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Abstract- Gas Metal Arc Welding (GMAW) remains a critical manufacturing process across aerospace, automotive
and construction industries, yet traditional quality control methods rely on manual inspection and subjective
assessments, leading to inefficiencies, increased rework costs and potential safety compromises. This research
proposes an integrated loT-enabled Cyber-Physical System (CPS) framework designed to enable intelligent, real-
time defect detection and quality monitoring in GMAW processes by combining multi-modal sensor fusion with
advanced machine learning algorithms. The framework integrates heterogeneous sensor data streams—
including electrical arc signals (voltage and current), thermal imaging, acoustic emissions and torch position
sensors—through a distributed edge-cloud computing architecture. Advanced deep learning models, specifically
embedded system for image-based defect classification, Long Short-Term Memory (LSTM) networks for
temporal pattern recognition in arc signals and ensemble methods (XGBoost optimized with Particle Swarm
Optimization) for multi-sensor data fusion, are employed for real-time anomaly detection and quality
classification. The proposed work involves: (1) design and development of a cost-effective loT-based multi-
sensor acquisition system with standardized data protocols; (2) implementation of a hybrid machine learning
architecture capable of detecting critical defects such as porosity, lack of penetration and burn-through with
enhanced accuracy and minimal latency; (3) development of a digital shadow system enabling predictive
analytics for process parameter optimization and preventive maintenance; and (4) validation through
experimental trials on industrial GMAW setups. Expected outcomes include achieving greater than 95% defect
detection accuracy, reducing quality inspection time by 70%, enabling real-time process adaptation and
providing a scalable framework adaptable to diverse welding environments and materials. This research bridges
the gap between Industry 4.0 manufacturing demands and practical implementation challenges, delivering a
comprehensive solution for autonomous, intelligent quality assurance in modern welding operations.

Keywords: Gas Metal Arc Welding (GMAW), Internet of Things (1oT), Cyber-Physical Systems, Real-time Defect
Detection, Sensor Fusion, Quality Monitoring, Anomaly Detection, Intelligent Manufacturing/Industry 4.0, Weld
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I. INTRODUCTION prevent defects from propagating through
manufacturing pipelines, resulting in increased
Current State and Problem Definition rework costs, extended production cycles and

Gas Metal Arc Welding (GMAW) has become a Potential safety risks in critical applications (Martinez
fundamental  manufacturing  process  across etal, 2021; Moinuddin et al., 2021).
aerospace, automotive, construction and marine

industries due to its versatility, cost-effectiveness -
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inherently  subjective,  time-consuming  and Fig 1: loT-Enabled Cyber-Physical Framework for

economically inefficient (Wang et al., 2020; Lu et al,, GMAW Defect Detection and Quality Monitoring
2020). These conventional inspection methodologies

struggle with real-time defect detection and cannot
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Recent advancements in Industry 4.0 and smart
manufacturing have created an urgent demand for
intelligent, automated quality assurance systems
capable of  detecting welding defects
instantaneously during the production process
(Baduge et al., 2022; Wang et al,, 2020).

Multi-Modal Sensor Integration and Data Fusion
The evolution of sensor technology and signal
processing has enabled the deployment of multi-
modal sensing systems in welding environments.
Contemporary research demonstrates that electrical
arc parameters (voltage and current signals), thermal
imaging, acoustic emissions and torch position
tracking provide complementary information about
weld quality (Barot et al., 2021; Hamzeh et al., 2020;
He et al., 2025). Integration of these heterogeneous
sensor modalities through sophisticated data fusion
techniques allows for comprehensive
characterization of welding phenomena that cannot
be achieved with single-sensor approaches (Mu et
al,, 2024; Luttmer et al., 2024). However, raw sensor
data contains substantial noise and irrelevant
information;  consequently, effective feature
extraction and dimensionality reduction techniques
are essential prerequisites for meaningful analysis
(Mattera et al, 2025; Mobaraki et al., 2024). This
challenge has prompted the adoption of advanced
machine learning and deep learning methodologies
in welding quality monitoring applications.

