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Abstract: The welding industry plays a fundamental role in manufacturing. Ensuringweld quality
is critical when safety, reliability, performance, and the associated cost are taken into account. A
ungsten inert gas (TIG) weld quality assessment can be a laborious and time-consuming process.
The current state of the art is quite simple, with a person continuously monitoring the procedure.
However, this approach has some limitations. Operator decisions can be subjective, and fatigue can
affect their observations, leading to inaccuracies in the assessment. In this research project, a deep
learning approach is proposed to classify weld defects using convolutional neural networks (CNNs)
to automate the process. The dataset used for this project is sourced from Kaggle, provided by Bacioiu
et al. The proposed CNN-based approach aims to accurately classify weld defects using the image
data. This study trains the model on the welding dataset, using five convolutional layers followed
by five pooling layers and, finally, three fully connected layers. The softmax activation function
is employed in the output layer to categorize the input into the six weld categories. The per-class
metrics, such as precision, recall, and Fl-score, suggest that the model is dependable and accurate.
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1. Introduction

The manufacturing sector heavily relies on the welding industry. Welding plays a
crucial and essential role in joining various metal parts effectively. Welding stands as a
prominent method for joining diverse metal components. The process involves applying
heat and pressure to melt the material and create a solid weld connection [1]. TIG welding,
which is widely used in industries, is particularly used for joining valuable components. It
is commonly used in pipe welding, pipeline construction, and various other sectors like
automobiles, sheet metal, aerospace, building, and construction for joining and repairing
purposes [2]. TIG welding is superior to other joining methods, offering advantages like
producing high-quality welds with minimal distortion and holes, being versatile in joining
different materials, allowing precise control over the welding process, producing little
spatter, and not requiring flux or emitting harmful fumes [3].

Cracks, porosity, burn-through, incomplete fusion, and excessive spatter are just a few
defects that are frequently produced by welding methods. To maintain the integrity of the
product, it is crucial to ensure weld quality and find these flaws. Numerous techniques,
like the Ultrasonic Test (UT), Visual Inspection, Radiographic Test (RT), Magnetic Particle
Inspection (MPI), Liquid Penetrant Test, and so on, have been employed to assure the
integrity of welds [4,5]. However, manual examination is more time-consuming, subjective,
and susceptible to human error, which results in uneven problem detection. Although
it might be useful to find flaws through post-inspection, fixing them can be costly and
time-consuming. Therefore, it is essential to have a more precise real-time detection system
for detecting faults in order to save costs and accelerate welding. Through the use of such
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a technology, the welding process might be completed more quickly with considerable
cost savings.

Machine learning is experiencing rapid growth and widespread adoption, particularly
across industries. Machine learning finds applications in various domains, including fraud
detection, image and audio recognition, natural language processing, and predictive ana-
lytics [6-8]. Convolutional Neural Networks (CNNs), in particular, are an important trend
in machine learning (ML) that have reshaped the computer vision and image processing
fields. CNNSs are exclusively designed for processing pixel data and are widely utilized in
various applications such as image and video recognition [9,10].

In this research, an automated defect classification model is developed using a Con-
volutional Neural Network (CNN) that classifies the images captured by a HDR Camera
affixed to a welding robot, capturing the images of the weld pool and the immediate vicin-
ity in front of the welding arc (Sourced from Kaggle, Daniel Bacioiu et al.). This research
correlates the concept of machine vision with machine learning in order to automate defect
detection in real time, in turn making quality assessment easier.

2. Literature Review

Zhifen Zhang and colleagues, in their research paper titled “Convolutional Neural
Network-Based On-line Defect Detection of Weld Images in Robotic Arc Welding for Alu-
minum Alloy”, tackle the issue of the precise detection of weld defects in real time in
robotic welding in manufacturing industries, with a specific emphasis on aluminum alloys.
The authors utilize an 11-layer CNN model to develop an enhanced model capable of iden-
tifying weld penetration defects. Through comprehensive testing, the outcomes showcase
how the proposed CNN model surpasses previous methods, achieving an impressive mean
classification accuracy of 99.38% [11].

