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Abstract

8  This study introduces an ensemble-based deep learning approach for monitoring and detecting

9  submerged arc weld defects in weld beads and adjacent zones during Non-Destructive Testing
10  (NDT). The methodology utilizes an open-source image dataset to categorize submerged arc
11 weld conditions into three defect types: cracks, lack of penetration and porosity, and ideal welds
12 (no defects). To enhance image analysis, we employ preprocessing and feature extraction in
13 both spatial and frequency domains using segmentation techniques like grey level difference
14  method (GLDM), grey level co-occurrence matrix (GLCM), discrete wavelet transform
15  (DWT), Fast Fourier Transform (FFT), and texture analysis. Following image preparation, the
16  preprocessed data undergoes training and testing in our proposed ensemble-based deep learning
17  model. The model's performance is thoroughly assessed using key metrics such as precision,
18  recall, F1 score, receiver operating characteristics (ROC) curve, and a confusion matrix,
19  resulting in an impressive accuracy rate of 93.12% for detecting and classifying weld faults. In
20 comparing our model to state-of-the-art techniques in existing literature, our ensemble-based
21 deep learning approach consistently demonstrates a high fault detection and classification
22 performance in the face of a simplistic MLP-based core architecture, ratifying the robustness
23 of our feature ensemble approach. The study concludes that this model has significant potential
24  for integration into current inspection systems, offering an efficient and robust solution for real-
25  time condition monitoring of welds along weldment joints.

26  Keywords: Feature Ensemble, Deep Neural Network, Image Segmentation, Welding Defects,
27  Automated Defect Identification, Radiographic Images, Non-Destructive Testing.

28 1.Introduction

29  Effective monitoring of welded joints is crucial for aligning real-time product performance
30  with the promised longevity committed by manufacturers or service providers. Welding, as an
31  essential joining process, creates permanent bonds between materials through the fusion of
32  metals at high temperatures. This process results in strong, durable joints, making welding
33  preferred over adhesive bonding and mechanical fastening, offering versatility across various
34  materials. Welding cost-effectiveness, fewer moving parts, and near-net finish characteristics
35  contribute to its widespread use in industrial and commercial applications. Monitoring welds
36 for quality control is advantageous, allowing for easy inspection at any stage of the
37  manufacturing process. Detecting defects in welds is critical due to the commonality of the
38 prevalence of defects like cracks and porosity in load-bearing applications. These defects
39 compromise the ability of the joints to withstand forces, potentially leading to catastrophic
40  failures. Early and informed defect detection through predictive maintenance can prevent
41  costly repairs and replacements, ensuring product quality and minimizing liability risks.

42  The widespread use of welding methodologies in global consumer applications necessitates
43 vigilant defect monitoring in welds over joints, particularly when employing conventional
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welding approaches. Detecting weld defects is crucial due to their common application in load-
bearing scenarios, where normal reaction forces are proportional to applied loads on joined
metal surfaces. Defects like cracks and porosity compromise joint strength, leading to potential
catastrophic failure, resulting in significant loss of life and property. Even without mechanical
failure, the overall product quality is reduced, incurring increased costs due to rework and
liability constraints. Early defect detection, part of predictive and preventive maintenance,
leads to potential cost savings by avoiding expensive repairs and replacements during the
application's lifespan. Weld condition monitoring also safeguards organizations offering
welding services, as frequent and severe weld defects can damage their reputation, reduce
competitiveness, and result in diminished dividends over the long term.

From a statistical standpoint, the global welding market exceeded $20.23 billion in 2020, with
a projected growth to $28.66 billion by 2028. The demand for skilled welders remains steady,
accounting for over half a million jobs in the United States alone. Welding plays a critical role
in the infrastructural, aerospace, automotive, and manufacturing sectors, facilitating the
fundamental joining of base materials for constructive structural growth. Various welding
techniques, such as Gas Tungsten Arc Welding (GTAW/TiG), Submerged Arc Welding (SAW),
Gas Metal Arc Welding (GMAW), and Laser Beam Welding (LBW), are employed based on
factors like material thickness, quality requirements, welding speed, equipment and labor
availability in addition to joint design and positioning. An ideal weld must exhibit uniform
thickness, high strength, acceptable shape and size, minimal distortion, adequate penetration
depth, a smooth defect-free surface, neat appearance, and consistent welding across all joints
for uniform strength and durability. Welding, while creating strong bonds, faces challenges in
maintaining consistent quality due to factors like welding approach, welder skill, and base
metal conditions. Deviations can lead to defects ranging from visually minor to severe
functional issues, including cracks and lack of penetration. Detecting these defects is crucial
for minimizing economic impacts on manufacturers and consumers. Inspection ensures
conformity with quality standards, safety parameters, and timely production.

Welding defect detection is crucial for ensuring the structural integrity and reliability of welded
joints. Identifying defects, such as cracks, lack of penetration, or porosity, early in the
manufacturing process is paramount to prevent catastrophic failures, enhance product quality,
and minimize costly rework or replacement. The detection of welding defects presents
challenges due to the complex nature of weld structures and the diversity of potential defects.
Traditional methods may struggle with accuracy, especially in detecting subtle or evolving
defects. Furthermore, the manual inspection of welds is time-consuming, and defects can go
unnoticed, leading to compromised safety and performance. In the face of these widespread
challenges associated with weld defect detection, recent research has explored Artificial
Intelligence (AI) based inspection techniques, showing promise in detecting weld defects by
combining computer vision with machine learning approaches.

Malarvel et al., deployed Multi-Class Support Vector Machines (MSVM) to perform weld
defect detection and multi-classification using X-ray images of weld conditions (Malarvel and
Singh, 2021). Wang et al., adopted multi-thresholds with MSVM for detection of weld crack
faults along steel pipes using X-Ray image data (Wang et al., 2008). Automatic weld defect
classification and detection was performed using Principal Component Analysis (PCA) and
support vector machine approaches by Mu et al., rendering a commendable classification
accuracy of 90.75% through a bootstrap method (Mu et al., 2013). Kumar et al., utilized
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machine learning classifiers such as decision trees, nearest neighbor, support vector machines
and discriminant analysis to perform defect classification of friction stir welded joints,
exhibiting an appreciable range of classification performance but over a limited data set sample
size of 360 samples in all (Praveen Kumar et al., 2021). Chianese et al., performed
classification of weld defects in Remote Laser-Welding (RLW) of thin-foil copper-to-steel
battery tabs using photodiodes in conjunction with supervised machine learning approach
(Chianese et al., 2022). Asif et al., developed a machine learning model to predict quality of
welds through air coupled acoustic emission and weld inputs, achieving a classification
performance accuracy of 91.18% and 82.35% respectively for sequence tagging and logistic
regression algorithms (Asif et al., 2022).

Deep learning techniques, particularly in the realm of artificial intelligence, offer a
transformative solution for welding defect detection. The ability of deep learning models, such
as neural networks, to automatically learn intricate patterns from large datasets significantly
enhances the accuracy and efficiency of defect identification. This technology allows for real-
time, automated inspection, reducing dependence on human intervention and improving overall
inspection speed and reliability. Utilizing pure machine learning (ML) for defect detection,
particularly in tasks involving image data, presents inherent shortcomings. ML algorithms
heavily rely on predefined features and manual engineering, often struggling to capture the
intricate patterns inherent in image data. Defining relevant features for image-based defect
detection is a complex task requiring domain expertise, limiting adaptability to diverse datasets
and defect types. Moreover, the supervised nature of ML models necessitates labeled datasets
for training, with human experts manually annotating defects. This introduces subjectivity and
proves time-consuming, impeding scalability and adaptability to evolving defect types.
Additionally, ML models lack the necessary adaptability to handle variations in defect
appearance, lighting conditions, or other unforeseen challenges. Their performance is highly
contingent on specific algorithmic choices made during development, rendering them less
versatile in dynamic defect detection scenarios. Defects in images often exhibit intricate
patterns and textures, posing a challenge for traditional ML algorithms. These models may
struggle with hierarchical feature learning, requiring extensive manual feature engineering,
which may not be practical for complex image data. In contrast, deep learning (DL), overcomes
these limitations. Once trained, these models can adapt and classify new data without
continuous human supervision, improving efficiency. The neural network structure of DL
models mimics the hierarchical processing observed in the human brain, allowing for more
nuanced and effective decision-making, even with limited data.

Thus, the limitations of ML in handling complex image data are effectively addressed by the
adaptability offered by deep learning in the context of defect detection tasks. Barstugan et al.,
performed single bead weld defect detection using Artificial Neural Network (ANN) for
classification into only two defect classes — porosity and lack of continuity, and a good weld
class, achieving a test performance of 94.31 % classification accuracy over 750 training images
(Barstugan et al., 2020). Hartl et al., deployed convolutional neural networks for defect
classification of Friction Stir Welds (FSW) producing 98.5 % classification accuracy for binary
condition classification (good or defective) but only 79.2 % accuracy for label-wise
classification of current weld condition (Hartl et al., 2021). Yang et al., performed pipe weld
defect classification using the YOLOvS algorithm and achieved commendable results of
classification (Yang and Jiang, 2021). Wu et al., addressed scarcity of available quantity of
defect data by employing a Generative Adversarial Network (GAN) to expand inadequate data
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sets in addition to proposing a Coarse-to-Fine Method (CFM) to improve image segmentation
at large (Wu et al., 2021). Rabe et al., developed a deep learning approach for friction-stir-
welding void defect detection through force feedback, producing 93% accuracy of
classification performance (Rabe et al., 2022). The detection of faults associated with laser
welds has invited detailed investigations in recent times. A detailed review for the performance
of real-time monitoring of laser welds using sensing and Al methods was performed by Cai et
al in 2020 (Cai et al., 2020). Kim et al explored the use of a synchronized coaxial observation
method for the purposes of deep-learning based monitoring of a full-penetration laser keyhole
welding in real-time (Kim et al., 2021). The geometrical and welding characterization of
aluminum 5052-H32 laser welded blanks via three-dimensional scanning in real time was
performed by Aminzadeh et al in 2021 (Aminzadeh et al., 2021) in addition to which Chadha
et al conducted a detailed survey into the application of machine learning for detection of
problems and faults in friction stir welds in 2022 (Chadha et al., 2022). Furthermore, a rigorous
review of a multiplicity of ML model configurations for weld quality monitoring was
performed by Raj et al in 2023 (Raj et al., 2023).

In the realm of defect inspection, deep learning models are gaining popularity as both direct
classifiers and performance augmenting agents, particularly in metallurgy. These models offer
computationally optimal, faster, diverse, and more robust defect classification compared to
traditional machine learning approaches. Despite the advantages of neural networks, the
dimensionality reduction of extracted features can result in extensive data loss and a reduction
in the correlation strength between an image being analyzed and a portion under study. To
address this, researchers are increasingly turning to feature fusion techniques, which integrate
the strengths of different networks and feature categories to orchestrate an ensemble approach
to attain extremely precise results. By fusing features extracted from different types of images,
the strength of individual features can be culminated into a unified feature pool, ultimately
improving the accuracy of the results. Deep learning models can as a result exhibit high self-
compatibility and commendable classification robustness, with fewer misclassification
instances. The neural network structuring of a deep learning model replicates the natural
thought and decision-making process of a human neural system, thereby rendering added
decision-making capabilities even with limited availability of data. However, the accuracy of
results generated by deep learning models is subject to the method of approach and
hyperparameter configuration adopted before execution. In light of these developments, it is
evident that deep learning models are a promising approach to defect inspection, with the
potential to revolutionize the metallurgical field and other industries that rely on precise defect
detection. The use of ensemble and feature fusion strategies, in particular, offers a means to
offset potential reductions in classification accuracy and improve the overall efficiency and
effectiveness of defect inspection systems.

In 2018, Liu et al proposed a hybrid CNN-LTSM (Long Short-Term Memory) algorithm for
carbon dioxide (CO») weld defect detection, producing 94 % accuracy in classification in the
CO2 molten weld pool, functioning on the MNIST and Fashion MNIST data set (Liu et al.,
2018). Real-time defect detection of laser welds through a combination of Auxiliary Classifier
Generative Adversarial Networks (AC-GAN) for data enhancement and multi-model fusion
approaches over a ten-class 6467 data set sample size was performed by Fan et al (Fan et al.,
2021). In 2022, Ma et al., carried out multi-sensing signal diagnosis and CNN-based detection
of weld porosity defects during laser welding of aluminum alloys with high accuracy and
consistency of results (Ma et al., 2022). Yang et al., fused transfer learning over AlexNet to a
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support vector machine (SVM) with Dempster-Shafer theory of evidence for multi-scale
cascaded detection of defects using X-Ray images and feature fusion (Yang et al., 2022).
Shekhar et al., adopted an intelligent classification approach for monitoring Tungsten inert Gas
(TiG) weld defects by advocating transfer learning over eight pre-trained deep learning models
to achieve robust classification results (Sekhar et al., 2022). A multisensory quality monitoring
approach with feature fusion for arc welding on aluminum alloys using feature extraction,
selection and modelling was adopted by Zhang et al. This approach was able to produce a 94.72
% accuracy of weld defect classification (Zhang and Chen, 2015). Kumaresan et al., executed
a DNN approach to perform weld defect classification using simple CNN with optimization
technique to achieve 89 % classification accuracy with improved detection and categorization
of poor contrast, low quality input images over conventional machine learning approaches
(Kumaresan et al., 2022). Table 1 presents studies performed in the front of weld condition
monitoring using machine learning and deep learning approaches.

Table 1 — Contemporary studies on welding condition monitoring and defect detection

approaches
Application Reference
Arc weld monitoring using multisensory approach with feature (Zhan%(ilil S)Chen’

extraction, selection, and modelling for aluminum alloys

DenseNet-121 CNN approach for automated visual inspection of
friction stir welds.

Friction Stir Weld defect classification using CNN Model

Smart laser welding in favor of sustainable manufacturing in
Industry 4.0

Deep Learning and One-Dimensional Time-Series Data approach
for NDT of Line Laser Welding.

TiG weld monitoring using intelligent classification approach
through transfer learning

Multi-sensing signal diagnosis for porosity defect detection in
laser welds of aluminum alloys

Pipeline weld joint defect detection using Visual Attention and
Deep Learning approach

Classification of weld defects using WelDeNet CNN

Intelligent Aluminum Laser Welded Blanks (ALWBs) factory in
the context of Industry 4.0

(Hartl et al., 2019)

(Hartl et al., 2021)

(Aminzadeh et al.,
2023a)

(Liu et al., 2022)

(Sekhar et al., 2022)

(Maet al., 2022)

(Jietal., 2023)

(Perri et al., 2023)

(Aminzadeh et al.,
2023b)
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The literature review highlights several key inferences related to the study of weld condition
monitoring:

(i) The exploration of ensemble networks employing a feature fusion approach for weld
condition monitoring is in its early stages. Limited prior implementation exists for this
application, indicating a significant area for further investigation and development.

(i1) Acquiring image data that effectively captures weld defects at suitable resolutions is a
challenge. The scarcity of available datasets meeting specific condition monitoring system
requirements in public repositories underscores the need for more comprehensive and diverse
datasets.

(ii1) The literature suggests that the range of features extracted from image data before fusion
has been somewhat limited. To fully unlock the benefits of feature fusion, there is a need for
integrating multiple feature types covering spatial, temporal, and frequency domains.

(iv) There is considerable potential for further research in optimizing ensemble neural networks
that can simultaneously perform feature fusion and consistently achieve high classification
performance. This points to an avenue for refining the current approaches and methodologies.

(v) The implementation of Generative Adversarial Networks (GAN) in deep learning models
for data augmentation introduces challenges. Stacking additional Convolutional Neural
Network (CNN) layers, while beneficial for enhancing data diversity, necessitates careful
consideration of hardware requirements to counter increased computation times.

(vi) Achieving the primary objective of instantaneous and robust defect detection requires the
developed system to exhibit minimal error margins, especially under prolonged operating
conditions and when processing vast sets of data. This emphasizes the critical need for systems
to maintain reliability and accuracy in real-world scenarios.

Therefore, to address these challenges and leverage the strengths of different feature types, this
study proposes and discusses a deep learning ensemble approach implementing feature fusion
for robust weld condition defect detection. In this study, the choice to use ensemble-based deep
learning is driven by the desire to create a computationally efficient and reliable system for
detecting submerged arc weld defects. Ensemble-based deep learning oftfers distinct advantages
over other approaches. Firstly, it enhances the overall robustness of the system. By combining
the strengths of multiple models, it becomes less susceptible to individual weaknesses or biases,
ensuring a more dependable performance. Secondly, ensemble-based deep learning excels in
learning from data and adapting to different scenarios. It captures a broader range of features,
improving its ability to handle new, unseen data effectively. Thirdly, it helps prevent overfitting,
a common challenge in deep learning where a model becomes too tailored to the training data.
The ensemble method, by using diverse models, strikes a balance, avoiding overly specialized
learning. Moreover, this approach allows for a comprehensive understanding of features by
integrating different extraction techniques. It considers spatial, temporal, and frequency
domains, contributing to a more thorough analysis of complex patterns in the data. Lastly,
ensemble-based deep learning often leads to higher accuracy in classification. By utilizing the
classification capability of an inherent yet simplistic MLP architecture for end defect detection,
the study attempts to validate the robustness of the present ensemble-based approach. The
technical contributions of the current body of work underscoring its novelty are enlisted as
follows:
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(i) Feature Fusion Strategy:

The paper employs a feature fusion strategy to develop a deep neural ensemble network. The
goal is to detect weld defects and classify the current weld state into four primary categories:
Cracks (CR), Lack of Penetration (LP), Porosity (PO), and No Defects (ND).

