In the formula, N is the number of samples, C is the number of categories, yij is 1 if the i-th sample 

belongs to the j-th category, and 0 otherwise. yij is the predicted probability of the j-th category in the 

model's probability distribution. δ is a small positive number used to avoid taking the logarithm of 

zero. 

4.4. The Impact of Different Optimizers and Dynamic Factors on Recall and 
Precision 

To avoid missing welding defects and achieve relatively high recall and precision, we observed the 

performance of the ResNet101 network while keeping hyperparameters like learning rate and weight 

parameters constant. In order to achieve high recall and precision, we experimented with different 

optimizers and dynamic factors during the training process of the network model. Figure 8 shows the 

impact of different optimizers and dynamic factors sss on recall, while Figure 9 shows their impact 

on precision. From the results of these two figures, it can be seen that using different optimizers and 

dynamic factors leads to different trends in precision and recall. When the dynamic factor is equal to 

3 and 4, the Stochastic Gradient Descent (SGD) optimizer achieves the highest recall, outperforming 

the Adamax (Adaptive Moment Estimation with Infinity Norm) and Adagrad (Adaptive Gradient) 

optimizers. When the dynamic factor is equal to 4, the SGD optimizer achieves the highest precision, 

outperforming the Adamax and Adagrad optimizers. Therefore, considering overall performance, 

SGD with a dynamic factor of 3 is selected as the optimal optimizer. 
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Figure 8. The impact of different optimizers and dynamic factors on recall 
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Figure 9. The impact of different optimizers and dynamic factors on precision 

To better observe whether the model exhibits overfitting, Figure 10 presents the accuracy of the 

training and validation sets. As can be seen from the figure, the trends of the training and validation 

sets are generally consistent, indicating that overfitting did not occur. 
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Figure 10. Accuracy of the training set and validation set 

The training loss values of the improved algorithm compared to other classifier models are shown in 

Figure 11. As indicated by the figure, the improved model has a lower loss value on the training set 

compared to the original classifier models. Training loss is the target that the model aims to minimize 

during training through optimization algorithms (such as gradient descent). A lower loss value 

indicates that the model's predictions are closer to the actual labels on the training set, reflecting better 

fit during the training phase. 

Figure 12 shows the validation loss values of the improved algorithm compared to other classifier 

models. As indicated by the figure, the improved model's loss value decreases more rapidly and is 

lower compared to the original classifier models. The loss value is an indicator of the discrepancy 

between the model's predictions and the actual labels; a lower loss value signifies that the model's 

predictions are closer to the actual labels on the validation set, indicating better model performance. 

Therefore, it is concluded that the improved model performs better on the validation set. 
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Figure 11. Comparison of training loss values between the improved model and different models 
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Figure 12. Comparison of validation loss functions between the improved model and different 

models 
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4.5. Comparison Experiments of Different Network Models 

The results of comparing the improved ResNet101 network model classifier with the original 

ResNet18, ResNet34, ResNet50, and ResNet101 network model classifiers are shown in Table 1. 

From Table 1, it can be seen that the improved algorithm achieves the highest recall, precision, and 

mAP values. The recall and precision are 13.34% and 10.73% higher than those of the original 

ResNet18, 10.97% and 5.42% higher than ResNet34, 19.05% and 10.61% higher than the original 

ResNet50, and 4.88% and 3.81% higher than the original ResNet101. Additionally, the accuracy AP 

values for each class are the highest, and the mAP is 5.98% higher than that of the original ResNet101 

classifier. Therefore, Table 1 shows that the improved ResNet101 network model exhibits better 

overall performance in weld defect detection compared to the other four models. 

Table 1. Comparative experimental results 

network model AP Recall Precision mAP 

Concavity Holes Burrs No Defects 

ResNet18 0.8312 0.8187 0.7728 0.9287 0.7927 0.8667 0.8378 

ResNet34 0.8581 0.8318 0.8334 0.9238 0.8537 0.9333 0.8618 

ResNet50 0.8243 0.8387 0.8095 0.9677 0.8902 0.8690 0.86 

ResNet101 0.9152 0.9351 0.8811 0.9561 0.9146 0.9494 0.9219 

study improves 0.9929 0.9722 0.9615 1 0.9634 0.9875 0.9817 

5. CONCLUSION 

This paper proposes an improved ResNet101 algorithm to address issues such as low weld defect 

recognition rates, inaccurate classification, and missed and false detections. By modifying the 

ResNet101 backbone network and adding an MHA (Multi-Head Attention) mechanism at the 

beginning of each stage, the model focuses more on task-relevant features in the input information 

and reduces attention to irrelevant features, thereby improving weld defect recognition rates. The 

Bottleneck structure unit has been improved by replacing the 3x3 convolutional kernel with a 3x1 

and a 1x3 convolutional kernel, which reduces the number of parameters while maintaining the same 

receptive field. Additionally, a Dropout layer has been added before the fully connected layer to 

enhance model accuracy and prevent overfitting. Experimental results show that compared to the 

original ResNet101 model, the improved ResNet101 model achieves a recall rate of 0.9634, an 

increase of 4.88%; a precision rate of 0.9875, an increase of 3.81%; and a mAP value of 0.9817, an 

increase of 5.98%. However, for online real-time detection of weld defects, further learning about the 

internal structure of weld defects and other classifiers is needed, and deeper research is required on 

precise defect localization and related issues. 
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