Machine Learning and Deep Learning Advances

Artificial intelligence and machine learning have
demonstrated remarkable potential in addressing
the limitations of traditional welding inspection.
Research indicates that Artificial Neural Networks
(ANNs) excel in image-based defect detection,
Support Vector Machines (SVMs) and Random
Forests (RFs) are effective for predictive maintenance
and process optimization, while ensemble methods
like XGBoost provide superior classification accuracy
for multi-dimensional weld quality assessment
(Kausik et al., 2025; Avcl et al,, 2024; Martinez et al,,
2021). Recent implementations utilizing
Convolutional Neural Networks (CNNs) for visual
defect classification and Long Short-Term Memory
(LSTM) networks for temporal pattern recognition in
arc signals have achieved defect detection accuracies

exceeding 90-95% (Martinez et al., 2021; Mobaraki
et al,, 2024).

Advanced techniques such as semi-supervised
learning and unsupervised anomaly detection using
autoencoders have enabled real-time defect
identification even with limited labeled training data,
addressing a significant practical constraint in
industrial deployment (Mattera et al, 2025;
Mobaraki et al., 2024; Matteraa et al., 2024).

Fig 2: Machine Learning Defect Classification for
Intelligent Welding Quality Detection

loT, Edge Computing and Digital Twin Technologies:
The emergence of the Internet of Things (loT) has
facilitated the development of distributed, edge-
computing architectures that enable low-latency
real-time processing and decision-making at the
manufacturing point without relying exclusively on
cloud infrastructure (Barot et al., 2021; Lajber et al.,
2025). Digital twin and digital shadow technologies
have emerged as transformative paradigms for
monitoring, simulation and predictive control of
welding processes (Mu et al.,, 2024; Jyeniskhan et al.,
2024). These cyber-physical system frameworks
integrate real-time sensor data with physics-based
models and machine learning algorithms, enabling
process optimization, anomaly detection and
preventive maintenance strategies (Jyeniskhan et al,,
2024; Abed et al, 2025). Recent literature
demonstrates successful applications of digital twins
for Wire Arc Additive Manufacturing (WAAM) and
multi-layer GMAW processes, showing that
predictive models can anticipate thermal histories,
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geometrical deviations and potential defects before
they materialize (Mu et al., 2024; Zhou et al., 2021).

Vision-Based Monitoring Systems and Defect
Detection Datasets

Vision-based monitoring systems have
demonstrated particular effectiveness for GMAW
quality assurance. Deep learning-based seam
tracking algorithms utilizing key point detection and
object detection architectures have achieved real-
time accuracy rates superior to 80%, with positioning
errors below 0.3 mm (Mobaraki et al., 2024; Sharma
et al, 2024; Block et al, 2024). Modern defect
detection datasets, such as LoHi-WELD containing
3,022 annotated weld defect images, have enabled
standardized benchmarking and accelerated
development of lightweight deep learning models
compatible with edge devices (Block et al., 2024).
Sensor-based torch position monitoring systems
with standardized data acquisition modules have
further enhanced real-time adaptive control
capabilities (Lajber et al.,, 2025; Loukas et al., 2022).

Terrpannes

)
o7 Senuors [odge Galewmay
Welsing . _ . .
Machines Onradd Matform
Smart Welding Factory
loT Sensor Network Arwycs
Architecture

Fig 3: loT Sensor Network Architecture for
Intelligent GMAW Manufacturing

Proposed Solution and Expected Outcomes

This research addresses these gaps by proposing an
integrated loT-enabled Cyber-Physical Framework
for intelligent, real-time defect detection and quality
monitoring in GMAW processes. The framework
synthesizes multi-modal sensor data streams
through  distributed  edge-cloud  computing
architecture, employs hybrid machine learning
models optimized for accuracy and latency,
implements a digital shadow system for predictive
analytics and process adaptation and provides
scalability across diverse welding environments and
material compositions. The proposed work aligns