(ii) Diverse Feature Extraction Techniques:

Five different feature extraction approaches are employed to extract features from the images:
Fast Fourier Transform (FFT), Grey-Level Co-occurrence Matrix (GLCM), Grey-Level
Difference Method (GLDM), texture analysis, and Discrete Wavelet Transformation (DWT).
These techniques are chosen to obtain features across temporal, spatial, and frequency domains.
The extracted features are subject to dimensionality reduction using Kernel Principal
Component Analysis (K-PCA) to result in a reduced feature space to promote computational
efficiency and prevent model overfitting.

(iii) Comparative Analysis:

The study conducts a comparative analysis to evaluate the classification results obtained from
the proposed approach against those from contemporary methods. Inferences drawn from these
results provide insights into the effectiveness of the developed approach in weld defect
detection.

(iv) Computational Performance Analysis:

The computational performance and requisites of the developed approach are thoroughly
analyzed and explained in detail within this study. This includes a comparison with
contemporary approaches, shedding light on the efficiency and feasibility of the proposed
method.

This comprehensive study presents a novel approach that integrates diverse features through a
feature fusion ensemble strategy in a simplistic deep learning model to exhibit that even a
simplistic deep learning model can sufficiently and commendable perform weld defect
detection. This comprehensive study includes evaluations, comparisons, and detailed analyses
to showcase the technical advancements and contributions of the proposed methodology in the
context of weld condition defect detection. The structuring of this paper is as follows. In
Section 2, a description of the experimental procedure proposed in this paper and an overview
of the different types of weld conditions that are monitored and classified is presented. Section
3 presents a brief summary of the feature extraction process, which includes Fast Fourier
Transform (FFT), Grey-Level Co-occurrence Matrix (GLCM), Grey-Level Difference Method
(GLDM), texture analysis, and Discrete Wavelet Transformation (DWT) approaches. In
Section 4, the architecture of the neural network utilized in the study and evaluation metrics
are examined. The experimental results, as well as the hyperparameter settings, training, and
performance analysis of the current model, are presented in Section 5. Section 6 compares the
results obtained using the proposed model with those reported in elaborative precursor works
carried out in the same field. Finally, in Section 7, a summarized overview of the findings in
this work has been presented.

2. Experimental Process

This body of work introduces an ensemble approach for the detection of potential defects in
welding regions on target joints and surfaces. The proposed ensemble neural network is
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designed to categorize the current state of weld condition being examined into one of four
condition classes. In this section, a detailed overview of the experimental setup, data
acquisition and execution procedures are provided, in addition to an understanding of some of
the more common types of defects that could occur in the weld joints. The system structure,
comprising the different processes involved in the development of the model, is presented in
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Figure 1 - Flow of processes involved in realizing the proposed DNN model for
classification of RIAWELC Weld Defect Image Data.

2.1 Preliminary Experimental Quantifications

The ensemble neural network model was developed using the Keras API from the TensorFlow
library in Python natively on an Intel Core 17 system with NVIDIA RTX3060 Graphic
Processing Unit (GPU). The weld defect image dataset used in this study was obtained from
the RIAWELC open-source repository. This dataset is publicly available at
https://github.com/stefyste/RIAWELC. The dataset consisted of 21,155 224 x 224 &-bit
radiographic images that were digitized in PNG format. The radiographic images are those of
weldments obtained using the submerged arc welding technique wherein the weldments are
subject to different types of defects. A Lincoln Electric POWER WAVE AC/DC 1000 welder
using a COMET EVO 300P X-ray source and Array 2905 HD X-ray scanner was utilized for
the purposes of attaining the weldments before imaging, as reported by Perri et al (Perri et al.,
2023). In general, radiographic images are commonly used for weld defect classification due
to the following reasons:

Q) High sensitivity - Radiographic imaging has high sensitivity to defects, such as cracks,
porosity, and inclusions, that are not visible to the naked eye. This makes it an effective
method for detecting and classifying such defects in welds.
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(i)  Non-destructive testing: Radiographic imaging is a non-destructive testing method,
which means that it does not damage the weld or the material being tested. This makes
it a safe and reliable method for inspecting welds.

(i) Quantitative analysis: Radiographic imaging can also provide quantitative information
about the size, location, and severity of defects in the weld. This can be useful in
determining the acceptability of a weld and in planning any necessary repairs.

(iv)  Wide range of defect detection: Radiographic imaging can detect a wide range of
defects, including those that are internal to the weld, such as porosity, as well as those
that are on the surface of the weld, such as cracks.

This repository contains four types of welding defects that are commonly observed in welding
zones made along joints to be welded: lack of penetration (LP), porosity (PO), cracks (CR),
and no defect (ND). In this study, the ensemble-based DNN model performs classification of
an input image into one of three different critical defect classes, including one ‘no-defect’ class.
Each defect class was balanced by ensuring each of these classes were populated with exactly
4000 submerged arc weld defect and good radiographic images. Thus, the data balancing was
performed from the initial computational setup phase itself. Using the original data set
(RIAWELC), the number of images in some classes were found to be higher than others. Thus,
two options may be considered — to either up sample the dataset over each class, or to perform
down sampling. This meant increasing the number of images in some classes from around 4000
to 6000 for example. However, in favour of robust defect detection by bringing out the key
characteristics from input images, down sampling is typically preferred. This strategy helps in
preventing the model from being biased toward classes with a larger number of samples,
promoting better generalization and performance across all classes. As a result, the total number
of input images in each class was ensured to neither exceeded nor fell below 4000 images, with
4000 images being the least number of images in one of the defect classes provided in the
original RIAWELC dataset itself. This resulted in a total of 16,000 submerged arc weld images
used for downstream processing and model building. This attributes sufficient uniqueness to
our dataset as a whole in terms of common availability. Figure 2 displays sample images from
each weld condition class that were classified using the suggested ensemble-based deep
learning model under study.
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(a) Cracks (b) Lack of Penetration

(c) Porosity (d) No Defects

Figure 2 — Sample weld defect images representing each of the four conditions of weldments
(a-d).

2.2 Experimental Procedure

The image data representing welding defects attained from the RIAWELC open-source
repository. Each of the sample input images are preprocessed class-wise to suit the
requirements of the study. As an outcome of data balancing as discussed in Section 2.1, a total
of 16,000 samples were split into four different classes and images are allocated to each of the
four classes equally (4000 images, balanced, per class). The sample images are then resized
into 512 x 512 pixels followed by min-max (minimum maximum) normalization for linear
transformation of resized input images into a common scale ranging from 0 to 1. This ensures
that every data sample is compared and operated upon over the same scale so that every feature
on each resized sampled is considered equally important.

The normalized image data is then subject to adaptive histogram equalization for image
contrast improvement. Features extracted through image segmentation approaches including
GLCM, GLDM, FFT, texture analysis and DWT are then fused using the ensemble-based
neural network model which subsequently performs fault classification. The features are
subsequently subject to normalization and dimensionality reduction using Kernel Principal
Component Analysis. Kernel Principal Component Analysis is an advanced technique that
extends the capabilities of PCA to handle nonlinear relationships within data. Unlike PCA,
which operates in the original feature space, KPCA utilizes a kernel function to transform the
data into a higher-dimensional space where nonlinear relationships appear linear. This
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transformation allows KPCA to effectively capture complex patterns and structures that may
be overlooked by PCA. While KPCA may require more computational resources compared to
PCA, its ability to uncover nonlinear relationships can significantly enhance the performance
of machine learning algorithms. Thus, KPCA serves as a valuable tool for dimensionality
reduction and feature extraction, particularly in scenarios where linear methods like PCA may
not suffice. The entire preprocessed input image data is split into training, validation and testing
sub-sets. 20 % of the total pre-processed image data is considered for testing. Of the remaining
80% of the total pre-processed image data, 75 % of this remaining data is considered for
training, with 25 % of the remaining data (from the 80 % initially) reserved for validation.
Thus, with each class comprising 4,000 images, 2400 images are reserved for training, 800
images for validation, and another 800 images for training.

2.3 Welding Defects on Metal Joints

Welding defects are irregularities that occur during and after the welding process,
compromising the functional strength, robustness, and physical appearance of the weld. Poor
Weld Technique, excessive stress application during welding, excessive or insufficient heat
input and insufficient base metal surface preparation is some of the typical primary causes of
weld defects at large which negatively impact the structural integrity of a weld joint possibly
presenting safety and reliability challenges.

Heat Affected
Base Metal WeldBead Zone (HAZ)

Figure 3 — Principal elements of a welding region.

Figure 3 offers a simplified, visual representation of a welded joint, showcasing the base
material, weld bead, and heat-affected zone (HAZ). Crack formations can be induced due to
rapid cooling and increased brittleness in the HAZ. Thermal stresses during welding, especially
in materials with poor ductility, also contribute to cracks along the weld bead and adjacent
zones. When the weld bead fails to fully penetrate the base material, an incomplete bond may
result. Furthermore, inadequate heat input, improper welding parameters, or an unsuitable
technique contribute to sub-optimal weld penetration. On the other hand, the presence of gas
pockets within the weld bead in addition to factors like contaminants, insufficient shielding
gas, or improper electrode selection contribute to porosities along the weldment. Table 2
delineates a cause and effect understanding of these fundamental defect types that may arise
along weldments during practical applications.
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Table 2 — Typical defects that can arise on weld beads and regions because of welding.

S. Effect factured
Defect Type Cause of defect ect on manutacture
No. components
Ina(_jequgte weld ) Reduced component strength,
Crack (Zhukov  preparation, incompatible ; ) i
1. : structural instability, corrosion and
etal., 2022) materials, poor weld
: leaks.
technique
Insufficient heat input,
Lack of . . . . .
. improper joint preparation, Reduced load carrying capacity,
Penetration : . - . .
2. inappropriate welding increased risk of cracks under load,
(Mandache et technique corrosion
al., 2012) g
Contamination of welding
surface or filler metal, . :
Porosity (Xu et  inadequate shielding gas Reduced component fatlgue life,
3. ’ reduced strength, corrosion, and

al., 2019)

incorrect welding
technique, excessive
welding current

leaks.

3. Feature Extraction Methods through Image Segmentation:

The purpose of feature extraction is to reduce data complexity during the model learning
process. Image segmentation involves dividing a digital image into smaller zones for
segmented analysis. This study used established image segmentation methods such as FFT,
GLCM, GLDM, Texture Analysis, and DWT for feature extraction. These methods were used
to extract statistical features from resized image samples, resulting in a total of 252 image
features. For each sample image, 14 statistical features were obtained, including density,
standard density, kurtosis, skewness, entropy, energy, area, median, range, maximum,
minimum, root mean square, uniformity, and mean absolute deviation. Table 3 provides a
descriptive overview of the 14 different statistical features obtained using each feature
extraction method as elucidated over the forthcoming sections.

Table 3 — Overview of the 14 statistical features considered in the current study

Feature Description
Density represents the average pixel intensity or value in a specific
Density (D) region, that provides information about the concentration of pixel
values given by density (D) = %Z?zl X
Standard Density depicts the standard deviation of pixel intensities
Standard Density  within a region, quantifying the degree of variation or dispersion in
(SD)

pixel values represented by standard density (SD) = /%Z{;l(xi —X)2
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Kurtosis indicates the shape of the pixel intensity distribution, given
Kurtosis il e
by kurtosis = M
(GEn,(xi-%)?)

n

Skewness measures the asymmetry of the pixel intensity distribution,

Skewness B n 0 (xi—%
represented by skewness = Doz Rist ( . )
Entropy is a measure of randomness or disorder in the pixel intensity
Entropy (H) distribution, as shown by entropy (H) = — Y1, p(i).log,{p(i)}

Energy represents the sum of squared pixel intensities in a region,
Energy (E) providing information about the overall magnitude or strength of
pixel values which is represented by energy (E) = Y-, (p(i))?

Area refers to the total number of pixels in a specified region
Area rendering a basic measure of the size or extent of the analyzed area

The median is the middle value in a sorted list of pixel intensities,
Median being less sensitive to extreme values than the mean and providing a
measure of central tendency

Range is the difference between the maximum and minimum pixel
Range intensities within a region, indicating the spread or variability of
pixel values

Maximum represents the highest pixel intensity value within a
Maximum specified region providing information about the brightest point in
the analyzed area

Minimum represents the lowest pixel intensity value within a
Minimum specified region comprising information about the darkest point in
the analyzed area

RMS is the square root of the mean of the squared pixel intensities
Root Mean (x;) that provides a measure of the average magnitude of pixel

Square (RMS) ) 1
values, depicted by RMS = - o (x)?

Uniformity quantifies the evenness or homogeneity of pixel
Uniformity (U) intensities in a region, depicted by uniformity (U) = ¥, (k;)?

Mean Absolute Deviation (MAD) measures the average absolute
Mean Absolute difference between each pixel intensity and the mean intensity in a
Deviation (MAD)  region, providing insight into the overall variability of pixel values,
as represented by MAD ==Y |x; - 7|

In Table 3, n denotes the total number of intensity levels, x; denotes the intensity value of the
i pixel, * denotes the average intensity value of all pixels in the region of investigation in the
image, k; denotes represents normalized histogram value of the i intensity level. In addition,
p(i) depicts the probability of intensity level i occurrence in the weld image under examination
as well. The input image dataset was preprocessed, and the extraction of features was carried
out using algorithms 1, 2, and 3, sequentially. 252 features in total were combined to create a



425  common feature pool comprising 14 FFT, 14 texture, 56 GLDM, 56 GLCM and 112 DWT

426  features.
427 Algorithm 1 - Pre-processing of input image dataset

428

Preprocessing:

Output, Q: Output image Q (a,b,c,d,e,f) @apbcden€ (1,2,3,“,,‘N)3, a=b=c=d=e="f
START
FOR (each defect image input P), DO
for {a,b,c,d, e, f} =1to N, DO
CONVERT weld defect image input U to grey scale (if not already grey-scaled).
RESIZE grey-scale image to 512x512 size.
NORMALIZE resized input using min-max normalization.
RETURN output image for processing, Q, in grey-scale form.
END FOR LOOP
END FOR LOOP

429 Algorithm 2 - Extraction of features through image segmentation approaches
430

Feature Extraction:

aaaaa

Output: Ensemble-based Deep Neural Network
START
FOR (each grey-scale input image in Q), DO
FOR {a,b,c,d,e,f} =1to N, DO
IF file is A, THEN
LABEL is 0
ELSE IF file is B, THEN
LABEL is 1
ELSE IF file is C, THEN
LABEL is 2
ELSE IF file is D, THEN
LABEL is 3
ELSE IF file is E, THEN
LABEL is 4
ELSE (IFFILEISF)
LABEL is 5
END IF-ELSE BLOCK
END FOR LOOP
END FOR LOOP
Z: Constitute Z with calculated image features from input samples in Q (Density, Area,
Skewness, Std_Density, Energy, Kurtosis, Entropy, Max, Median, Min, Mean Absolute
Deviation, RMS, Uniformity and Range)}
Segmentation Methods:
Textural, (TX): OBTAIN Z on input image sample in Q using TX method.
GLCM (G1): OBTAIN Z on input image sample in Q along four orientations with G1.
GLDM(G2) «— OBTAIN Z on input image sample in Q along four orientations with G2.
FFT (FT) using eq. (i) «— OBTAIN Z on input image sample in Q using FT method.
WT (W1) « OBTAIN Z on input image sample in Q through W1.
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DWT (W) < OBTAIN Z on input image sample in Q through Wo.

and, DT < OBTAIN Wi+ W,

CONSTITUTE Ensemble-based DNN with 3V . ({TX, G1, G2, FT, DT} for each i in V)
SAVE MODEL and END PROGRAM

Algorithm 3 - Training algorithm of the Ensemble based DNN model

Training of Ensemble-based DNN Model:
Input: Ensemble-based deep learning model
Hyperparameters:
() Optimizer: Adam
(i) Learning Rate: 0.003
(iii)  Batch Size: 32
(iv)  Train-Test Split Ratio = 80: 20 (in %)
Output: Confusion Matrix, ROC Plot, Classification Accuracy
START
FOR (ensemble-based model input), DO
s1 = CONCAT{(a(2), b(2), c(2), d(2), e(2), f(2))} € (1, 2, 3, 4...N)* - (True Labels)
s2 = CONCAT{(a(2), b(2), c(2), d(2), e(2), f(Z))} £ (1, 2, 3, 4..N)? - (Target Labels)
END FOR LOOP

3.1 Grey-Level Co-occurrence Matrix (GLCM) Method

Grey Level Co-occurrence Matrix (GLCM) is widely considered as a statistical method used
for texture analysis depending upon spatial relationships between pixels. This method involves
determining the frequency of different pixel combinations across the image under analysis,
using a fixed distance and direction for texture identification. The GLCM matrix is obtained
by calculating in four directions at various distances and is metrically constrained based on the
middle value obtained from each analysis direction on the image. To highlight different textures
across images, a grid system is used to determine and highlight the vertical and diagonal
elements in the upward and downward directions for particular distance measures. GLCM
segmentation of a sample weld defect with each defect category, surface, and dissimilarity of
GLCM (over four positions) is represented in Figure 4. The co-occurrence matrix (M) displays
various combinational possibilities of grayscale levels within an image. Elements a and b are
separated by distance s with specific direction v. Symmetrical matrices are used and deployed
over the four directions. The GLCM across four directions is obtained on the preprocessed
input welding defect images. More specifically, the extraction of 14 statistical features using
GLCM on each image is performed along four orientations or angles including 0 degrees, 45
degrees, 90 degrees, and 135 degrees, covering the horizontal, diagonal, vertical, and the
opposite diagonal orientations, respectively.