Bacioiu and his colleagues present a research paper titled “Utilizing Visible Spectrum
Camera and Machine Learning for Automated Defect Classification of 55304 TIG Welding
Process”. The paper introduces a system designed to evaluate tungsten inert gas (TIG)
weld quality through image classification. The system utilizes a visible spectrum images of
the weld pool, which are stabilized by using HDR technology to compensate for the intense
arc illumination. The authors trained two architectures, namely FCN and CNN, making
use of a new TIG welding dataset. The FCN architectures exhibited smaller training losses
compared to the CNN architectures. However, when assessing accuracy after training,
the CNN architectures outperformed the FCN architectures in terms of accuracy for the
six-class test. Furthermore, the FCN architectures demonstrated weaker representations of
defects compared to the CNN architectures [12].

Distun Stephen and his co-author present a research paper titled “Development of
a Deep Learning-Based Radiographic Image Classification System for Weld Defect Iden-
tification”. The paper introduces an approach that utilizes deep learning techniques to
automatically identify various types of weld defects using radiographic images. They
design and train a Convolutional Neural Network (CNN) model using 200 labeled radio-
graphic images, each depicting one of four types of welding defects. Initially, without
data augmentation, the model exhibits signs of overfitting, resulting in an accuracy of
80% for validation and a loss of 6.7. However, by implementing data augmentation, the
proposed method achieves significant improvements, with 95% validation accuracy and
99.2% training accuracy [13].

Samuel Kumaresan and colleagues, in their research paper titled “Weld Defect Classi-
fication Using Transfer Learning with CNN”, address the limitations of traditional Image
Processing Techniques (IPTs) for weld defect detection and classification by adopting Deep
Neural Networks (DNNs) and transfer learning methods. The researchers gathered and
labeled 940 image patches of weld defects from the GDXray database. They made use of
previously trained CNN models, namely VGG16 and ResNet50, for extracting features
from the weld defect dataset. The SVM classifier, trained on features extracted by ResNet50,
outperformed other models, achieving an impressive 98% accuracy. The proposed mod-
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els exhibited high test accuracies, surpassing previous studies, with 99.4% for 9 defect
classification and 97.8% for 14 defect classification [14].

Khumaidi and his colleagues, in their research paper titled “Utilizing Convolutional
Neural Network (CNN) and Gaussian Kernel for Welding Defect Classification”, focus on
enhancing the visual evaluation process for identifying weld defects by employing CNN.
The proposed system incorporates a Gaussian kernel for image blurring, which aids in
extracting pertinent information from the original image while minimizing interference
and noise. The outcomes illustrate consistent and precise training results, with a training
data accuracy value close to 100%. Similarly, for testing and validation data, the accuracy
ranges between 95% and 100%. The average accuracy for the testing phase is reported to be
95.83% [15].

Stefania Perri and her colleagues present a research paper titled “Classification of
Welding Defects Using Convolutional Neural Network”. The paper introduces a specialized
CNN called WelDeNet, developed for the classifying of welding defects, namely cracks
(CR), porosity (PO), lack of penetration (LP), and no defect (ND) in digital images from
radiographic tests. They developed a novel set of data comprising 24,407 images. The
model incorporates 14 cascaded convolutional layers. Through their customized CNN
architecture, they achieve an impressive test accuracy of 99.5% [16].

3. Methodology
3.1. Data

In this project, the publicly available Kaggle dataset “TIG Stainless Steel 304” provided
by Daniel Bacioiu et al. was utilized for weld classification purposes. The dataset was cap-
tured using Xiris XVC-1000, an HDR camera affixed to a welding robot, capturing images
of the weld pool and the immediate vicinity in front of the welding arc. A comprehensive
collection of labeled images was gathered from 56 welding runs, encompassing categories
such as ‘good weld’, ‘contamination’, ‘burn through’, ‘high travel speed’, ‘lack of fusion’,
and ‘no shielding gas’. The dataset’s labeling information is presented in Table 1.