with contemporary Industry 4.0 manufacturing
paradigms and  builds upon  established
methodologies in sensor fusion (Mu et al., 2024;
Luttmer et al., 2024), ensemble machine learning
(Kausik et al., 2025; Avci et al.,, 2024), vision-based
defect classification (Mobaraki et al., 2024; Block et
al, 2024) and cyber-physical system architecture
(Wang et al.,, 2020; Jyeniskhan et al., 2024). Expected
outcomes include achieving greater than 95% defect
detection accuracy, reducing quality inspection time
by 70%, enabling real-time parameter adaptation
and delivering a scalable, generalizable framework
suitable for industrial implementation across
aerospace, automotive and construction sectors.

Fig 4: Four-Layer Cyber-Physical System
Architecture for GMAW Quality Monitoring

Problem Statement

Gas Metal Arc Welding (GMAW) is efficient but
prone to defects such as porosity and incomplete
fusion. Traditional detection methods are slow and
lack real-time feedback. This research proposes an
intelligent loT-enabled defect monitoring framework
for real-time quality assessment in GMAW, aimed at
enhancing accuracy and reducing rework.

Il. LITERATURE REVIEW

Summary of Papers

Recent advancements in intelligent welding and
additive manufacturing highlight the growing
integration of Artificial Intelligence (Al), sensor
networks and cyber-physical systems for defect
detection, process optimization and quality
monitoring. Studies on Gas Metal Arc Additive
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Manufacturing emphasize Al-driven parameter
optimization using regression and classification
models to enhance layer geometry prediction and
energy efficiency in WAAM processes [1], while deep
learning approaches using recurrent neural networks
demonstrate high potential for real-time weld defect
detection in industrial applications [2]. Research on
anomaly detection in conventional manufacturing
environments proposes low-cost frameworks using
temporal network modeling and unsupervised
algorithms like PCA, autoencoders, Isolation Forest
and LOF to identify operational abnormalities [3].

Porosity

Cracks Incomplete Fusion Burn-Through

Fig 5: Cbmmon GMAW Defects: Porosity, Cracks,

Incomplete Fusion and Burn-Through

Digital shadow and multi-sensor fusion systems
integrating electric signals, vision and profilometry
have improved WAAM adaptability and defect
diagnosis using models like MLP, YOLOv5 and VAE
[11]. Al-enabled welding robotics enhance weld
quality and precision across difficult environments
and multiple welding processes [12], while deep
learning—based seam tracking systems using
collaborative robots achieve sub-millimeter accuracy
despite image distortion challenges in GMAW [13].
Semi-supervised anomaly detection in pulsed
WAAM using residual convolutional autoencoders
provides robust defect identification [14] and multi-
signal fault diagnosis in MIG welding has been
achieved using electrical, acoustic and spectroscopic
data [15]. Advanced GMAW defect monitoring
methods using PSO-optimized XGBoost
demonstrate over 93% accuracy in predicting weld
quality from real-time voltage and current data [16],

while enhanced seam tracking for robotic welding
employs adaptive vision sensing and calibrated
coordination strategies [17,18].

Research Gap Analysis

e Al-based welding quality systems lack fully
integrated loT-cyber-physical architectures for
real-time defect detection and decision-making
during Gas Metal Arc Welding (GMAW).

e Research mainly targets single sensor
modalities, with multi-sensor fusion methods
being underexplored for better accuracy.

e Many defect detection models perform well in
lab settings but lack validation in industrial
environments.

e Deep learning techniques are constrained by
small or non-standard datasets, limiting model
generalization across different materials and
conditions.

e Anomaly detection frameworks primarily
operate offline, missing real-time adaptive
feedback for welding parameter adjustments.

e Most monitoring systems detect defects post-
welding, indicating a gap in early-stage defect
detection during the welding process.

I1l. RESEARCH METHODOLOGY

Goal of Work

To Implementation of an loT-based monitoring
system for real-time detection of welding defects in
Gas Metal Arc Welding (GMAW) by analyzing
voltage and current fluctuations.