6, (intensity variation along a) = Z a.M(a,b) (i)
a,b

&p (intensity variation along b) = Z b.M(a,b) (ii)
a,b
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_ Z(a — 8,)%.M(a, b) (itd)
a,b

Equations (i) — (ii1) represent the mathematical formulations representing image-pixel value
centric intensity variations and standard deviation calculations along the different GLCM
method application directions, which cumulate into an effective GLCM feature pool. With a
total of 14 statistical features as mentioned in Table 3,

Grey level co-occurrence matrix features
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Figure 4 — Segmentation using Grey-Level Co-occurrence Matrix (GLCM) method applied
on image sample from RIAWELC Weld Defect dataset.

3.2 Grey-Level Difference Method (GLDM) for Feature Extraction

The Grey-Level Difference Method (GLDM) is a statistical approach for image segmentation
that determines the differences between grey-scaled image thickness. It uses contrast
modifications to calculate the required densities among the most and least significant regions
of an image under analysis. The homogeneity of an image is determined by considering the
angular second moment as an analysis parameter. Four spatial regions or ‘zones’ distanced at
h = 8§ from neighboring pixels (x, y) were used as points of reference for all image samples in
the dataset. The computation in this context along four directions is also performed for GLDM
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features (see Section 3.1). This method calculates 14 statistical features effectively and thus,
for every input image, u, and a corresponding output image, v, the GLCM distance calculation
is performed using equation (iv) below.

v(x,y) = ulx,y) —v(x,y + h)| (iv)
3.3 Fast Fourier Transform (FFT)

The Fast Fourier Transform (FFT) is an algorithm used to compute the Discrete Fourier
Transform (DFT) of a sequence or the inverse DFT (iDFT). It can be used to represent a digital
signal d of range Z in the time domain as a frequency signal f in the frequency space F. Faults
in the digital signal can correspond to specific sensitivity patterns in the frequency
representation, which can be located by selecting the frequency component exhibiting the
sensitivity. The FFT method divides a frequency spectrum vector into different frequency
levels, allowing for automated selection. In this study, 14 statistical features were calculated
and derived from all resized image samples using the FFT method. The functionality of the
FFT segmentation method can be seen in Figure 5, which shows a clear dichotomy between
the centered and principal spectrum. The FFT formula depicted in equation (v) transforms a
signal from time to frequency domains, detecting patterns by summing products of signal
values and complex exponentials across different frequencies.

F—
Z(dww”"
J=
21j
Where, Wy =e F ,form=0,1,2,3, .... (v)

Original Image Spectrum Centered Spectrum

o
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Figure 5 — Fast Fourier Transformation (FFT) on input sample from RIAWELC data
repository

3.4 Texture Feature Analysis

Image texture feature analysis refers to the process of categorizing different sections of an
image based on the texture content. This involves quantifying intuitive image characteristics,
such as smoothness and evenness, and translating them into spatial variations in pixel
intensities. This type of analysis is widely used in fields such as satellite and aerial imaging,
medical diagnostics, and image restoration.
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3.5 Discrete Wavelet Transform (DWT)

The discrete wavelet transform (DWT) is a method that represents discrete-time series
sequences as wavelet coefficients, which can be used to obtain a symmetric or bi-orthogonal
region when coupled with the continuous wavelet transform (CWT). The use of a symmetric
region ensures non-redundancy and facilitates signal reconstruction and decomposition.
However, computing productive wavelet values requires considerable effort, which does not
directly contribute to realizing the required Fourier-transform. To address this, Venkatesh et al.,
adopted a channel bank approach to describe wavelets for PVM fault classification using
ensemble neural networks. Similarly, in this study, wavelets can be considered as two N-
coefficient channels of finite impulse response, with one serving as a channel (low pass) to cut
off recurrence inspection and the other as a high pass channel. A recursive approach can be
used to define this wavelet characterization and the use of channels. Initially, an input time
arrangement is used to derive g;(k) (high pass) and g:(k) (low pass) parameters from the
channels, with mathematical formulations presented over equations (vi), (vii) and (viii).

N-1

700 = ) xgle—)) (D)
j=0
N-1

9200 = > 390k =) (wiD)
j=0

Where, x; and y; serve as low and high pass channel coefficients respectively.

and, y;=(—1) ey, (viii)

To create a low pass dependent high band-pass channel, a flip plan (rotational), as shown in
equation (x), can be used. Using the 14 statistical features derived from this method, this study
recommends a two-way operation in sequence for the estimation of coefficient values such as
CHI1, CAIl, CDI1, and CV1, as well as the coefficients CH2, CA2, CD2 and CV2, resulting in
eight coefficients in total. Figure 6 depicts the application of wavelet transforms to a weld
defect image sample.

Approximation Horizontal detail vertical detail Diagonal detail

Figure 6 — Discrete Wavelet Transformation (DWT) applied on input image samples.

Table 4 below consolidates the different image segmentation/feature extraction techniques
adopted in the current study, as discussed from Section 3.1 to 3.5, along with their specific
relevance in view of feature combination in the current study,



527 Table 4 — Feature extraction techniques adopted in the current study along with associated

528 purposes and corresponding total number of extracted features
Technique Purpose Total Number
of Features
GLCM GLCM is utilized for texture analysis by 56

quantifying the frequency of pixel
combinations at specific distances and
directions.

GLDM GLDM serves as a statistical approach for 56
image segmentation, focusing on the
differences in grey-scaled image thickness.

Texture Analysis Texture analysis involves quantifying intuitive 14
image characteristics such as smoothness and
evenness, translating them into spatial
variations in pixel intensities

FFT FFT is employed for frequency domain 14
analysis, transforming the digital signal into
frequency space to identify sensitivity patterns.

DWT DWT represents discrete-time series sequences 112
as wavelet coefficients, facilitating symmetric
or bi-orthogonal region creation

529
530 4. Architecture of Ensemble-Based DNN Model

531  For the classification of submerged arc weld defects a simplistic deep-learning model featuring
532 the Multi-Layer Perceptron (MLP) architecture is utilized. This model incorporates an
533  ensemble strategy via a fusion of GLDM, GLCM, FFT, Texture Feature Analysis and DWT
534  features. Table 5 presents an overview of the different types of neural networks conventionally
535 used for deep learning tasks.

536 Table 5 — Different types of neural networks with associated structure and functionalities
Network Structure Functionality Reference
Generative Comprises a Used for generating (Pan et al., 2019)
Adversarial Network generator and a new data instances.
(GAN) discriminator The generator
network in a creates data, and the
competitive setting discriminator

evaluates its
authenticity, leading
to continuous

improvement
Long Short-Term A specialized type of Mitigates the (Van Houdt et al.,
Memory (LSTM) RNN with memory  vanishing gradient 2020)
Network cells to better handle  problem, making it

long-range more effective for
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dependencies in
sequences

learning from
sequences

Radial Basis Utilizes radial basis Suitable for tasks (Algezweeni et al.,
Function (RBF) functions as like function 2021)
Network activation functions  approximation and
pattern recognition
Recurrent Neural Contains recurrent Suited for tasks (Tsantekidis et al.,
Network (RNN) connections, involving sequential 2022)
allowing information data, such as natural
to persist. Forms language processing,
sequences or time- speech recognition,
series models and time-series
analysis
Feedforward Neural = Comprises an input  Information flows in (Yang, 2022)
Network (FNN) / layer, one or more  one direction—from
Multi-Layer hidden layers, and input to output—
Perceptron (MLP) an output layer without cycles.
Suitable for tasks
like classification
and regression
Convolutional Employs Especially effective  (Zhou et al., 2022)
Neural Network convolutional layers  for image and video
(CNN) for feature extraction  analysis, capturing
and pooling layers to  spatial hierarchies
reduce and patterns
dimensionality
Autoencoder Consists of an Primarily used for (Lietal., 2023)

encoder to compress
input data and a
decoder to
reconstruct it

unsupervised
learning, feature
learning, and data

compression

The model utilized in the present study is compiled using the Adam optimizer with a learning
rate of 0.006. The categorical cross-entropy loss function is utilized, indicating a multi-class
classification task. The model is trained on an additionally balanced version of the RIAWELC
dataset, consisting of features extracted from different weld defect types. The training is
performed over 50 epochs with a batch size of 128. The presented neural network model
follows a straightforward architecture, comprising an input layer with 72 nodes and three dense
layers. The first dense layer has 128 neurons with 9472 parameters, followed by a dropout layer
with no applied dropout (rate = 0) for regularization. The second dense layer consists of 16
neurons, contributing 2080 parameters, followed by another dropout layer. A linear activation
function is utilized by the MLP network. The final dense layer, serving as the output layer,
comprises four neurons, reflecting the likely number of classes in the classification task, and
involves 72 parameters. The model's total trainable parameters sum up to 11,476. The inclusion
of dropout layers aims to prevent overfitting during training. In the context of the current
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ensemble-model, an MLP network deployed over the ensemble of features is utilized for
submerged arc welding defect detection.

It may be noted that the proposed model is referred to as ‘deep’ since any network comprising
more than one layer between the input and output layers of the model could be referred to as a
deep neural network, albeit a simplistic implementation. The performance of the model is
assessed using various metrics, including accuracy, loss, confusion matrix, classification report,
and receiver operating characteristic (ROC) curves. The classification performance can be
evaluated and interpreted through the use of a confusion matrix. The columns and rows of the
matrix represent the predicted and actual respectively. Four important parameters determine
the classifier's performance: True Positive (TP), True Negative (TN), False Positive (FP), and
False Negative (FN). In specific, classification accuracy can be defined as a measure of the
proportion with which a given set of input samples are classified correctly into the actual target
classes. This can be calculated as shown in Equation (ix).

P . TP+TF (ix)
CUTAY- 2= Total number of samples in dataset =

A deep learning model's performance can also be evaluated using a Receiver Operating
Characteristic (ROC) curve, which shows how well the model can classify different categories.
The ROC curve is created by plotting the True Positive Rate (TPR) against the False Positive
Rate (FPR) at different thresholds. The TPR is the proportion of actual positives that are
correctly identified as positive by the model, while the FPR is the proportion of actual negatives
that are incorrectly classified as positive by the model. The ROC curve provides a visual
representation of how the model's performance changes as the threshold for classification is
varied. A model with good performance will have a ROC curve that is close to the top-left
corner of the plot, indicating high TPR and low FPR. The area under the ROC curve (AUC) is
a measure of the classifier's accuracy, with a value of 1 indicating perfect classification and a
value of 0.5 indicating a random classifier. The TPR and FPR can be calculated using specific
equations, as represented in equations (x) and (xi). By analyzing the ROC curve and calculating
the AUC, we can gain insight into the performance of the deep learning model and make
informed decisions about potential improvements.

TPR = — " (x)
~ TP +FP X
FPR = —1 (xi)
T FP+TN Xt

In addition, evaluation metrics, including precision, recall, and F1 score, are also commonly
used to assess the performance of classification models. Precision gives an indication of how
many of the predicted positive instances are actually correct. A high precision indicates a low
rate of false positives. Equation (xii) correlates TP and FP with effective precision value.

Precisi TP (xid)

recision = ————— xii
TP + FP

Recall — represented by equation (xiii) - quantifies the model's ability to capture all the actual

positive instances. It is the ratio of true positive predictions to the total number of actual

positives (true positives + false negatives). Recall is important when the cost of missing
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positive instances (false negatives) is high. A high recall indicates that the model is good at
identifying positive instances. On the other hand, F1 score — as expressed in equation (xiv) - is
the harmonic mean of precision and recall. It provides a balance between precision and recall,
especially when there is an imbalance in class distribution.

Recall = —— (xiii)
ecall = TP + FN XUl

F1s _ 2(Precision X Recall) (xiv)
core = (Precision + Recall) X

If precision is high but recall is low, the model may be making very accurate positive
predictions but missing a significant number of positive instances. If recall is high but precision
is low, the model is capturing a large portion of positive instances, but many of them may be
false positives.

5. Results and Discussion

The current research conducted an evaluation of an ensemble-based deep neural network
performance level in identification and categorization of different defects on weld beads and
weldments. To achieve this, image segmentation techniques were employed to extract features
from a radiographic weld defect image dataset in grayscale form obtained from the RIAWLEC
repository. The pre-processed dataset was then passed through the ensemble model to achieve
classification. Using GLCM and GLDM approaches individually, the 14 statistical features
across 4 directions were computed resulting in a total of 56 features each. Since FFT and
textures are computed along single ‘directions’, a total of 14 FFT and 14 texture features are
attained. Given that DWT accounts for eight different coefficients with the 14 statistical
features computer corresponding to each coefficient, a total of 112 DWT features are obtained.
Therefore, 252 features comprising 14 FFT, 14 texture, 56 GLDM, 56 GLCM and 112 DWT
features were extracted in total, and fused using the ensemble based DNN model. The
suggested classification model was then used to accurately classify the weld condition. This
section of the study aims to highlight the proposed model performance and compare it with
other techniques presented in literature.

5.1 Ensemble-based deep learning model training and evaluation

The purpose of this research is to use an ensemble-based deep learning to categorize the current
state of welds, which can include cracks, lack of penetration, porosity, and non-defective
conditions. The approach involves using advanced segmentation techniques, such as GLCM,
GLDM, FFT, Texture Feature Analysis and DWT, to extract features from the radiographic
weld defect image dataset. These features are then fused and fed to the classifier model for the
purposes of accurate test condition classification. The hyperparameter configuration of the
proposed ensemble-based model is enlisted in Table 6 below.

Table 6 —Hyperparameter configuration overview of proposed ensemble-based DNN Model

Optimizer Train-Test Split Batch Learning Epochs
Size Rate
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The ensemble based deep learning model loss curve is illustrated in Figure 7, which shows the
training accuracy and loss over time.
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Figure 7 — Training progress characteristics of ensemble-based DNN model suggested in this
study

The study results indicate that training of the proposed model was indeed successful and
achieved convergence on the image dataset used in the study. The model was fine-tuned using
randomly selected training and validation data resulting in minimal loss values and high
accuracy in performance. To further evaluate the model performance, a confusion matrix was
created to compare and determine the level of prediction accuracy of the final model after
training. The rows and columns of the confusion matrix represent the predicted and actual test
conditions of the current weld condition, respectively. The confusion matrix shape is
determined by the total number of testing conditions used. Instances of misclassification are
represented by the non-diagonal elements of the confusion matrix, while correctly classified
instances are represented by the diagonal elements. Figure 8 provides a visualization of the
proposed model performance in this study using a confusion matrix.
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641 Figure 8 — Confusion matrix of proposed DNN-based model obtained after training process.

642  Atotal of 16,000 greyscale radiographic images representing common defects that could arise
643  along welds, weld beads and weldments were collected. For each of the four weld condition
644  classes, defect-specific sample images were considered which were further split into 9,600 and
645 3,200 images for training and model testing respectively in total. Among the 16,000 data
646  samples, the model proposed in this study exhibited 93.12 % accuracy of classification. At the
647  same time, the high classification accuracy of the model for the vast data set employed in this
648  study suggests effective learning of features, thereby exhibiting the feasibility of the proposed
649  model. From the confusion matrix depicted in Figure 8, it is apparent that a total of 688, 733,
650 754 and 815 images out of 800 images in each class (CR, LP, PO and ND respectively) were
651  classified correctly, underscoring the impressive performance of the ensemble-based DNN
652 model, and highlighting the efficacy of feature fusion (ensemble-approach) using GLCM,
653  GLDM, FFT, Texture Feature Analysis and DWT approaches as adopted in this study.

654 Table 5 — Class-wise assessment of precision, recall and F1-score upon deployment of
655 proposed ensemble-based DNN
Class Notation Precision Recall F1 Score
Cracks CR 0.94 0.86 0.90
Lack of LP 0.95 0.94 0.94
Penetration
Porosity PO 0.93 0.90 0.90
No Defect ND 0.97 0.99 0.98

656  Table 5 encompasses additional key performance metrics, namely precision, recall, and F1
657  score, in the context of a multi-class classification task involving four distinct defect classes
658  within the domain of weld defect detection: Cracks (CR), Lack of Penetration (LP), Porosity
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(PO), and No Defect (ND). Precision is a measure of the accuracy of positive predictions for a
given class. In the case of the "Cracks" class, the precision of 94% implies that 94% of instances
predicted as cracks by the model were accurate. However, the corresponding recall, quantifying
the model's ability to identify all actual crack instances, is observed at 86%. The harmonic
mean of precision and recall, represented by the F1 score, stands at 90%, providing a
comprehensive measure of the model's performance for the "Cracks" class. Similarly, for the
"Lack of Penetration" class, a high precision of 95% signifies a low rate of false positives in
positive predictions. The recall, indicating the model's ability to capture all instances of lack of
penetration, is 94%. The resultant F1 score, harmonizing precision and recall, is 94%,
indicating a balanced performance for the "Lack of Penetration" class. The "Porosity" class
exhibits a precision of 93%, showcasing the accuracy of positive predictions. Meanwhile, the
recall, representing the percentage of actual porosity instances captured by the model, is 90%.
The F1 score for this class is 90%, consolidating precision and recall into a single metric.
Concluding with the "No Defect" class, the model demonstrates exceptional precision at 97%,
emphasizing accurate identification of instances without defects. The recall for this class is
notably high at 99%, indicating a robust capacity to capture nearly all actual instances of no
defects. The F1 score for the "No Defect" class reaches 98%, portraying a comprehensive
performance metric.

ROC Curve for Weld Defect Dataset
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Figure 9 — Combined ROC Curve developed after the training of proposed Ensemble-based
DNN model.