Table 1. Dataset labels.

Labels:

Good Weld

Burn Through
Contamination

Lack of Fusion

Lack of Shielding Gas
High Travel Speed

[6) BN EV N (ST )

Table 2 describes the composition of the dataset including the train, validation, and
test sets for the six-class test.

Table 2. Dataset split between train, validation, and test sets.

Categories Train Validation Test
Good Weld 15,752 6700 7628
Burn through 977 646 731
Contamination 1613 339 960
Lack of Fusion 5036 1561 1490
Lack of Shielding Gas 196 102 102
High Travel Speed 630 346 249
Total 24,204 9694 11,160

It can be observed that the dataset contains a class imbalance problem.
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3.2. Data Preprocessing

To prepare the image for processing, it was resized from its original size of 1280 x 70 pixels
to a fixed shape of 200 x 200 pixels. This resizing step is crucial for efficient processing, as
it helps capture the global context of the image and ensures robustness in tasks like object
recognition. Following resizing, the pixel values were normalized to a range of [0, 1]. This
normalization was achieved by dividing each pixel value by the maximum pixel value
(255). Normalizing the pixel values brings the input data to a consistent scale and range,
making it easier for the CNN to learn and extract meaningful features. Furthermore, it
is worth noting that the available dataset was already in grayscale, which reduced input
dimensionality and enhanced processing speed. In addition, to handle the imbalance in
the dataset, class weights were extracted so that the CNN model did not become biased
towards the majority class and learned to recognize all classes equally well.

3.3. Design of Neural Network

In this research, a Convolutional Neural Network (CNN) was used for developing the
classification model. CNNs or Convolutional Neural Networks belong to the Artificial Neu-
ral Networks (ANNSs) family, which are exclusively designed for processing pixel data and
are widely utilized in various applications such as image and video recognition [9,10]. Un-
like traditional matrix multiplication, CNNs incorporate the technique of convolution in at
least one layer, which enhances their capabilities in analyzing and interpreting visual data.

CNN architectures typically contain three layers, namely Convolutional layer, Pooling
layer, and Fully Connected layer. In the current study, the CNN architecture incorporates
five convolutional layers, each with a 3 x 3 filter size, followed by five maximum pooling
layers. The stride for the convolutional layer is set to one (/1). The maximum pooling
layer operates by sliding a 2 x 2 window over the image, with a stride of two (/2) both
horizontally and vertically, and selecting the maximum value within the window. After the
fifth max pooling layer, the resulting output is flattened, converting it into a 1D vector, and
transmitted through three fully connected layers. The first fully connected layer consists
of 64 nodes, followed by a second layer with 32 nodes, and a third layer having 16 nodes.
Subsequently, the third fully connected layer is then linked to the final layer, which has six
nodes representing the six different classes in the classification task. The ReLU function is
used as an activation function in the convolutional and fully connected layers. The softmax
activation function is employed in the output layer to categorize the input into the six
weld categories.

Table 3 and Figure 1 provide a detailed description and visual representation of the
neural network architecture employed in this study.

Table 3. CNN architecture used.

Type Filter/Kernel Size
Image 1 200 x 200
First Convolutional Layer 32 3x3/1
Max Pooling 2x2/2
Second Convolutional Layer 64 3x3/1
Max Pooling 2x2/2
Third Convolutional Layer 128 3x3/1
Max Pooling 2x2/2
Fourth Convolutional Layer 256 3x3/1
Max Pooling 2x2/2
Fifth Convolutional Layer 512 3x3/1
Max Pooling 2x2/2
First Fully Connected Layer 64
Second Fully Connected Layer 32
Third Fully Connected Layer 16

Output Layer 6
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Figure 1. CNN architecture.