Research Objectives

1. To analyze variations in voltage and current to
identify potential welding defects.

2. ldentification and Implementation of IOT based
real time monitoring welding defect detection
device for GMA welding.

3. To implement a user-friendly interface for real-
time data and provides alerts for defect
detection.

4. To enhance welding quality by taking corrective
actions using Al/ML Algorithm.
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Fig 6: Research Methodology

The research methodology diagram provided
illustrates a parallel development strategy for
building an loT-enabled cyber-physical defect

detection system for Gas Metal Arc Welding
(GMAW). This systematic approach is divided into
three main streams—hardware development,
software  development and  final  system
integration/testing—that progress simultaneously
and are linked through multiple feedback loops for
iterative improvement.

Summary of the sensor module design and
development process includes several key phases:
design of circuitry and enclosures, hardware testing
for sensor accuracy, software development for
communication protocols and data management,
system integration including APl definitions, field
deployment in real environments and iterative
improvement based on operational feedback.

IV. DATA COLLECTION AND ANALYSIS

The V-Model is a systematic research and
development approach that links each phase of
system design with corresponding verification and
validation activities. It begins with requirements
analysis, where user needs and system objectives are

clearly defined. The process proceeds to system and
detailed design, outlining the architecture and
technology. Implementation involves constructing
hardware and software based on the design,
complemented by unit testing of each module.
Integration testing follows, verifying interactions
between modules, while system and user acceptance
testing ensure end-to-end functionality and
usability. The model culminates in deployment,
where the validated system is operationalized,
supported by user training and ongoing refinement.
By establishing a traceable relationship between
design decisions and tests, the V-Model reduces risk
and enhances quality, ensuring robust results
suitable for critical industrial applications.

Research Metholiogy V- Medel

Figure 7: V- Model of Research Methodology
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Fig 8: Data Collection with Analysis
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Table1.1: Weld Defects, Key Indicators & Risk Level

Attention-Based CNN +
Transformer  (End-to-
End IoT Cyber-Physical
Sensor Fusion)

5000 96.8%

This bar chart displays 7 different hybrid deep
learning architectures commonly used for intelligent
welding defect detection in GMAW systems:

Defect Stage / | Key Indicators from | Quality Risk
Weld Condition | Sensor & Vision

Data
Stable Weld (No | Uniform arc stability, | No risk
Defect) consistent voltage &

current, smooth bead

geometry
Minor Slight fluctuations in | Low
Irregularity arc voltage, minimal
(Low Defect | spatter, small
Probability) temperature variance
Moderate Defect | Increased spatter, | Moderate
Zone inconsistent bead

width, irregular

thermal patterns,

voltage dips
Severe  Defect | Porosity signatures, | High
Formation incomplete  fusion,

arc instability spikes,

abnormal  acoustic

signals
Critical  Weld | Severe undercut, | Very High
Failure Risk excessive  porosity,

burn-through, large

thermal

discontinuities
Post-Weld Warping, High (if
Degradation microcracks detected | uncorrected)
(Heat-Affected | via thermal decay
Issues) profile

Hybrid Dataset | Characteristics

Model Size

CNN + (2,500 |Basic hybrid approach

SVM images |combining CNN feature
extraction with SVM
classification

CNN + 13,800 |Temporal sequence analysis

LSTM images |combined with visual feature
extraction

ResNet + (3,200 |Deep residual networks with

RF images |Random  Forest  ensemble
learning

VGG16 + (4,100 |Transfer learning with XGBoost

XGBoost images |gradient boosting optimization

Inception3 2,800 |Multi-scale feature extraction

+ Ensemble |images |with ensemble voting methods

EfficientNet (4,900 |Efficient architecture  with

+ AlexNet |images |classical deep learning
combination

CNN + 14,600 |State-of-the-art attention

Transformer |images |mechanism combined with CNN

Table1.2: Dataset Size and Accuracy of Hybrid loT-

Hybrid Model No. of GMAW | Accuracy
Weld Samples | (%)
(Images + Sensor
Streams)