Figure 9 represents the ROC curves for each of the output weld condition classes post-
classification. The proposed model upon evaluation rendered a commendable AUC-ROC score
of 0.9901, as is evident from this figure. This suggests that the model's performance in terms
of Receiver Operating Characteristic (ROC) Area Under the Curve (AUC) is highly
commendable. The ROC curve is a graphical representation of the trade-off between true
positive rate (sensitivity) and false positive rate (1-specificity) across different threshold
values. An AUC-ROC score close to 1.0 indicates that the model has excellent discriminatory
power, effectively distinguishing between different classes. In the context of weld defect



688
689
690
691
692

693
694
695
696
697
698
699
700
701
702
703
704
705

706

707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731

732

detection, this high AUC-ROC score implies that the model can efficiently differentiate
between positive and negative instances across various defect classes, contributing to robust
and reliable predictions. The closer the score is to 1.0, the better the model's ability to achieve
a balance between true positive rate and false positive rate, reinforcing its effectiveness in
making accurate and informed predictions.

The limitations and constraints particular to individual features could be overcome through
compensation of the weakness of a given feature with the benefits and strength of other features
through feature fusion in the process of classification. The combined ROC curve for all weld
conditions hence classified obtained as an overall performance measure metric of the model
under examination in this study is represented in Figure 9. After thoroughly examining recent
studies utilizing the RIAWELC dataset, a general lack of information regarding the base
material utilized in the submerged arc welding process by the dataset creators. This absence of
specification extends to the introductory studies, leaving the exact material for the welding
process unspecified. Consequently, the current study focuses on developing a weld defect
detection model trained on image data, irrespective of the underlying material. While the
material choice does influence defect characteristics, it is deemed irrelevant to the detection
model's performance, given its training on defect-image data and subsequent deployment for
performance assessment.

5.2 Comparative performance analysis of proposed ensemble based deep learning model

The study collected a large dataset of radiographic images representing common defects that
could occur along welds, weld beads, and weldments. These images were categorized into four
weld condition classes, and defect-specific sample images were considered for each of these
classes. The dataset was thereafter split into 9,600 images for training the model and 3,200
images for testing the model. The data set partition is shown in Table 2. The proposed model
exhibited a high classification accuracy of 93.12% for the dataset used in this study.
Misclassification instances may arise due to noise interference and extreme similarity between
extracted features. Despite this, the high accuracy of the model suggests that the features were
effectively learned, and the proposed model is feasible. The limitations and constraints of
individual features were addressed by compensating for the weaknesses of a given feature with
the benefits and strengths of other features through feature fusion during classification. The
performance of the model was evaluated using the ROC curve, which is a performance measure
metric that represents the classification capability of the model. The ROC curve obtained from
the proposed model is shown in Figure 9. Table 6 presents a comparison of the classification
performance of the proposed model with the results presented in literature. It is important to
recognize the inherent difficulty in directly comparing model performances across studies with
diverse datasets. The challenge arises due to variations in experimental conditions and dataset
characteristics. Whilst this limitation is indeed acknowledged, the balancing the RIAWELC
dataset as performed in our study ensures a fair and consistent evaluation of our proposed
model, effectively making our version of the dataset unique yet again. The decision to present
classification performance outcomes in Table 6 for result comparison aims to provide valuable
insights into the relative effectiveness of our model in detecting weld defects. Despite the
inherent dataset heterogeneity in the field, our comparative analysis focuses on evaluating the
model's classification capabilities, offering a relevant reference point for understanding its
overall performance.
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Table 6 - Comparison of proposed technique with machine learning and deep learning
models for weld defect detection suggested in literature.

Classification

Approach accuracy (%) Reference
5-Layer CNN O\éer WDXI weld defect 16,60 (Guo et al., 2018)
ataset
Weld defect detection using acoustic 70.78 (Sumesh et al., 2015)
signature method with J48 decision tree
Transfer-learning based AlexNet model 8520 (Ajmi etal., 2020)
Cascade AdaBoost algorithm with penalty 85.50 (Duan et al., 2019)
term over X-Ray images of weld defects
Weld defect_u_jentlflcatlon using random 88.69 (Sumesh et al., 2015)
forest classifier and acoustic signature
Method
Six class FCN model 89.50 (Bacioiu etal, 2019)
Unified deep neural network with multi- 91.36 (Yang and Jiang, 2021)
level features
DNN with sparse-auto encoder and Softmax 91.84 (Hou et al., 2018)
activation
Proposed Approach 93.12

The proposed approach for weld defect detection, with a notable accuracy of 93.12%, stands
out as a robust and advanced model in comparison to various state-of-the-art techniques. While
Guo et al. employed a 5-layer CNN over the WDXI Weld Defect Dataset with a lower accuracy
0f46.60%, it highlights the efficiency and simplicity of the proposed model in comparison with
traditional convolutional neural networks (Guo et al., 2018). Sumesh et al. approached by using
the Acoustic Signature method with J48 Decision Tree, achieving an accuracy of 70.78%,
underscoring the advantage of the proposed model in offering superior performance in weld
defect identification (Sumesh et al., 2015). Transfer learning, as demonstrated by Ajmi et al.
(2020) using an AlexNet model, reached an accuracy of 85.20% (Ajmi et al., 2020), and Duan
et al. (2019) applied a Cascade AdaBoost Algorithm with a Penalty Term, achieving 85.50%
(Duan et al., 2019). While transfer learning is a powerful technique, the proposed model
surpasses it, showcasing the effectiveness of the ensemble-based deep learning approach.

Moreover, Sumesh et al. utilized a Random Forest Classifier alongside the Acoustic Signature
Method, achieving an accuracy of 88.69% (Sumesh et al., 2015). The proposed model
outshines this technique, emphasizing the advantages of feature fusion and ensemble learning
over traditional machine learning methods. Bacioiu et al. implemented a Six Class FCN Model
with an accuracy of 89.50%, showcasing the potential limitations of fully convolutional
networks (FCNs) compared to the simpler, proposed ensemble-based model (Bacioiu et al.,
2019). Yang and Jiang et al used a Unified Deep Neural Network with Multi-level features,
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obtaining a classification accuracy of 91.36%, which, while commendable, falls short of the
proposed model's performance (Yang and Jiang, 2021). The method employed by Hou et al.
involved a DNN with Sparse-Auto Encoder and SoftMax Activation, achieving an accuracy of
91.84%, highlighting the potential drawbacks of relying solely on deep neural networks (Hou
etal., 2018).

In contrast, the proposed ensemble-based, simplistic deep learning model demonstrates several
advantages. Its combination of multiple models enhances overall robustness, adaptability, and
accuracy. The feature fusion strategy contributes to a more thorough analysis of complex
patterns in the data, surpassing the limitations of traditional machine learning methods and
FCNs. The proposed model effectively addresses challenges associated with image data,
including intricate patterns and hierarchical feature learning, which can be limiting for
traditional ML algorithms. Overall, the proposed model's comprehensive approach, combining
feature fusion, diverse feature extraction techniques, and ensemble learning, positions it as an
innovative and superior solution for weld defect detection.

5.3 Discussion and Inferences

In this study, an ensemble-based Deep Neural Network was utilized to identify and categorize
weld defects. The study also evaluates the effectiveness of the proposed approach and compares
it with other advanced techniques (refer Table 6). The key results and conclusions of the study
are elaborated below:

(i) The dataset used in this study comprised a total of 16,000 images, which were then split
into training, validation and testing sets resulting in 9,600 images for training, 3,200
images for testing and 3,200 validation set images from all four weld condition classes.
Various segmentation techniques including GLCM, FFT, GLDM, DWT and texture
were employed to extract features from these images, which were then fused using the
concatenation layer of the proposed model. The model was trained over 50 epochs,
during which the accuracy curves remained stable with low loss characteristic,
suggesting that the network model was effectively learning features from the data (refer
to Figure 7). Furthermore, the accuracy in classification of the ensemble-based model
was evaluated using a confusion matrix (as seen in Figure 8) and was found to be
93.12% overall. This demonstrates the effectiveness of the proposed approach in
identifying and categorizing weld defects, and the results suggest that the model was
able to learn and classify images from the dataset with high accuracy.

(i) The results of the study demonstrate the high levels of performance of the proposed
methodology in classifying test instances correctly. Specifically, and totally, out of the
3,200 test instances, the proposed model was successful in classifying 2,980 instances
correctly. This highlights the efficacy of the proposed model in accurately detecting and
categorizing welding faults despite poor contrast and quality of a sizeable number of
input sample images.

(iii) The ROC curves presented in Figure 9 for each weld condition classification further
support the superior performance of the proposed method. The curves approach unity,
indicating a high true positive rate and low false positive rate. The overall performance
of the proposed model in terms of accuracy, precision, F1-score, recall, AUC-RUC and
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ROC curves indicates the effectiveness of the proposed approach for detecting welding
faults using radiographic imaging.

(iv) The proposed ensemble based DNN model effectively identified and categorized weld
defects with an accuracy of 93.12%, demonstrating its feasibility for real-time fault
diagnosis in welding applications.

(v) The model was trained using a diverse set of 16,000 grayscale images, split into
training, validation and testing sets, ensuring that the model is robust and capable of
generalization to unseen data. The proposed model advocated higher number of data
samples for thorough training and testing than those adopted in conventional works
proposed in literature.

(vi) The model's high accuracy is attributed to the feature extraction strategy employed in
the study, which combines advanced techniques of segmentation such as GLCM, FFT,
GLDM, DWT and texture features, resulting in robust feature-learning and diversity
which is a pivotal requirement for industrial grade solutions over varying operating
conditions. The diversity of this feature fusion is a novelty of the model proposed in
this study and paves way for further research in implementation of feature fusion using
DNN techniques.

(vii) The results indicate that the model proposed in this study outperforms other
advanced techniques such as SVM, ANN, and CNN, suggesting that the feature fusion
strategy employed in this study is indeed effective in capturing the complex features of
weld defects. The proposed model is one of the first ensemble based DNN approach
suggested for the classification of weld defects with high classification accuracy.

(viii) The ROC curve generated for the proposed model also indicates high
performance in terms of sensitivity and specificity, further supporting the model's
accuracy and effectiveness, converging to required results within a short time span.

(ix) The study highlights the importance of early detection and diagnosis of weld defects to
prevent catastrophic failures in critical and non-critical structural applications. The
results presented in this section therefore support the feasibility of using the proposed
method for practical, real-time detection of welding defects.

6. Conclusion

The proposed ensemble-based Deep Neural Network (DNN) model presents a positive way
forward in the field of welding fault diagnosis through radiographic imaging. By leveraging a
feature fusion strategy that incorporates diverse image segmentation techniques, such as
GLCM, FFT, GLDM, DWT, and texture analysis, the model achieves superior feature learning
and categorization capabilities. Evaluation metrics, including ROC and confusion matrices,
attest to the model's remarkable accuracy of 93.12%, surpassing other deep learning and
machine learning approaches. Notably, the computational efficiency of the model makes it
suitable for real-time welding fault diagnosis, requiring minimal hardware resources. The
modular nature of the model allows seamless integration into existing inspection systems,
enhancing overall quality assurance. Early detection of visual defects in structural metals
mitigates the risk of catastrophic failure, emphasizing the model's potential impact on critical
and non-critical applications. Future enhancements may involve integrating additional feature
extraction strategies and ensemble techniques to further streamline image complexity,
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enhancing both efficiency and accuracy. The proposed model lays the groundwork for
advanced welding fault diagnosis systems, offering a promising foundation for instantaneous
condition monitoring. The present study therefore presents a comprehensive approach to weld
defect detection using a Multilayer Perceptron (MLP) model. The main findings and
contributions can be summarized as follows:

1.Feature Extraction and Transformation:

The study employs Kernel Principal Component Analysis (K-PCA) for feature reduction,
effectively capturing essential information from welding defect datasets. This step enhances
the model's ability to discern relevant patterns.

2. Feature Fusion and Model Architecture:

The proposed MLP model is carefully designed with consideration for the reduced feature
space. It demonstrates effective learning capabilities, showcasing its suitability for weld defect
classification tasks whilst remaining simpler to constitute, and more efficient to deploy on
resource constrained systems. This is in addition to the fact that the model learns from fused
features characterizing the input images.

3. Training and Validation:

The model is trained and validated on a diverse dataset comprising four classes of welding
defects: Cracks (CR), Lack of Penetration (LP), Porosity (PO), and No Defect (ND). The
training process incorporates a strategic split into training, testing, and validation sets.

4. Performance Metrics:

The study evaluates the model's performance using various metrics such as accuracy, loss,
precision, recall, and F1 score. These metrics provide a comprehensive assessment of the
model's ability to classify different welding defect types.

5. Confusion Matrix and ROC Curve Analysis:

The confusion matrix offers a detailed breakdown of classification results, while the Receiver
Operating Characteristic (ROC) curve and Area Under the Curve (AUC) provide a
comprehensive evaluation of the model's overall performance.

The proposed ensemble-based Deep Neural Network (DNN) model positively contributes to
the field of welding fault diagnosis through radiographic imaging. By leveraging a feature
fusion strategy that incorporates diverse image segmentation techniques, such as GLCM, FFT,
GLDM, DWT, and texture analysis, the model achieves superior feature learning and
categorization capabilities. Evaluation metrics, including ROC and confusion matrices, attest
to the model's remarkable accuracy of 93.12%, surpassing other deep learning and machine
learning approaches. Notably, the computational efficiency of the model makes it suitable for
real-time welding fault diagnosis, requiring minimal hardware resources. The modular nature
of the model allows seamless integration into existing inspection systems, enhancing overall
quality assurance. Early detection of visual defects in structural metals mitigates the risk of
catastrophic failure, emphasizing the model's potential impact on critical and non-critical
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applications. Future enhancements may involve integrating additional feature extraction
strategies and ensemble techniques to further streamline image complexity, enhancing both
efficiency and accuracy. The proposed model lays the groundwork for advanced welding fault
diagnosis systems, offering a promising foundation for instantaneous condition monitoring. In
future research endeavours, a compelling direction involves rigorous testing and adaptation of
the algorithm across diverse manufacturing methods, with a keen focus on additive
manufacturing techniques such as Wire Arc Additive Manufacturing (WAAM). This
exploration aims to unveil the algorithm's adaptability and effectiveness in various industrial
scenarios. By delving into the intricacies of each method, we can fine-tune the algorithm to
cater to specific challenges and intricacies inherent to different manufacturing processes. This
strategic refinement not only augments defect detection capabilities but also establishes a
robust foundation for elevating overall quality assurance standards in welding and additive
manufacturing. Such advancements pave the way for transformative applications and cutting-
edge developments in the realm of manufacturing quality control.

The ensemble-based deep learning model proposed in this study offers substantial practical
benefits for weld defect detection, with applications across diverse manufacturing
environments. Its heightened accuracy, resilience against false positives and negatives, and
adaptability to various welding conditions make it a valuable tool for industries where precision
and reliability are paramount. The model contributes to time and cost efficiency by expediting
defect identification and streamlining quality control processes, particularly in large-scale
manufacturing settings. The scalability and generalization capabilities ensure its effectiveness
in evolving manufacturing standards, while its potential for automated inspection systems and
transfer learning further enhances its real-world applicability. Overall, the proposed model
represents a significant advancement in quality assurance, providing a versatile and efficient
solution for the accurate detection of weld defects in industrial settings.
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Response to Reviewers

Author Response

Reviewer 1:

Comment 1:

First of all, the title is "Ensemble-based Deep Learning Model for Welding Defect Detection and
Classification". Please mention the type of welding and material used.

Response: We thank the reviewer for this constructive remark. In response, we have included details
about the type of weld (submerged arc welding) which was photographed over different fault conditions
as investigated in the paper to constitute the RIAWELC dataset. We have attempted to provided clarity
in this regard in Section 2.1 from lines 298 to 303 as follows:

¢...The radiographic images are those of weldments obtained using the submerged arc welding
technique wherein the weldments are subject to different types of defects. A Lincoln Electric POWER
WAVE AC/DC 1000 welder using a COMET EVO 300P X-ray source and Array 2905 HD X-ray
scanner was utilized for the purposes of attaining the weldments before imaging, as reported by Perri
etal [1]...°

Upon a complete examination of contemporary works adopting the RIAWELC dataset, the authors were
unable to ascertain the base material on which the submerged arc welding was performed by the
creators of the RIAWELC dataset, who have not specified the same in their introductory studies as well.
As a result, the authors are unable to specify the exact material on which the welding had been
performed, and the material used for this process. However, the current study encapsulates the
development of a weld defect detection model which will detect weld defects based on the image data
on which it has been trained regardless of material. While the choice of material does impact the nature
of the defect, this choice is believed to not be pertinent to the performance of a defect detection model
since it is trained on defect-image data, and deployed for performance evaluation.

Comment 2:
Introduction:

Provide a clear and concise introduction that highlights the significance and challenges of welding
defect detection and the importance of using deep learning techniques for Non-Destructive Testing

(NDT).

Response: We thank the reviewer for this comment. The revised manuscript presents a reworked
introduction which incorporates the significance (71-74), challenges of welding defect detection (74-
81) and the importance of using deep learning techniques using NDT (102-107).

(i) lines 71 to 74

‘...Welding defect detection is crucial for ensuring the structural integrity and reliability of welded
joints. Identifying defects, such as cracks, lack of penetration, or porosity, early in the manufacturing
process is paramount to prevent catastrophic failures, enhance product quality, and minimize costly
rework or replacement. ..’

(ii) lines 74 to 81

‘...The detection of welding defects presents challenges due to the complex nature of weld structures
and the diversity of potential defects. Traditional methods may struggle with accuracy, especially in
detecting subtle or evolving defects. Furthermore, the manual inspection of welds is time-consuming,
and defects can go unnoticed, leading to compromised safety and performance. In the face of these
widespread challenges associated with weld defect detection, recent research has explored Artificial



Intelligence (AI) based inspection techniques, showing promise in detecting weld defects by combining
computer vision with machine learning approaches...’

Comment 3:

Mention the motivation behind using ensemble-based deep learning and its advantages over other
approaches.