3.4. Training and Convergence

The CNN model underwent training for a total of 30 epochs, utilizing a batch size of
256. During training, a total of 2,095,062 trainable parameters were adjusted and updated
using an optimization algorithm. To prevent overfitting, early stopping with a patience
value of 7 was implemented. This enabled automatic early stopping by monitoring the
validation F1_average score. If there was no improvement in the validation F1_average
score for seven consecutive epochs, the training process would halt and the model would
be restored with the best weights observed during training.

The network utilizes the Sparse Categorical Cross-Entropy function to calculate the
loss, which involves comparing the class probabilities being predicted with the true integer
labels. During the training of the CNN, the internal parameters (weights and biases) are
adjusted through the backpropagation algorithm. This algorithm involves calculating
the gradient functions of the loss function using the network’s parameters and updating
the parameters accordingly to progressively minimize the loss. Through this iterative
process, the network gradually converges towards the desired solution. The solution is
computed using the Stochastic Gradient Descent (SGD) optimization algorithm with the
following hyperparameters: i. Learning rate = 0.01, ii. Number of epochs = 30, iii. L2
regularization = 0.0005, iv. Dropout rate = 0.25.

3.5. Results and Discussion

Due to the imbalanced nature of the dataset, this study goes beyond overall accuracy and
analyzes the model’s performance in terms of per-class errors. To provide a more comprehen-
sive evaluation, precision, recall, and F1-Score are employed for gauging the performance of
the model for each individual class. Figure 2 displays the training versus validation loss graph,
offering valuable information about how well the model performs on both the training and
validation datasets. The graph demonstrates a balanced relationship between training loss and
validation loss through multiple cycles of epochs, indicating that the model is not overfitting.
In other words, it shows that the model is generalizing well to unseen data.
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Figure 2. Training vs. validation loss.
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Table 4 presents the results for the evaluation metrics for the model that underwent
training and subsequent testing.

Table 4. Metrics results.

Metrics Precision Recall F1-Score Support
0 0.98 1.00 0.99 7628

1 1.00 0.92 0.96 731

2 0.97 0.90 0.93 960

3 0.99 0.90 0.94 1490

4 0.30 0.65 0.41 102

5 1.00 1.00 1.00 249
accuracy 0.97 11,160
macro avg 0.87 0.89 0.87 11,160
weighted avg 0.97 0.97 0.97 11,160

Upon analyzing the results, it is evident that the majority of classes showcase high
precision, recall, and F1 scores, suggesting a remarkable performance by the model in
terms of classification. However, class 4 (Lack of Shielding gas) displays comparatively
lower precision and recall values, suggesting that the model struggles to correctly classify
instances belonging to this particular class. This can be attributed to the limited number
of instances available for this class in the dataset, resulting in the insufficient learning
of its distinctive features by the model. Exploring approaches like data augmentation,
gathering additional data, experimenting with different architectures, and implementing
other techniques to handle class imbalance can help in achieving a more balanced dataset
and equal emphasis on all classes.

4. Conclusions

This study focuses on developing a CNN-based model for weld classification, em-
ploying five convolution layers, followed by five pooling layers, and finally succeeded by
three fully connected layers. This model aims to classify six different categories of welds,
namely good weld, contamination, lack of shielding gas, lack of fusion, burn through, and
high travel speed. Despite the slight limitation of class imbalance in the available dataset,
the model performs well in the classification task. However, even with the inclusion of
recall, precision, and F1-score, class 4's performance is relatively lower compared to the
other classes. This indicates the need for additional data to further enhance the model’s
performance. Exploring approaches like data augmentation, gathering additional data,
experimenting with different architectures, and implementing other techniques to handle
class imbalance can help in achieving a more balanced dataset and equal emphasis on all
classes. By incorporating these techniques, the CNN model can be further optimized to
achieve higher accuracy and improved robustness in classifying weld defects.
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