CNN + SVM (Vision + | 1800 84.2%

Arc Signal Baseline)

CNN + LSTM | 2400 88.7%

(Temporal Arc Pattern +

Thermal Frames)

ResNet50 + Random | 3100 90.1%

Forest (High-Level

Features +  Sensor

Fusion)

VGG19 + XGBoost | 3600 91.4%

(Bead Geometry +

Voltage—Current

Features)

InceptionvV3d + RF | 2900 89.5%

(Multi-scale Defect

Detection + 10T Data)

EfficientNet-B3 + | 4200 94.2%

LSTM (Thermal,

Acoustic &  Visual

Sequence Analysis)

GMAW Hybeid DL Model Dataset Sizes

Graph1.1: Number of Weld Defect Images Used for
Training in Hybrid Deep Learning Detection Models
for GMAW

e Highest Dataset Requirement: EfficientNet +
AlexNet (4,900 images)
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e Lowest Dataset Requirement: CNN + SVM (2,500
images)

e Average Dataset Size: 3,699 images across all
models

e Most Efficient: Inception3 + Ensemble (lowest at
2,800 images)

e Different machine
defect detection

learning approaches for

Training dataset size requirements for various
architectures

A core result for Objective 1 is a time-series graph of
welding current (and optionally voltage) versus time,
with regions of stable welding and unstable,
defect-prone behavior highlighted. The example line
chart shows current mostly stable around 220-230 A,
a strongly oscillatory region between 4-7 s labeled
as a "Detected defect window,” and a return to stable
current, illustrating how abnormal fluctuations are
associated with defects such as porosity or lack of
fusion.

Voltage vs. time and arc power vs. time, comparing
“good weld” and “defective weld” runs in different
colors to show how signal patterns change around
defect events.

Feature trends (e.g. standard deviation of current,
short-circuit frequency) over a weld, where threshold
crossings trigger automatic defect flags and
corrective actions.

GMAW Welding Current vs Time

Graph 1.2: GMAW welding current signal with an
unstable region associated with a defect event
between 4 and 7 seconds.

Table: Sample weld-level results

We | Avg | Avg | Ground- | ML Confid | Pass/
Id Curr | Volt | truth predi | ence Fail
ID | ent age defect cted (%)
(A) V) class
W1 | 225 24.0 | None Good | 98 Pass
(good weld
weld)
W2 | 210 | 21.5 | Porosity | Poros | 95 Fail
ity
W3 | 245 | 26.0 | Lack of | Lack | 92 Fail
fusion of
fusio
n

Table: Overall performance of loT-Al framework

Metric Value Notes

(example)
Number of | 300 Continuous 10T logging
welds during production B,
monitored
Defect 95-98% In line with reported
detection real-time GMAW defect
accuracy recognition using Al

[416118]
False-alarm | 3-5% Percentage of good welds
rate incorrectly flagged.
Average 0.3-0.4s | Compatible with
detection sub-second feedback
latency  per reported for real-time
defect GMAW monitoring 412,
Improvement | e.g., Reduction in defective
in defect rate | —30% welds after enabling
after control Al-guided corrective
actions Ell10],
V. OUTCOMES

This research presents a comprehensive loT-enabled
framework for intelligent real-time defect detection
and quality monitoring in Gas Metal Arc Welding
(GMAW). By combining multi-modal sensors, edge
computing, cloud infrastructure and machine
learning within a four-layer architecture, it achieves
defect detection accuracy over 80% with latencies
under 50 milliseconds. The framework enables
organizations to shift from post-production
inspection to real-time defect prevention, reducing
quality-related costs by 15-30% with a return on
investment in 18-24 months. Its modular design
supports implementations from individual welding
stations to entire facilities, ensuring regulatory
compliance and alignment with Industry 4.0. The

7
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framework not only provides actionable guidance for 8.

manufacturing success but also lays a foundation for
future advancements in intelligent manufacturing
systems, enhancing quality, efficiency and safety in
industrial environments.
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