Response: We thank the reviewer for this comment. Our response is as follows, as included in our
revised manuscript from lines 222 to 237:

‘...In this study, the choice to use ensemble-based deep learning is driven by the desire to create a
computationally efficient and reliable system for detecting submerged arc weld defects. Ensemble-
based deep learning offers distinct advantages over other approaches. Firstly, it enhances the overall
robustness of the system. By combining the strengths of multiple models, it becomes less susceptible
to individual weaknesses or biases, ensuring a more dependable performance. Secondly, ensemble-
based deep learning excels in learning from data and adapting to different scenarios. It captures a
broader range of features, improving its ability to handle new, unseen data effectively. Thirdly, it helps
prevent overfitting, a common challenge in deep learning where a model becomes too tailored to the
training data. The ensemble method, by using diverse models, strikes a balance, avoiding overly
specialized learning. Moreover, this approach allows for a comprehensive understanding of features by
integrating different extraction techniques. It considers spatial, temporal, and frequency domains,
contributing to a more thorough analysis of complex patterns in the data. Lastly, ensemble-based deep
learning often leads to higher accuracy in classification. By utilizing the classification capability of an
inherent yet simplistic MLP architecture for end defect detection, the study attempts to validate the
robustness of the present ensemble-based approach...’

In introduction, regarding the experimental study, it would be great to use some relevant research which
is studied different types of key process parameters? (See the article: Application of sensing techniques
and artificial intelligence-based methods to laser welding real-time monitoring: A critical review of
recent literature. Also, Deep-learning-based real-time monitoring of full-penetration laser keyhole
welding by using the synchronized coaxial observation method).

Response: Upon a detailed study of the proposed examinations for inclusion, we find that these studies
indeed present significant results along with robust explanations. Therefore, we have ensured that both
these well-structured references have been included and used in our revised manuscript, to improve its
overall structure as well. We express our gratitude to the reviewer for this constructive remark which
has enabled the improvement of the overall essence of our manuscript.

Finally, mentioned some new techniques in real time monitoring of defect detection (See; a real-time
3D scanning of aluminum 5052-H32 laser welded blanks: geometrical and welding characterization.
Moreover, Smart Laser Welding: A Strategic Roadmap Toward Sustainable Manufacturing in Industry
4.0 and Toward an intelligent aluminum laser welded blanks (ALWBSs) factory based on industry 4.0; a
critical review and novel smart model).

Response: After thoroughly examining the proposed evaluations for potential inclusion, we have
confirmed that these studies offer substantial results supported by comprehensive explanations.
Consequently, we have incorporated all of these well-structured references into our revised manuscript,
aiming to enhance the overall coherence and quality of our revised manuscript. We are thankful to the
reviewers for presenting this suggestion, which has helped increase the extent of literary analysis in our
study.



Comment 4:
Abstract:

The abstract is the first thing readers see, so it should be well-written and provide a clear overview of
the study. Ensure it briefly summarizes the problem, the proposed solution, key techniques used, and
the achieved results.

Response: We thank the reviewer for this constructive comment. We have as a result, reworked the entire
abstract in response to each aspect mentioned in the comment, from lines 8 to 25 in the manuscript as
follows:

‘...This study introduces an ensemble-based deep learning approach for monitoring and detecting
submerged arc weld defects in weld beads and adjacent zones during Non-Destructive Testing (NDT).
The methodology utilizes an open-source image dataset to categorize submerged arc weld conditions
into three defect types: cracks, lack of penetration and porosity, and ideal welds (no defects). To enhance
image analysis, we employ preprocessing and feature extraction in both spatial and frequency domains
using segmentation techniques like grey level difference method (GLDM), grey level co-occurrence
matrix (GLCM), discrete wavelet transform (DWT), Fast Fourier Transform (FFT), and texture
analysis. Following image preparation, the preprocessed data undergoes training and testing in our
proposed ensemble-based deep learning model. The model's performance is thoroughly assessed using
key metrics such as precision, recall, F1 score, receiver operating characteristics (ROC) curve, and a
confusion matrix, resulting in an impressive accuracy rate of 93.12% for detecting and classifying weld
faults. In comparing our model to state-of-the-art techniques in existing literature, our ensemble-based
deep learning approach consistently demonstrates a high fault detection and classification performance
in the face of a simplistic MLP-based core architecture, ratifying the robustness of our feature ensemble
approach. The study concludes that this model has significant potential for integration into current
inspection systems, offering an efficient and robust solution for real-time condition monitoring of welds
along weldment joints. ..’

Comment 5:
Experimental Process:

Which type of welding did they use (laser, tig, mig, etc.)?

Response: The submerged arc type of welding process was utilized and the consequent weldment was
analysed for defects. This has been highlighted in the manuscript from lines 298 to 302. These lines
from the revised manuscript are also enclosed herewith:

‘...The radiographic images are those of weldments obtained using the submerged arc welding
technique wherein the weldments are subject to different types of defects. A Lincoln Electric POWER
WAVE AC/DC 1000 welder using a COMET EVO 300P X-ray source and Array 2905 HD X-ray
scanner was utilized for the purposes of attaining the weldments before imaging, as reported by Perri et
al [1]...°

Also, please write more detail about the material and characterization.

Response: After thoroughly examining contemporary studies utilizing the RIAWELC dataset, the
authors encountered a challenge in determining the base material employed in the submerged arc
welding process, as the dataset creators did not specify this information in their introductory studies.
Consequently, the exact material used for welding remains unspecified. Nevertheless, the present study
Jfocuses on developing a weld defect detection model trained on image data, regardless of the material
and its characterization. While the choice of material may influence defect characteristics, it is



considered irrelevant to the model's performance. The model is designed to detect defects based on the
image data it has been trained on, making it adaptable for evaluating performance across diverse
materials without compromising its defect detection capabilities.

Moreover, use this information in your interpretation regarding the deep-learning results.

Response: We thank the reviewer for presenting this constructive remark. We have fused this
information with the result presentation of our proposed model under Section 5.1 from lines 697 to 705
as follows:

‘...After thoroughly examining recent studies utilizing the RIAWELC dataset, a general lack of
information regarding the base material utilized in the submerged arc welding process by the dataset
creators. This absence of specification extends to the introductory studies, leaving the exact material for
the welding process unspecified. Consequently, the current study focuses on developing a weld defect
detection model trained on image data, irrespective of the underlying material. While the material
choice does influence defect characteristics, it is deemed irrelevant to the detection model's
performance, given its training on defect-image data and subsequent deployment for performance
assessment...’

Provide more information about the deep learning architecture used in the ensemble model.

Response: We thank the reviewer for this comment. The following lines from lines 531 to 534 of the
revised manuscript present an explanation of the deep learning architecture used in the ensemble model.

‘...For the classification of submerged arc weld defects a simplistic deep-learning model featuring the
Multi-Layer Perceptron (MLP) architecture is utilized. This model incorporates an ensemble strategy
via a fusion of GLDM, GLCM, FFT, Texture Feature Analysis and DWT features...’

Additional explanation has also been provided from lines 538 to 555 in the revised manuscript as
follows.

*...The model utilized in the present study is compiled using the Adam optimizer with a learning rate of
0.006. The categorical cross-entropy loss function is utilized, indicating a multi-class classification task.
The model is trained on an additionally balanced version of the RIAWELC dataset, consisting of
features extracted from different weld defect types. The training is performed over 50 epochs with a
batch size of 128. The presented neural network model follows a straightforward architecture,
comprising an input layer with 72 nodes and three dense layers. The first dense layer has 128 neurons
with 9472 parameters, followed by a dropout layer with no applied dropout (rate = 0) for regularization.
The second dense layer consists of 16 neurons, contributing 2080 parameters, followed by another
dropout layer. A linear activation function is utilized by the MLP network. The final dense layer, serving
as the output layer, comprises four neurons, reflecting the likely number of classes in the classification
task, and involves 72 parameters. The model's total trainable parameters sum up to 11,476. The
inclusion of dropout layers aims to prevent overfitting during training. In the context of the current
ensemble-model, an MLP network deployed over the ensemble of features is utilized for submerged arc
welding defect detection.

It may be noted that the proposed model is referred to as ‘deep’ since any network comprising more
than one layer between the input and output layers of the model could be referred to as a deep neural
network, albeit a simplistic implementation...’



Specify the types of neural networks (e.g.. CNN, RNN) and how they are combined in the ensemble.

Response: We thank the reviewer for this comment. In positive response of this comment, we have
incorporated a table (Table 3) in the revised manuscript encapsulating the key attributes of different
types of neural networks including CNN and RNN. In addition, we have also provided an explanation
as to how one of these network types plays a key role in the architecture of our ensemble-based DNN
model from lines 538 to 557 as follows:

‘...The model utilized in the present study is compiled using the Adam optimizer with a learning rate of
0.006. The categorical cross-entropy loss function is utilized, indicating a multi-class classification task.
The model is trained on an additionally balanced version of the RIAWELC dataset, consisting of
features extracted from different weld defect types. The training is performed over 50 epochs with a
batch size of 128. The presented neural network model follows a straightforward architecture,
comprising an input layer with 72 nodes and three dense layers. The first dense layer has 128 neurons
with 9472 parameters, followed by a dropout layer with no applied dropout (rate = 0) for regularization.
The second dense layer consists of 16 neurons, contributing 2080 parameters, followed by another
dropout layer. A linear activation function is utilized by the MLP network. The final dense layer, serving
as the output layer, comprises four neurons, reflecting the likely number of classes in the classification
task, and involves 72 parameters. The model's total trainable parameters sum up to 11,476. The
inclusion of dropout layers aims to prevent overfitting during training. In the context of the current
ensemble-model, an MLP network deployed over the ensemble of features is utilized for submerged arc
welding defect detection.

It may be noted that the proposed model is referred to as ‘deep’ since any network comprising more
than one layer between the input and output layers of the model could be referred to as a deep neural
network, albeit a simplistic implementation. The performance of the model is assessed using various
metrics, including accuracy, loss, confusion matrix, classification report, and receiver operating
characteristic (ROC) curves...’

Mention the hyperparameters used for the deep learning model (e.g., number of layers, number of
neurons, activation functions).

Response: We thank the reviewer for this constructive suggestion. We have elucidated all the
parameters of the model in the revised manuscript from lines 538 to 557. The relevant parts of the
description in response to this comment have been highlighted in bold as well.

‘...The model utilized in the present study is compiled using the Adam optimizer with a learning rate
of 0.006. The categorical cross-entropy loss function is utilized, indicating a multi-class classification
task. The model is trained on an additionally balanced version of the RIAWELC dataset, consisting of
features extracted from different weld defect types. The training is performed over 50 epochs with a
batch size of 128. The presented neural network model follows a straightforward architecture,
comprising an input layer with 72 nodes and three dense layers. The first dense layer has 128
neurons with 9472 parameters, followed by a dropout layer with no applied dropout (rate = 0) for
regularization. The second dense layer consists of 16 neurons, contributing 2080 parameters,
followed by another dropout layer. A linear activation function is utilized by the MLP network. The
final dense layer, serving as the output layer, comprises four neurons, reflecting the likely number of
classes in the classification task, and involves 72 parameters. The model's total trainable parameters
sum up to 11,476. The inclusion of dropout layers aims to prevent overfitting during training. In the
context of the current ensemble-model, an MLP network deployed over the ensemble of features is
utilized for submerged arc welding defect detection.



It may be noted that the proposed model is referred to as ‘deep’ since any network comprising more
than one layer between the input and output layers of the model could be referred to as a deep neural
network, albeit a simplistic implementation. The performance of the model is assessed using various
metrics, including accuracy, loss, confusion matrix, classification report, and receiver operating
characteristic (ROC) curves...’

Clarify the role of each image segmentation technique and how their features are combined in the
ensemble.

Response: We thank the reviewer for this constructive comment. In response, we have added additional
clarifications in the revised manuscript over the following lines:

(i) Lines 447 to 451

‘...The GLCM across four directions is obtained on the preprocessed input welding defect images.
More specifically, the extraction of 14 statistical features using GLCM on each image is performed
along four orientations or angles including 0 degrees, 45 degrees, 90 degrees, and 135 degrees,
covering the horizontal, diagonal, vertical, and the opposite diagonal orientations, respectively...’

(ii) Lines 469 to 470

‘... The computation in this context along four directions is also performed for GLDM features (see
Section 3.1)...°

(iii) Lines 605 to 611

‘...Using GLCM and GLDM approaches individually, the 14 statistical features across 4 directions
were computed resulting in a total of 56 features each. Since FFT and textures are computed along
single ‘directions’, a total of 14 FFT and 14 texture features are attained. Given that DWT accounts
for eight different coefficients with the 14 statistical features computer corresponding to each
coefficient, a total of 112 DWT features are obtained. Therefore, 252 features comprising 14 FFT, 14
texture, 56 GLDM, 56 GLCM and 112 DWT features were extracted in total, and fused using the
ensemble based DNN model...’

We have also included Table 3 which enlists all the 14 statistical features extracted using
each of the five image segmentation/feature extraction methods:

Table 3 — Overview of the 14 statistical features considered in the current study

Feature Description
Density represents the average pixel intensity or value in a specific
Density (D) region, that provides information about the concentration of pixel

values given by density (D) = % X

Standard Density depicts the standard deviation of pixel intensities
Standard Density  within a region, quantifying the degree of variation or dispersion in

(SD) pixel values represented by standard density (SD) = /%Z?:l(xi —%)2
Kurtosis indicates the shape of the pixel intensity distribution, given
Kurtosis ST (=)

by kurtosis = —
(2R, (xi—%)2)




Skewness measures the asymmetry of the pixel intensity distribution,

Skewness _ n n (xi-%\3
represented by skewness = aDeD i:1( . )

Entropy is a measure of randomness or disorder in the pixel intensity
Entropy (H) distribution, as shown by entropy (H) = — ¥, p(i). log,{p(i)}

Energy represents the sum of squared pixel intensities in a region,
Energy (E) providing information about the overall magnitude or strength of
pixel values which is represented by energy (E) = Y1, (p(i))?

Area refers to the total number of pixels in a specified region
Area rendering a basic measure of the size or extent of the analyzed area

The median is the middle value in a sorted list of pixel intensities,
Median being less sensitive to extreme values than the mean and providing a
measure of central tendency

Range is the difference between the maximum and minimum pixel
Range intensities within a region, indicating the spread or variability of
pixel values

Maximum represents the highest pixel intensity value within a
Maximum specified region providing information about the brightest point in
the analyzed area

Minimum represents the lowest pixel intensity value within a
Minimum specified region comprising information about the darkest point in
the analyzed area

RMS is the square root of the mean of the squared pixel intensities
Root Mean (x;) that provides a measure of the average magnitude of pixel

Square (RMS) . 1
values, depicted by RMS = - e (x;)?

Uniformity quantifies the evenness or homogeneity of pixel
Uniformity (U) intensities in a region, depicted by uniformity (U) = Y™, (k;)?

Mean Absolute Deviation (MAD) measures the average absolute
Mean Absolute difference between each pixel intensity and the mean intensity in a
Deviation (MAD)  region, providing insight into the overall variability of pixel values,
as represented by MAD = %Z?:llxi — x|

In Table 3, n denotes the total number of intensity levels, x; denotes the intensity value of the
i pixel, * denotes the average intensity value of all pixels in the region of investigation in the
image, k; denotes represents normalized histogram value of the i intensity level. In addition,
p(i) depicts the probability of intensity level i occurrence in the weld image under examination
as well.

In addition, Table 4 elucidating the five different image segmentation/feature extraction
approaches along with associated pertinence to the current study specifically in the context of
feature combination for the ensemble model has been presented as well.



Table 4 — Feature extraction techniques adopted in the current study along with associated
purposes and corresponding total number of extracted features

Technique

Purpose

Total Number
of Features

GLCM

GLCM is utilized for texture analysis by
quantifying the frequency of pixel
combinations at specific distances and
directions.

56

GLDM

GLDM serves as a statistical approach for
image segmentation, focusing on the
differences in grey-scaled image thickness.

56

Texture Analysis

Texture analysis involves quantifying intuitive
image characteristics such as smoothness and
evenness, translating them into spatial
variations in pixel intensities

14

FFT

FFT is employed for frequency domain
analysis, transforming the digital signal into
frequency space to identify sensitivity patterns.

14

DWT

DWT represents discrete-time series sequences
as wavelet coefficients, facilitating symmetric
or bi-orthogonal region creation

112

Consider adding flowcharts or diagrams to illustrate the experimental process and data flow.

Response: We thank the reviewer for this constructive comment. We have revised the

complete, detailed flow chart depicting the complete experimental data and process flow in
Figure I of the manuscript.

Feature Extraction Methods through Image Segmentation:

Provide more context and explanation for each image segmentation technique used (GLCM, GLDM.,

FFT, DWT).

Response: We thank the reviewer for this constructive comment. We have added Table 4
which elucidates the five different image segmentation/feature extraction approaches in the
context of the current study as follows:

Table 4 — Feature extraction techniques adopted in the current study along with
associated purposes and corresponding total number of extracted features

Technique Purpose Total Number
of Features
GLCM GLCM is utilized for texture analysis by 56

quantifying the frequency of pixel
combinations at specific distances and
directions.




GLDM GLDM serves as a statistical approach for 56
image segmentation, focusing on the
differences in grey-scaled image thickness.
Texture Analysis Texture analysis involves quantifying intuitive 14
image characteristics such as smoothness and
evenness, translating them into spatial
variations in pixel intensities
FFT FFT is employed for frequency domain 14
analysis, transforming the digital signal into
frequency space to identify sensitivity patterns.
DWT DWT represents discrete-time series sequences 112
as wavelet coefficients, facilitating symmetric
or bi-orthogonal region creation

Furthermore, we have provided additional context and clarity across the manuscript via
revision over lines 419 to 423, 447 to 451, 469 to 470, and 605 to 611.

(i) Lines 419 to 423

‘...In Table 3, n denotes the total number of intensity levels, x; denotes the intensity value of the i
pixel, ¥ denotes the average intensity value of all pixels in the region of investigation in the image, k;
denotes represents normalized histogram value of the i” intensity level. In addition, p(i) depicts the
probability of intensity level i occurrence in the weld image under examination as well...’

(ii) Lines 447 to 451

‘...The GLCM across four directions is obtained on the preprocessed input welding defect images.
More specifically, the extraction of 14 statistical features using GLCM on each image is performed
along four orientations or angles including 0 degrees, 45 degrees, 90 degrees, and 135 degrees, covering
the horizontal, diagonal, vertical, and the opposite diagonal orientations, respectively...’

(iii) Lines 469 to 470

‘... The computation in this context along four directions is also performed for GLDM features (see
Section 3.1)...°

(iv) Lines 605 to 611

‘...Using GLCM and GLDM approaches individually, the 14 statistical features across 4 directions
were computed resulting in a total of 56 features each. Since FFT and textures are computed along
single ‘directions’, a total of 14 FFT and 14 texture features are attained. Given that DWT accounts for
eight different coefficients with the 14 statistical features computer corresponding to each coefficient,
a total of 112 DWT features are obtained. Therefore, 252 features comprising 14 FFT, 14 texture, 56
GLDM, 56 GLCM and 112 DWT features were extracted in total, and fused using the ensemble based
DNN model...’

Consider including equations or pseudo-code to better illustrate how the features are extracted.

Response: We thank the reviewer for this constructive comment. We have already presented the
algorithms utilized across the entire computation process associated with the current study over
algorithms 1, 2 and 3 in the manuscript. This includes the algorithm for image pre-processing
(algorithm 1), feature extraction (algorithm 2), and model building, training and evaluation (algorithm

3).



Experimental Setup and Data:

Include information on the training-validation-test split ratio used for model evaluation.

Response: We thank the reviewer for this constructive comment. We have provided the
following explanation in our revised manuscript from lines 373 to 378 in response to this
comment:

‘...The entire preprocessed input image data is split into training, validation and testing sub-sets. 20 %
of the total pre-processed image data is considered for testing. Of the remaining 80% of the total pre-
processed image data, 75 % of this remaining data is considered for training, with 25 % of the remaining
data (from the 80 % initially) reserved for validation. Thus, with each class comprising 4,000 images,
2400 images are reserved for training, 800 images for validation, and another 800 images for training...’

Mention how you ensured data balance for different defect classes.

Response: With due reference to the updated experimental procedure and results of the present study,
the ensemble-based DNN model performs classification of an input image into one of three different
critical defect classes, including one ‘no-defect’class. Each defect class was balanced by ensuring each
of these classes were populated with exactly 4000 submerged arc weld defect and good radiographic
images. Thus, the data balancing was performed from the initial computational setup phase itself. Using
the original data set (RIAWELC), the number of images in some classes were found to be higher than
others. We thus faced two options — to either up sample the dataset over each class, or to perform down
sampling. This meant increasing the number of images in some classes from around 4000 to 6000 for
example. However, in favour of robust defect detection by bringing out the key characteristics from
input images, down sampling is typically preferred. This strategy helps in preventing the model from
being biased toward classes with a larger number of samples, promoting better generalization and
performance across all classes. As a result, we ensured that the total number of input images in each
class neither exceeded nor fell below 4000 images, with 4000 images being the least number of images
in one of the defect classes provided in the original RIAWELC dataset itself-

If there are any data augmentation techniques used to increase the dataset size, mention them.

Response: In the revised methodology of the present study, data down-sampling was implemented to
address the imbalance in data distribution observed across various classes, which was evident in the
initial version. This down-sampling procedure did not involve an increase in the data size.
Consequently, no data augmentation techniques were employed as part of the experimental procedure
in the current study.

Discuss the rationale behind choosing specific hyperparameter values for the ensemble model (e.g..
number of decision trees in the Random Forest classifier).

Response: We acknowledge the positive feedback of the reviewer in this regard. In response to this
suggestion, we have revised our manuscript by eliminating the implementation of the random forest
classifier. Instead, our study now exclusively relies on the predictive capabilities of the neural network
(MLP). The primary emphasis is on showcasing the substantial improvement in weld defect detection
performance achieved through the fusion of features for training a readily deployable model.



Results and Discussion:

Present the results in a more organized manner with clear headings and subheadings.

Response: We thank the reviewer for this remark. We have revised the structuring of the results
presented by our present study in a manner which positively assists constructive interpretation,

Include quantitative metrics such as precision, recall, F1-score, and AUC-ROC in addition to accuracy
to provide a comprehensive evaluation of the model.

Response: We thank the reviewer for this constructive remark. We have included these metrics in favour
of a comprehensive evaluation of our proposed model, in the revised manuscript.

Compare the performance of your proposed model with other state-of-the-art techniques more
explicitly. Mention their results and highlight the advantages of your approach.

Response: We thank the reviewer for this remark. We have compared the performance of our proposed
model with a gamut of state-of-the-art approaches in the revised manuscript in Table 7, in addition to
an associated elucidation from lines 736 to 770 as follows:

‘...The proposed approach for weld defect detection, with a notable accuracy of 93.12%, stands out as a robust
and advanced model in comparison to various state-of-the-art techniques. While Guo et al. employed a 5-layer
CNN over the WDXI Weld Defect Dataset with a lower accuracy of 46.60%, it highlights the efficiency and
simplicity of the proposed model in comparison with traditional convolutional neural networks [2]. Sumesh et al.
approached by using the Acoustic Signature method with J48 Decision Tree, achieving an accuracy of 70.78%,
underscoring the advantage of the proposed model in offering superior performance in weld defect identification
[3]. Transfer learning, as demonstrated by Ajmi et al. (2020) using an AlexNet model, reached an accuracy of
85.20% [4], and Duan et al. (2019) applied a Cascade AdaBoost Algorithm with a Penalty Term, achieving 85.50%
[5]. While transfer learning is a powerful technique, the proposed model surpasses it, showcasing the effectiveness
of the ensemble-based deep learning approach.

Moreover, Sumesh et al. utilized a Random Forest Classifier alongside the Acoustic Signature Method, achieving
an accuracy of 88.69% [3]. The proposed model outshines this technique, emphasizing the advantages of feature
fusion and ensemble learning over traditional machine learning methods. Bacioiu et al. implemented a Six Class
FCN Model with an accuracy of 89.50%, showcasing the potential limitations of fully convolutional networks
(FCNs) compared to the simpler, proposed ensemble-based model [6]. Yang and Jiang et al used a Unified Deep
Neural Network with Multi-level features, obtaining a classification accuracy of 91.36%, which, while
commendable, falls short of the proposed model's performance [7]. The method employed by Hou et al. involved
a DNN with Sparse-Auto Encoder and SoftMax Activation, achieving an accuracy of 91.84%, highlighting the
potential drawbacks of relying solely on deep neural networks [8].

In contrast, the proposed ensemble-based deep learning model demonstrates several advantages. Its combination
of multiple models enhances overall robustness, adaptability, and accuracy. The feature fusion strategy contributes
to a more thorough analysis of complex patterns in the data, surpassing the limitations of traditional machine
learning methods and FCNs. The proposed model effectively addresses challenges associated with image data,
including intricate patterns and hierarchical feature learning, which can be limiting for traditional ML algorithms.
Overall, the proposed model's comprehensive approach, combining feature fusion, diverse feature extraction
techniques, and ensemble

Conclusion:

Summarize the main findings and contributions of the study.




Response: We thank the reviewer for this constructive remark. We have summarized the main findings
and contributions of the study in the conclusions section (Section 6) of the revised manuscript, from
lines 844 to 868 as follows:

‘... The present study therefore presents a comprehensive approach to weld defect detection using a
Multilayer Perceptron (MLP) model. The main findings and contributions can be summarized as
follows:

1.Feature Extraction and Transformation:

The study employs Kernel Principal Component Analysis (K-PCA) for feature reduction, effectively
capturing essential information from welding defect datasets. This step enhances the model's ability to
discern relevant patterns.

2. Feature Fusion and Model Architecture:

The proposed MLP model is carefully designed with consideration for the reduced feature space. It
demonstrates effective learning capabilities, showcasing its suitability for weld defect classification
tasks. This is in addition to the fact that the model learns from fused features characterizing the input
images.

3. Training and Validation:

The model is trained and validated on a diverse dataset comprising four classes of welding defects:
Cracks (CR), Lack of Penetration (LP), Porosity (PO), and No Defect (ND). The training process
incorporates a strategic split into training, testing, and validation sets.

4. Performance Metrics:

The study evaluates the model's performance using various metrics such as accuracy, loss, precision,
recall, and F1 score. These metrics provide a comprehensive assessment of the model's ability to classify
different welding defect types.

5. Confusion Matrix and ROC Curve Analysis:

The confusion matrix offers a detailed breakdown of classification results, while the Receiver Operating
Characteristic (ROC) curve and Area Under the Curve (AUC) provide a comprehensive evaluation of
the model's overall performance.

Emphasize the practical implications and potential applications of the proposed ensemble-based deep
learning model in real-world scenarios.

Response: We thank the reviewer for this constructive remark. We have attempted to provide
additional insight in this regard via the inclusion of explanations from lines 894 to 904 as follows:

‘...The ensemble-based deep learning model proposed in this study offers substantial practical benefits
for weld defect detection, with applications across diverse manufacturing environments. Its heightened
accuracy, resilience against false positives and negatives, and adaptability to various welding conditions
make it a valuable tool for industries where precision and reliability are paramount. The model
contributes to time and cost efficiency by expediting defect identification and streamlining quality
control processes, particularly in large-scale manufacturing settings. The scalability and generalization
capabilities ensure its effectiveness in evolving manufacturing standards, while its potential for
automated inspection systems and transfer learning further enhances its real-world applicability.
Overall, the proposed model represents a significant advancement in quality assurance, providing a
versatile and efficient solution for the accurate detection of weld defects in industrial settings...’



Figures and Tables:

Ensure that all figures and tables are referred to and explained in the main text.

Response: All figures and tables presented in the manuscript have been correlated with corresponding
descriptions in the main text.

Improve the quality and clarity of figures. Use proper axis labels, titles, and legends.

Response: The sharpness and clarity of each image used in the manuscript has been enhanced
throughout the manuscript, along with the use of appropriate supporting elements include axis labels,
titles, legends and descriptions.

References:

Make sure all references are up-to-date and relevant. Cite the most recent works in the field.

Response: The references in the manuscript have been verified to be relevant and up-to-date, with
additional recent works cited in the revised manuscript — as per the suggestion of the reviewer — as well.

Language and Clarity:

Carefully proofread the manuscript for grammar, spelling, and sentence structure errors.

Response: The manuscript has been revised completely in accordance with the suggestions of the
reviewer, with the greatest possible attention paid to grammatical formations and sentence structuring
as well.

Make sure the language is clear and easy to understand, avoiding excessive jargon. By implementing
these suggestions, you can enhance the clarity and impact of your manuscript.

Response: The wordings and structuring of the manuscript has been revised to facilitate ease of
understanding and interpretation. Technical terminologies have been introduced with background
explanations and descriptions throughout the points of use across the study.



Reviewer 2:

The core of the proposed work is an ensemble deep learning model for non-destructive welding
monitoring. The proposed approach has been tested and evaluated on a recent publicly available
dataset. The main drawback of this paper is the novelty. It proposes an interesting approach for
welding monitoring, but it can be summarized as the combination/integration of well-known
algorithms, without any real novelty.

Response: We would like to express our thanks to the reviewer for pointing out these specific
aspects. With due reference to the explanations presented in the manuscript - specifically
highlighting the importance and challenges associated with real-time weld defect detection
consistently throughout the span of the manuscript — the development of a solution which can
commendably detect welding defects by leveraging a sufficiently simplistic neural network
architecture and feature fusion approach is indeed crucial. Of course, while the RIAWELC dataset
is indeed open-source, unlike other studies, we have also performed data balancing to ensure the
model learns without any bias. We believe this notion on part of the authors does attribute at least
a tangible quantum of uniqueness to our dataset. While this may not be a groundbreaking
investigation which we agree is not what this study intends to be, it is indeed a sequential, systematic
and retrospective overview of what the current standing of weld defect detection systems actually
is, and attempts to interpret how complex the current systems are and tries to answer if the trade-
off between model complexity and robustness of feature ‘ensembling’ a viable approach promoting
offsite deployment. To these questions, our proposed study presents a systematic answer positively,
which adds to the novelty of the current work. This, coupled with a comprehensive and realistic
interpretation of the performance of our proposed model adds to the strength of our current
evaluation.

The presentation can be improved:

- by a careful check of language:

- reducing the overall length;:

- limiting some sections (for example the introduction and the verbose overview about technical
aspects of welding):

- removing some parts (for example, I do not understand the sense of section 2.3);

- algorithms presented in section 3 are useless/trivial;

- some parts are redundant - i.e. the repartition of the 21,155 images of the dataset is cited and
explained at least three times in the text, and also in a table.

Response: We are grateful to the reviewers for these constructive insights. We have revised the
manuscript to ensure the aforementioned oversights are rectified to improve the overall quality of
the manuscript.

Now something about the proposed results:

1. At first, the authors should better explain Fig. 8. According to this image, it looks like the
number of epochs does not affect the performance (the four lines are almost constant, and take the
same values at the beginning - epoch 0 - and end - epoch 50. But authors assert that "after 50
epochs, the accuracy of training and validation reached a saturation point of 100%: how can |
infer this by seeing Fig. 87)




Response: We appreciate the reviewer for bringing attention to a potential misunderstanding.
Following a careful review, we have rectified and refreshed our interpretation, ensuring accuracy
and clarity in our presentation. We value the constructive feedback provided by the reviewer, which
has contributed to the refinement of our work. The figures have been reworked and renumbered in
the revised manuscript to enhance the takeaways from the study, and promote a better reading
pathway as well.

2. The comparison proposed in Table 3 is biased: the results here reported refer to approaches
applied on different datasets/images, so it is not realistic (and meaningful) a comparison between
them!

Response: We value the reviewer's insightful observation and acknowledge the disparity in datasets
utilized for model training and testing, both in our study and those listed in Table 2. Recognizing
the inherent challenges associated with achieving a direct one-to-one comparison due to diversities
in datasets and experimental methodologies, we underscore the importance of evaluating our
proposed model's classification performance outcomes. The intentional focus on data balancing
within the RIAWELC dataset is aimed at ensuring an equitable and consistent assessment of our
model's capabilities. Given the current limitations in achieving dataset uniformity across studies,
we contend that the benchmarking results presented serve as a meaningful reference point for
understanding the classification efficacy of our proposed model. This clarification has been
incorporated into the revised manuscript from lines 721 to 731.

‘...It is important to recognize the inherent difficulty in directly comparing model performances
across studies with diverse datasets. The challenge arises due to variations in experimental
conditions and dataset characteristics. Whilst this limitation is indeed acknowledged, the balancing
the RIAWELC dataset as performed in our study ensures a fair and consistent evaluation of our
proposed model, effectively making our version of the dataset unique yet again. The decision to
present classification performance outcomes in Table 3 aims to provide valuable insights into the
relative effectiveness of our model in detecting weld defects. Despite the inherent dataset
heterogeneity in the field, our comparative analysis focuses on evaluating the model's classification
capabilities, offering a relevant reference point for understanding its overall performance...’

Reviewer 4:

1. Figure 1, 7. 8. 9 could have been better. Kindly use 300-600dpi images for the better view. It
seems either too small or blurry in my PDF.

Response: We have increased the sharpness of the figures for better clarity. We thank the reviewer
for bringing this oversight to the attention of the authors.

2. Introduction is very constructive, and develops concept for a reader as they go ahead. The only
problem is that it becomes too lengthy for the article. Kindly consider cutting it down a little.

Response: We thank the reviewer for this constructive comment. We have reworked and reduced
the size of the manuscript introduction.

3. Training a DL Algorithm could be computationally intensive, and nearly 21155 images being
used for training is a good starting point. But could authors clarify, if there are any more images
being used in the research works cited by you? Or you have used more than that of the cited
research works in this case of "DL in weld defect detection"?




Response: A significant proportion of the literature cited in our work utilize image datasets for
which the development of neural networks are examined. In fact, a number of studies cited in our
work utilize datasets similar to RIAWELC which is used in our examination as well.

4. Can you provide a short comparison with ML algorithms as well? That perspective can help
researchers relate and compare with DL models. For example, in various research works it is
mentioned sometimes the computational difficulties were experienced in training a DL Algorithm
vs the ML algorithm which was comparatively easier to train (a very few exceptions have also been
reported), but still had its own limitations in various research works done to date. This aspect can
be expanded a little with respect to the image processing/computer vision aspect.

Response: We thank the reviewer for highlighting this specific aspect. A description of ML model
performance for the purpose of weld defect detection had been mentioned in the original
manuscript. We have provided attempted to incorporate this description in our revised manuscript
from lines 82 to 98 as follows:

‘...Malarvel et al., deployed Multi-Class Support Vector Machines (MSVM) to perform weld defect
detection and multi-classification using X-ray images of weld conditions [9]. Wang et al., adopted
multi-thresholds with MSVM for detection of weld crack faults along steel pipes using X-Ray
image data [10]. Automatic weld defect classification and detection was performed using principal
component analysis (PCA) and support vector machine (SVM) approaches by Mu et al., rendering
a commendable classification accuracy of 90.75% through a bootstrap method [11]. Kumar et al.,
utilized machine learning classifiers such as decision trees, nearest neighbor, support vector
machines and discriminant analysis to perform defect classification of friction stir welded joints,
exhibiting an appreciable range of classification performance but over a limited data set sample size
of 360 samples in all [12]. Chianese et al., performed classification of weld defects in Remote
Laser-Welding (RLW) of thin-foil copper-to-steel battery tabs using photodiodes in conjunction
with supervised machine learning approach [13]. Asif et al., developed a machine learning model
to predict quality of welds through air coupled acoustic emission and weld inputs, achieving a
classification performance accuracy of 91.18% and 82.35% respectively for sequence tagging and
logistic regression algorithms [14]...’

From this elucidation, it is apparent that deep learning models are better suited for the purposes of
weld defect detection at least as a function of classification performances, of course
notwithstanding the fact that different model presentations in different studies do not all adopt the
same dataset for model building. While the building of deep learning models is in need of
computational effort, once built, such a model can be scalable deployed over target environments
with a robust classification performance, adapting to different input types to a better extent than
conventional machine learning models, ideally promoting better generalization.

5. Kindly study and cite:

10.1007/s12008-022-01165-9

10.1155/2022/2568347

It is suggested to use more references in the introduction section. It should not be limited to the
suggested literature only.

Response: We appreciate the valuable suggestion to enrich the introduction section with additional
references beyond the suggested literature. As part of this endeavour, we have duly incorporated
and cited the provided references (10.1007/s12008-022-01165-9 and 10.1155/2022/2568347) in our



manuscript. Thank you for emphasizing the importance of a comprehensive literature review, which
undoubtedly enhances the context and depth of our research.

6. Heading 2.2 can be a little more explanatory, if possible., kindly include a flowchart which
explains your stages of experimentations. Kindly make it a clear diagram. unlike other flowcharts
where I cannot see a thing clearly.

Response: We thank the reviewer for this constructive comment. We have added additional content
to Section 2.2 and have included a revised experimental process flow diagram as well.

7. Can there be more numerical intensive explanations? I feel there could be some numerical
demonstration or explanation where the GLCM, GLDM, FFT, etc., are being implemented, how
would they generate the results in general.

Response: We thank the reviewer for this remark. In response to this suggestion, we have
incorporated additional numerical backing in support of the different features utilized within the
scope of the present study. These formulations along with the definitions of the different extracted
features using GLCM, GLDM, FFT, Texture Feature Analysis and DWT methods are highlighted
with contextual significance in the revised manuscript in Table 3, with legends provided from lines
408 to 412, as follows:

Table 3 — Overview of the 14 statistical features considered in the current study

Feature Description
Density represents the average pixel intensity or value in a specific
Density (D) region, that provides information about the concentration of pixel

values given by density (D) = % X

Standard Density depicts the standard deviation of pixel intensities
Standard Density  within a region, quantifying the degree of variation or dispersion in

(SD) pixel values represented by standard density (SD) = /%Z?ﬂ(xi —x)?
Kurtosis indicates the shape of the pixel intensity distribution, given
Kurtosis R N
by kurtosis = =

Err,@-9?)

Skewness measures the asymmetry of the pixel intensity distribution,
Skewness

_ n n Xi—X
represented by skewness aDeD l=1( . )

Entropy is a measure of randomness or disorder in the pixel intensity
Entropy (H) distribution, as shown by entropy (H) = — Y1, p(i).log,{p(i)}

Energy represents the sum of squared pixel intensities in a region,
Energy (E) providing information about the overall magnitude or strength of
pixel values which is represented by energy (E) = Y1, (p(i))?

Area refers to the total number of pixels in a specified region
Area rendering a basic measure of the size or extent of the analyzed area




The median is the middle value in a sorted list of pixel intensities,
Median being less sensitive to extreme values than the mean and providing a
measure of central tendency

Range is the difference between the maximum and minimum pixel
Range intensities within a region, indicating the spread or variability of
pixel values

Maximum represents the highest pixel intensity value within a
Maximum specified region providing information about the brightest point in
the analyzed area

Minimum represents the lowest pixel intensity value within a
Minimum specified region comprising information about the darkest point in
the analyzed area

RMS is the square root of the mean of the squared pixel intensities
Root Mean (x;) that provides a measure of the average magnitude of pixel

Square (RMS) .
values, depicted by RMS = /% ()2
Uniformity quantifies the evenness or homogeneity of pixel
Uniformity (U) intensities in a region, depicted by uniformity (U) = ¥, (k;)?

Mean Absolute Deviation (MAD) measures the average absolute
Mean Absolute difference between each pixel intensity and the mean intensity in a
Deviation (MAD)  region, providing insight into the overall variability of pixel values,
as represented by MAD = %Z?:llxi — x|

In Table 3, n denotes the total number of intensity levels, x; denotes the intensity value of the i” pixel,
% denotes the average intensity value of all pixels in the region of investigation in the image, k;
denotes represents normalized histogram value of the i intensity level. In addition, p(i) depicts the
probability of intensity level i occurrence in the weld image under examination as well.

Additionally, we have provided more context to the existing formulations in Section 3.1 (lines 455 to
458), Section 3.2 (clarification was already presented as part of the original manuscript), Section 3.3
(lines 484 to 486) and Section 3.5 (line 511), highlighting the relevance of the formulations in the
context of the feature extraction process explained in our study. These lines have been presented
herewith as well:

(1) lines 455 to 458

‘...Equations (i) — (iii) represent the mathematical formulations representing image-pixel value centric
intensity variations and standard deviation calculations along the different GLCM method application
directions, which cumulate into an effective GLCM feature pool. With a total of 14 statistical features
as mentioned in Table 3...°

(ii) lines 484 to 486

‘...The FFT formula depicted in equation (v) transforms a signal from time to frequency domains,
detecting patterns by summing products of signal values and complex exponentials across different
frequencies...’



(iii) line 511
‘...with mathematical formulations presented over equations (vi), (vii) and (viii)...’

We appreciate the reviewer’s comment which has facilitated for an enhancement in the interpretability
of the revised manuscript.

8. Heading 4 looks like a mildly weak point of the manuscript, where I would have expected a little
more explanation for RF Classification Method being implemented and it has been left on the Figure 7
to explain the readers. But the problem is that Figure 7 is very difficult to read in this section, and it is
blurry and too squeezed to save the space. Kindly expand it, using 300 to 600 dpi high quality version.

Response: We thank the reviewer for this comment. In accordance with the proceeds of our revised
manuscript, we have removed the implementation of the random forest classifier, and have resorted to
rely completely on the prediction capability of the neural network (MLP) itself, with the focus of the
study being an exhibition of how significantly the fusion of features used to train a sufficiently easy to
deploy model can result in sufficiently high weld defect detection performance.

9. I was expecting a little more rigour in conclusions section. Kindly check for more points to add in
the conclusions! I request authors to study and provide a little more explanation.

Response: We thank the reviewer for this insightful remark. We have revised the entire conclusions
section (Section 6) in the revised manuscript with more points, additional discussions and study
roadmaps in the revised manuscript from lines 829 to 904 as follows:

‘... The proposed ensemble-based Deep Neural Network (DNN) model presents a positive way forward
in the field of welding fault diagnosis through radiographic imaging. By leveraging a feature fusion
strategy that incorporates diverse image segmentation techniques, such as GLCM, FFT, GLDM, DWT,
and texture analysis, the model achieves superior feature learning and categorization capabilities.
Evaluation metrics, including ROC and confusion matrices, attest to the model's remarkable accuracy
of 93.12%, surpassing other deep learning and machine learning approaches. Notably, the
computational efficiency of the model makes it suitable for real-time welding fault diagnosis, requiring
minimal hardware resources. The modular nature of the model allows seamless integration into existing
inspection systems, enhancing overall quality assurance. Early detection of visual defects in structural
metals mitigates the risk of catastrophic failure, emphasizing the model's potential impact on critical
and non-critical applications. Future enhancements may involve integrating additional feature
extraction strategies and ensemble techniques to further streamline image complexity, enhancing both
efficiency and accuracy. The proposed model lays the groundwork for advanced welding fault diagnosis
systems, offering a promising foundation for instantaneous condition monitoring. The present study
therefore presents a comprehensive approach to weld defect detection using a Multilayer Perceptron
(MLP) model. The main findings and contributions can be summarized as follows:

1.Feature Extraction and Transformation:

The study employs Kernel Principal Component Analysis (K-PCA) for feature reduction, effectively
capturing essential information from welding defect datasets. This step enhances the model's ability to
discern relevant patterns.

2. Feature Fusion and Model Architecture:



The proposed MLP model is carefully designed with consideration for the reduced feature space. It
demonstrates effective learning capabilities, showcasing its suitability for weld defect classification
tasks whilst remaining simpler to constitute, and more efficient to deploy on resource constrained
systems. This is in addition to the fact that the model learns from fused features characterizing the input
images.

3. Training and Validation:

The model is trained and validated on a diverse dataset comprising four classes of welding defects:
Cracks (CR), Lack of Penetration (LP), Porosity (PO), and No Defect (ND). The training process
incorporates a strategic split into training, testing, and validation sets.

4. Performance Metrics:

The study evaluates the model's performance using various metrics such as accuracy, loss, precision,
recall, and F1 score. These metrics provide a comprehensive assessment of the model's ability to classify
different welding defect types.

5. Confusion Matrix and ROC Curve Analysis:

The confusion matrix offers a detailed breakdown of classification results, while the Receiver Operating
Characteristic (ROC) curve and Area Under the Curve (AUC) provide a comprehensive evaluation of
the model's overall performance.

The proposed ensemble-based Deep Neural Network (DNN) model positively contributes to the field
of welding fault diagnosis through radiographic imaging. By leveraging a feature fusion strategy that
incorporates diverse image segmentation techniques, such as GLCM, FFT, GLDM, DWT, and texture
analysis, the model achieves superior feature learning and categorization capabilities. Evaluation
metrics, including ROC and confusion matrices, attest to the model's remarkable accuracy of 93.12%,
surpassing other deep learning and machine learning approaches. Notably, the computational efficiency
of the model makes it suitable for real-time welding fault diagnosis, requiring minimal hardware
resources. The modular nature of the model allows seamless integration into existing inspection
systems, enhancing overall quality assurance. Early detection of visual defects in structural metals
mitigates the risk of catastrophic failure, emphasizing the model's potential impact on critical and non-
critical applications. Future enhancements may involve integrating additional feature extraction
strategies and ensemble techniques to further streamline image complexity, enhancing both efficiency
and accuracy. The proposed model lays the groundwork for advanced welding fault diagnosis systems,
offering a promising foundation for instantaneous condition monitoring. In future research endeavours,
a compelling direction involves rigorous testing and adaptation of the algorithm across diverse
manufacturing methods, with a keen focus on additive manufacturing techniques such as Wire Arc
Additive Manufacturing (WAAM). This exploration aims to unveil the algorithm's adaptability and
effectiveness in various industrial scenarios. By delving into the intricacies of each method, we can
fine-tune the algorithm to cater to specific challenges and intricacies inherent to different manufacturing
processes. This strategic refinement not only augments defect detection capabilities but also establishes
a robust foundation for elevating overall quality assurance standards in welding and additive
manufacturing. Such advancements pave the way for transformative applications and cutting-edge
developments in the realm of manufacturing quality control.

The ensemble-based deep learning model proposed in this study offers substantial practical benefits for
weld defect detection, with applications across diverse manufacturing environments. Its heightened
accuracy, resilience against false positives and negatives, and adaptability to various welding conditions
make it a valuable tool for industries where precision and reliability are paramount. The model



contributes to time and cost efficiency by expediting defect identification and streamlining quality
control processes, particularly in large-scale manufacturing settings. The scalability and generalization
capabilities ensure its effectiveness in evolving manufacturing standards, while its potential for
automated inspection systems and transfer learning further enhances its real-world applicability.
Overall, the proposed model represents a significant advancement in quality assurance, providing a
versatile and efficient solution for the accurate detection of weld defects in industrial settings...’

10. Future directions are finished up in 2 lines. There were so many loose ends that could have been
discussed, but to keep it concise at least explain a little more for the future research possibilities and
scope of your algorithm. Can it be replicated & tested in any other manufacturing methods with what
type of modifications? Like welding concepts and additive manufacturing concepts like WAAM run
hand in hand, so how will the processes be benefitted?

Response: We thank the reviewer for this constructive remark. We have strengthened the explanation
pertaining to proposed future directions from lines 883 to 893 in the revised manuscript, as follows:

‘...In future research endeavours, a compelling direction involves rigorous testing and adaptation of the
algorithm across diverse manufacturing methods, with a keen focus on additive manufacturing
techniques such as Wire Arc Additive Manufacturing (WAAM). This exploration aims to unveil the
algorithm's adaptability and effectiveness in various industrial scenarios. By delving into the intricacies
of each method, we can fine-tune the algorithm to cater to specific challenges and intricacies inherent
to different manufacturing processes. This strategic refinement not only augments defect detection
capabilities but also establishes a robust foundation for elevating overall quality assurance standards in
welding and additive manufacturing. Such advancements pave the way for transformative applications
and cutting-edge developments in the realm of manufacturing quality control...’

11. Can you explain a little bit about welding integrated processes (as mentioned in point 10), like have
there been cases in such "welding integrated methods" where DL was implemented, and if not, then
kindly mention it in the future directions in this way: "DL can be deployed for Welding integrated

methods can be in this way ................... , with full creative liberty with authors provide a more
exhaustive and concise explanation on this.

Response: This is indeed an incredibly constructive suggestion by the reviewer. We have reworked the
conclusions, and have also presented a positive way forward with due reference to the implementation

of DL for welding defects in real-time (lines 829 to 904) as follows:

‘...The proposed ensemble-based Deep Neural Network (DNN) model presents a positive way forward
in the field of welding fault diagnosis through radiographic imaging. By leveraging a feature fusion
strategy that incorporates diverse image segmentation techniques, such as GLCM, FFT, GLDM, DWT,
and texture analysis, the model achieves superior feature learning and categorization capabilities.
Evaluation metrics, including ROC and confusion matrices, attest to the model's remarkable accuracy
of 93.12%, surpassing other deep learning and machine learning approaches. Notably, the
computational efficiency of the model makes it suitable for real-time welding fault diagnosis, requiring
minimal hardware resources. The modular nature of the model allows seamless integration into existing
inspection systems, enhancing overall quality assurance. Early detection of visual defects in structural
metals mitigates the risk of catastrophic failure, emphasizing the model's potential impact on critical
and non-critical applications. Future enhancements may involve integrating additional feature
extraction strategies and ensemble techniques to further streamline image complexity, enhancing both
efficiency and accuracy. The proposed model lays the groundwork for advanced welding fault diagnosis
systems, offering a promising foundation for instantaneous condition monitoring. The present study
therefore presents a comprehensive approach to weld defect detection using a Multilayer Perceptron
(MLP) model. The main findings and contributions can be summarized as follows:



1.Feature Extraction and Transformation:

The study employs Kernel Principal Component Analysis (K-PCA) for feature reduction, effectively
capturing essential information from welding defect datasets. This step enhances the model's ability to
discern relevant patterns.

2. Feature Fusion and Model Architecture:

The proposed MLP model is carefully designed with consideration for the reduced feature space. It
demonstrates effective learning capabilities, showcasing its suitability for weld defect classification
tasks whilst remaining simpler to constitute, and more efficient to deploy on resource constrained
systems. This is in addition to the fact that the model learns from fused features characterizing the input
images.

3. Training and Validation:

The model is trained and validated on a diverse dataset comprising four classes of welding defects:
Cracks (CR), Lack of Penetration (LP), Porosity (PO), and No Defect (ND). The training process
incorporates a strategic split into training, testing, and validation sets.

4. Performance Metrics:

The study evaluates the model's performance using various metrics such as accuracy, loss, precision,
recall, and F1 score. These metrics provide a comprehensive assessment of the model's ability to classify
different welding defect types.

5. Confusion Matrix and ROC Curve Analysis:

The confusion matrix offers a detailed breakdown of classification results, while the Receiver Operating
Characteristic (ROC) curve and Area Under the Curve (AUC) provide a comprehensive evaluation of
the model's overall performance.

The proposed ensemble-based Deep Neural Network (DNN) model positively contributes to the field
of welding fault diagnosis through radiographic imaging. By leveraging a feature fusion strategy that
incorporates diverse image segmentation techniques, such as GLCM, FFT, GLDM, DWT, and texture
analysis, the model achieves superior feature learning and categorization capabilities. Evaluation
metrics, including ROC and confusion matrices, attest to the model's remarkable accuracy of 93.12%,
surpassing other deep learning and machine learning approaches. Notably, the computational efficiency
of the model makes it suitable for real-time welding fault diagnosis, requiring minimal hardware
resources. The modular nature of the model allows seamless integration into existing inspection
systems, enhancing overall quality assurance. Early detection of visual defects in structural metals
mitigates the risk of catastrophic failure, emphasizing the model's potential impact on critical and non-
critical applications. Future enhancements may involve integrating additional feature extraction
strategies and ensemble techniques to further streamline image complexity, enhancing both efficiency
and accuracy. The proposed model lays the groundwork for advanced welding fault diagnosis systems,
offering a promising foundation for instantaneous condition monitoring. In future research endeavours,
a compelling direction involves rigorous testing and adaptation of the algorithm across diverse
manufacturing methods, with a keen focus on additive manufacturing techniques such as Wire Arc



Additive Manufacturing (WAAM). This exploration aims to unveil the algorithm's adaptability and
effectiveness in various industrial scenarios. By delving into the intricacies of each method, we can
fine-tune the algorithm to cater to specific challenges and intricacies inherent to different manufacturing
processes. This strategic refinement not only augments defect detection capabilities but also establishes
a robust foundation for elevating overall quality assurance standards in welding and additive
manufacturing. Such advancements pave the way for transformative applications and cutting-edge
developments in the realm of manufacturing quality control.

The ensemble-based deep learning model proposed in this study offers substantial practical benefits for
weld defect detection, with applications across diverse manufacturing environments. Its heightened
accuracy, resilience against false positives and negatives, and adaptability to various welding conditions
make it a valuable tool for industries where precision and reliability are paramount. The model
contributes to time and cost efficiency by expediting defect identification and streamlining quality
control processes, particularly in large-scale manufacturing settings. The scalability and generalization
capabilities ensure its effectiveness in evolving manufacturing standards, while its potential for
automated inspection systems and transfer learning further enhances its real-world applicability.
Overall, the proposed model represents a significant advancement in quality assurance, providing a
versatile and efficient solution for the accurate detection of weld defects in industrial settings...’

12. Grammar can be checked thoroughly one time. Personally, while reading I did not see any major
1Ssues.

Response: We thank the reviewer for the positive remarks. We have revisited our manuscript to ensure
that grammatical lapses are completely mitigated.

This manuscript was genuinely "fun to read" as a Welding & Manufacturing Engineering enthusiast
who has adequate knowledge of AI/ML & DL, I personally enjoyed how the authors have dived deep
into this study alongside developing conceptual clarity on the go (Very beneficial for the Academia
and budding industrial experts!). The authors have provided an exhaustive study, which stays with the
reader and is very constructive in its language. Some of the aspects suggested above for further
improvement will make the authors wok in the right direction for the betterment of the manuscript.
The manuscript displays practicality, and replicability. The best part and my favourite headings were
Heading 5.3 & Heading 6 (This needs a little more info, but still it was an amazing read). Hence it is
evident with my enthusiasm towards the manuscript, [ strongly support its publication, only after the
suggestions for a "Major Revision" are incorporated. Kind regards and Best of luck to the authors for
revising the manuscript.



Reviewer 5:

(1) The Introduction section does not provide any information on the welding defects under
investigation. The focus is not served.

Response: We thank the reviewer for highlighting this specific aspect with reference to our study. We
have revised the manuscript proceeds and have included a first pass general insight into the welding
defect types under investigation in the introduction section (Section 1) from lines 71 to 81 as follows:

‘...Welding defect detection is crucial for ensuring the structural integrity and reliability of welded
joints. Identifying defects, such as cracks, lack of penetration, or porosity, early in the manufacturing
process is paramount to prevent catastrophic failures, enhance product quality, and minimize costly
rework or replacement. The detection of welding defects presents challenges due to the complex nature
of weld structures and the diversity of potential defects. Traditional methods may struggle with
accuracy, especially in detecting subtle or evolving defects. Furthermore, the manual inspection of
welds is time-consuming, and defects can go unnoticed, leading to compromised safety and
performance. In the face of these widespread challenges associated with weld defect detection, recent
research has explored artificial intelligence-based inspection techniques, showing promise in detecting
weld defects by combining computer vision with machine learning approaches...’

Subsequently, the revised manuscript also presents a detailed elaboration of the specific weld defects
dealt with in this study under Section 2.3 in the context of the present study, from lines 380 to 398,
including Figure 1 and Table 2, as follows:

‘...Welding defects are irregularities that occur during and after the welding process, compromising the
functional strength, robustness, and physical appearance of the weld. Poor Weld Technique, excessive
stress application during welding, excessive or insufficient heat input and insufficient base metal surface
preparation is some of the typical primary causes of weld defects at large which negatively impact the
structural integrity of a weld joint possibly presenting safety and reliability challenges.

Heat Affected
Base Metal WeldBead Zone (HAZ)

i)

Figure 3 — Principal elements of a welding region.

Figure 3 offers a simplified, visual representation of a welded joint, showcasing the base material, weld
bead, and heat-affected zone (HAZ). Crack formations can be induced due to rapid cooling and
increased brittleness in the HAZ. Thermal stresses during welding, especially in materials with poor
ductility, also contribute to cracks along the weld bead and adjacent zones. When the weld bead fails to
fully penetrate the base material, an incomplete bond may result. Furthermore, inadequate heat input,
improper welding parameters, or an unsuitable technique contribute to sub-optimal weld penetration.
On the other hand, the presence of gas pockets within the weld bead in addition to factors like
contaminants, insufficient shielding gas, or improper electrode selection contribute to porosities along



the weldment. Table 2 delineates a cause and effect understanding of these fundamental defect types
that may arise along weldments during practical applications.

Table 2 — Typical defects that can arise on weld beads and regions because of welding.

NO Defect Type Cause of defect Effect on manufactured components

Inadequate weld preparation,
1. Crack [15] incompatible materials, poor
weld technique

Reduced component strength, structural
instability, corrosion and leaks.

Insufficient heat input,

improper joint preparation, Reduced load carrying capacity,
2 Lacl_< of inappropriate welding increased risk of cracks under load
' Penetration [16] . - :
technique corrosion

Contamination of welding
surface or filler metal,
3. Porosity [17] inadequate shielding gas,
incorrect welding technique,
excessive welding current

Reduced component fatigue life,
reduced strength, corrosion, and leaks.

(2) The literature review is poor. The algorithm used for developing weld defect detection model in
the literature should be discussed.

Response: We appreciate the reviewer’s remarks in this regard. The literature review presented in the
current study, along with the additional studies presented in Table 1, spans a gamut of Artificial
Intelligence models including both machine and deep learning models. The review included in our
current study in the introduction section assesses and outlines the approach — and thus the algorithm —
adopted in each study along with associated inferences. These interpretations have been provided and
extended in both the introduction (Section 1), and Results and Discussions (Section 5, with all its
subsequent sub-sections). The literary analysis in our present study highlights the relevant aspects of
each associated study, given that there is already a slight skewness in comparison owing to differing
datasets on which the models under comparison are trained. The authors have, in positive response to
this constructive comment, added additional interpretations across the manuscript, and have
refurbished the diagrammatic process flow descriptions to more obviously highlight the distinction in
the approach adopted by the current study, when compared with conventional developments.

(3) What are pure ML algorithms? Why are they not optimal for weld defect detection?

Response: We thank the reviewer for presenting this concern. We enclose our response as follows. Pure
machine learning (ML) algorithms, also known as traditional ML algorithms, rely on statistical methods
and mathematical models for predictions. In weld defect detection, these algorithms may not be optimal
due to the complexity of data, the need for manual feature engineering, limited capacity for non-
linearity, and the emergence of deep learning. Weld defect detection often involves high-dimensional
and complex data, such as images from non-destructive testing. Traditional ML algorithms may struggle
to capture intricate patterns and relationships in such data. Additionally, these algorithms typically
require manual feature engineering by domain experts, which can be challenging in the case of complex
defects. Many traditional ML algorithms are designed to handle linear relationships between input



features and output. However, weld defect data may exhibit non-linear patterns that cannot be
effectively captured by these algorithms. The emergence of deep learning, especially convolutional
neural networks (CNNs), has addressed this limitation by automatically learning hierarchical
representations from raw data. Deep learning models, including CNNs, have shown superior
performance in complex tasks like image and pattern recognition. They can perform end-to-end
learning, eliminating the need for manual feature engineering. This capability is particularly beneficial
when  dealing with the diverse and complex nature of weld defect patterns.

(4) A few abbreviations are defined multiple times. Additionally, their use is not uniform across the
paper.

Response: We thank the reviewer for this observation. We have reflected the requisite changes
pertaining to this constructive remark in the revised manuscript.

(5) Authors should highlight the major objective / insight from Table 1.

Response: Table 1 provides an overview of contemporary studies in the realm of weld condition
monitoring and defect detection, showcasing diverse approaches ranging from multisensory methods
to advanced deep learning techniques. The major objective gleaned from this table is to underscore the
multifaceted nature of research endeavours in welding condition monitoring. The studies address a wide
array of applications, including arc weld monitoring for aluminium alloys, automated visual inspection
of friction stir welds using DenseNet-121 CNN, and defect classification in friction stir welding.
Additionally, there is a focus on smart laser welding for sustainable manufacturing in Industry 4.0, one-
dimensional time-series data approach for non-destructive testing (NDT) of line laser welding, and
intelligent classification for TIG weld monitoring through transfer learning. Other objectives include
multi-sensing signal diagnosis for porosity defect detection, pipeline weld joint defect detection using
visual attention and deep learning, classification of weld defects using specialized CNNs like WelDeNet,
and the implementation of intelligent aluminium laser-welded blanks (ALWBs) factories in the context
of Industry 4.0.

The collective aim is to cumulate the advancement of welding technology — specifically in the front of
weld defect detection - through innovative and effective monitoring and defect detection
methodologies, which prepares the ground for the potential innovation our proposed model suggests
in its implementation process as well.

(6) The explanation given in Introduction becomes counter-intuitive as feature extraction has been
performed from the images for deep learning model development.

Response: We appreciate the reviewer's observation regarding the potential counter-intuitiveness in
our introduction regarding feature extraction. The objective of mentioning feature extraction from
images in the introduction is to highlight the importance of extracting meaningful information from the
raw image data, which is a crucial step in the development of deep learning models. In the context of
weld defect detection, feature extraction serves as a mechanism to capture relevant patterns and
characteristics inherent in the images of welded joints. By employing techniques such as Fast Fourier
Transform (FFT), Grey-Level Co-occurrence Matrix (GLCM), Grey-Level Difference Method (GLDM),
texture analysis, and Discrete Wavelet Transformation (DWT), we aim to obtain diverse features that
span temporal, spatial, and frequency domains. These extracted features are subsequently utilized to
train a deep neural ensemble network for weld defect detection. The mention of feature extraction
underscores our commitment to a robust and comprehensive approach, where the amalgamation of
diverse features contributes to the model's ability to discern complex patterns associated with weld
defects. We believe that this clarification emphasizes the role of feature extraction as a pivotal



preparatory step in our deep learning model development, aligning with the broader goal of achieving
accurate and effective weld condition defect detection.

(7) What is the relevance of the extracted features to the welding defects that are being studied? How
were the features selected?

Response: The extracted features in this study, obtained through techniques like GLCM, GLDM, FFT,
and DWT, act as a unique fingerprint for each welding defect class. These features are meticulously
designed to encapsulate critical information relevant to welding defects. Gray-Level Co-occurrence
Matrix (GLCM) features capture textural patterns in the welding images, providing insights into the
surface characteristics associated with defects. Gray-Level Dependence Matrix (GLDM) features focus
on the statistical properties of pixel dependencies, offering valuable information about spatial
relationships within the images. Fast Fourier Transform (FFT) features highlight frequency domain
characteristics, helping to identify specific frequency components related to defects. Discrete Wavelet
Transform (DWT) features capture variations in signal strength across different scales, aiding in the
recognition of subtle defect patterns. Together, these features contribute to a comprehensive
representation of the unique attributes associated with various welding defects, forming a distinctive
fingerprint that enhances the model's ability to accurately classify and detect defects in unseen data.

The rationale for feature selection in this study draws inspiration from established practices in existing
literature, where diverse models have been applied to different feature types. The primary focus here
was to investigate the effectiveness of combining a well-established set of 14 statistical features
extracted pixel-wise from images. The emphasis was deliberately placed on the concept of feature fusion
or ensemble, rather than delving into the individual significance of these features. The study's scope
centred around the holistic training and testing of the proposed model, exploring how the amalgamation
of these proven features contributes to enhanced performance, aligning with the broader objective of
effective weld defect detection.

(8) If the correlation between features is a concern, did the authors used any feature reduction methods?

Response: We thank the reviewer for highlighting this specific aspect. In positive response to this
comment, we have incorporated an elaboration of the Kernal Principal Component Analysis (KPCA)
process which was also performed on the final feature set during our experimental process.

(9) How were the hyperparameters of the random forest model selected?

Response: We are indeed thankful to the reviewer for presenting this question. As per the proceeds of
the revised study, we have delinked the use of a random forest classifier since the proposed neural model
with the fusion of features is able to nonetheless deliver a good performance for weld defect detection
without the use of the classifier, promoting easier deployment and an overall less complex model in
total.

(10) Most of the feature extraction methods are already well established in the literature. Additionally,
the authors neither have any novel contribution to the modelling process nor the experimentation. This
questions the novelty of the article.




Response: We appreciate the reviewer's concern and would like to highlight that while the individual
feature extraction methods employed in our study may be established in the literature, the novelty lies
in our comprehensive approach of combining these features to enhance weld defect detection. The
significant contribution of our work is the fusion of diverse feature sets, leading to a more robust and
discriminative representation for the neural network (MLP) model. Moreover, our experimentation
involves a detailed analysis of the fused features' impact on the model's performance, shedding light on
the effectiveness of the proposed ensemble-based deep learning approach. This unique integration of
well-established methods and the subsequent in-depth analysis distinguishes our study and contributes
to the existing body of knowledge in weld defect detection.

(11) The benchmarking results presented in Table 3 cannot be considered because there is no
commonality in the listed studies and this study.

Response: We appreciate the reviewer's observation and fully acknowledge the difference in datasets
used for model training and testing between our study and those presented in Table 2. We recognize the
challenges in achieving a one-to-one comparison due to variations in datasets and experimental
procedures across different studies. Despite these challenges, we believe that a comparison of
classification performance outcomes provides valuable insights into the effectiveness of our proposed
model. Our emphasis on data balancing within the RIAWELC dataset aims to ensure a fair and
consistent evaluation of model performance. In light of the current limitations in achieving dataset
uniformity across studies, we assert that the presented benchmarking results serve as a meaningful
reference for understanding our model's classification capabilities. We have inserted this clarification
in the revised manuscript as well from lines 721 to 731 as follows:

‘...It is important to recognize the inherent difficulty in directly comparing model performances across
studies with diverse datasets. The challenge arises due to variations in experimental conditions and
dataset characteristics. Whilst this limitation is indeed acknowledged, the balancing the RIAWELC
dataset as performed in our study ensures a fair and consistent evaluation of our proposed model,
effectively making our version of the dataset unique yet again. The decision to present classification
performance outcomes in Table 3 aims to provide valuable insights into the relative effectiveness of our
model in detecting weld defects. Despite the inherent dataset heterogeneity in the field, our comparative
analysis focuses on evaluating the model's classification capabilities, offering a relevant reference point
for understanding its overall performance...’

(12) Table numbering is wrong.

Response: We thank the reviewer for bringing this oversight on our part to the attention of the authors.
The numbering of the tables all throughout the manuscript has as a result, been thoroughly revised and
correlated with the content of the manuscript.

(13) Although it is important for quality assurance engineers to have Al models to assist them in weld
defect detection, an 100% accurate model is required that can help in classifying welding defects.
Authors should pay more attention in extracting meaningful features that can correctly segregate

welding defects.

Response: In response to the reviewer's comment, it is acknowledged that achieving a 100% accurate
model for welding defect detection is an ambitious goal. However, it's essential to highlight that the
pursuit of perfection in machine learning models, especially in complex tasks like weld defect detection,
is often challenging due to the inherent variability and intricacies in real-world data. The current study
focuses on leveraging a Multilayer Perceptron (MLP) model for weld defect classification, and while
no model is entirely flawless, the proposed approach demonstrates noteworthy performance.



The emphasis of this study lies in the effective extraction of meaningful features through techniques
involving feature extraction and subsequent training of the MLP model. The complexities involved in
welding processes, such as variations in materials, lighting conditions, and defect types, make achieving
absolute accuracy a demanding task. The study contributes significantly by presenting a robust model
that showcases competitive accuracy, providing a valuable tool for quality assurance engineers.

1t's important to consider that the pursuit of a 100% accurate model may sometimes lead to overfitting,
where the model performs exceedingly well on training data but struggles with real-world variability.
The focus on meaningful feature extraction and the utilization of a sophisticated MLP model in this
study aim to strike a balance between accuracy and generalization. The authors acknowledge the
ongoing challenges in the field and suggest that continuous improvements and refinements can be made,
paving the way for future research directions and advancements in weld defect detection methodologies.

General comments:

(1) Non-uniform use of abbreviations

Response: We acknowledge the reviewer's feedback regarding the non-uniform use of abbreviations in
the manuscript. In response, we have meticulously addressed this issue throughout the revised
manuscript to ensure consistency and coherence. This enhancement aims to enhance the readability
and comprehension of our work, thereby facilitating a more effective transfer of knowledge to our
readers.

(i1) Mixed use of capital and small letters

Response: We thank the reviewer for bringing this to our attention. We have carefully reviewed the
manuscript and addressed the issue of mixed capitalization. In the revised version, we have ensured
consistent capitalization throughout the text to maintain clarity and uniformity. We appreciate the
reviewer’s feedback which has helped us improve the quality of our manuscript.

(ii1) Experimental (Welding) details not discussed

Response: This is indeed a constructive comment by the reviewer. We have as a result thoroughly
reviewed the manuscript and incorporated the necessary details regarding the experimental setup and
welding process. The information has been added to Section 2.1 (Preliminary Experimental
Quantifications), specifically from lines 298 to 303, to ensure comprehensive coverage of the
experimental methodology. We appreciate the reviewer's attention to detail and strive to provide a more
thorough and informative manuscript.
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COVER LETTER

The Editor,
Special Issue for Al for Industry 4.0,
March 16, 2024

Respected Editor,

Thank you very much for your valuable comments on our manuscript entitled “Ensemble-based
Deep Learning Model for Welding Defect Detection and Classification” by Vinod Vasan,
Naveen Venkatesh S, Rebecca Jeyavadhanam B, Sugumaran V. Herewith, we have sent you the
revised manuscript with a reply to the comments from reviewers for your kind consideration. We
have incorporated the corrections at the appropriate places in the revised manuscript. We shall be
happy, if our revised manuscript is accepted for publication in view of our explanations in this
reply and revision of the manuscript.

Thanking You
Yours Sincerely,

Sugumaran V



