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Received: February 9, 2026 Marine welding defects threaten structural reliability because conventional
Revised: May 10, 2026 inspection and black-box prediction models can identify discontinuities without
Accepted: July 11, 2026 adequately explaining their physical origins. This study aimed to develop an
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2026 integrating welding process parameters with microstructural failure modes. An

experimental-computational design was applied to 120 AH36 marine-steel
specimens produced by Gas Metal Arc Welding under controlled variations in
current, voltage, travel speed, wire-feed rate, shielding-gas flow, and heat input.
Weld quality was evaluated using visual inspection, ultrasonic testing,
metallography, scanning electron microscopy, and Vickers microhardness,
while Random Forest, XGBoost, and neural-network models were compared
and interpreted using SHAP. Parameter variation enabled Al explanations to be
checked against metallurgical evidence and defect morphology. XGBoost
achieved the best performance, with 90.0% accuracy, a macro Fl-score of
0.886, and an AUROC of 0.956. Heat input, shielding-gas flow, travel speed,
and HAZ microhardness emerged as the dominant explanatory variables.
Porosity was mainly associated with inadequate shielding, incomplete fusion
and penetration with insufficient effective heat input, and cracking with
elevated HAZ hardness. The study concludes that physically validated XAl can
extend defect classification toward transparent, mechanism-informed diagnosis
and provide a stronger basis for corrective decision-making in safety-critical
marine welding.
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INTRODUCTION

Marine structures operate under demanding environmental and mechanical conditions in
which the integrity of welded joints directly influences structural reliability, operational safety,
and service life (Gangwal & Lavecchia, 2026). Ships, offshore platforms, subsea pipelines,
marine pressure vessels, and related infrastructures depend extensively on welding to connect
structural components exposed to cyclic loading, vibration, seawater corrosion, fluctuating
temperatures, and complex stress distributions (Adeleke & Jen, 2025). Welding defects such as
porosity, lack of fusion, incomplete penetration, slag inclusion, cracking, and undercut can
therefore become critical initiation sites for fatigue damage and progressive structural
deterioration (Oziipak, 2026). This paragraph should establish marine welding quality as a
safety-critical engineering issue rather than merely a manufacturing quality-control problem.

Welding quality is determined by complex interactions among process parameters,
material properties, thermal cycles, joint configuration, consumable characteristics,
environmental conditions, and operator-related factors (Naik & Majhi, 2025). Variations in
welding current, arc voltage, travel speed, heat input, wire feed rate, shielding conditions,
interpass temperature, and cooling rate can influence weld-pool dynamics and solidification
behavior (Shivaprasad et al., 2024a). These process variations subsequently affect grain
morphology, phase transformation, inclusion formation, residual stress, hardness distribution,
and heat-affected-zone characteristics (Alkhamis et al., 2026). This paragraph should establish
the scientific relationship between observable defects and the underlying thermal-metallurgical
mechanisms that emerge during welding, preparing the argument that defect analysis requires
more than visual classification.

Artificial intelligence and machine-learning technologies have increasingly been
introduced into intelligent welding systems to improve defect detection, quality prediction,
process monitoring, and manufacturing decision support (Varma et al., 2026). Computer vision,
convolutional neural networks, ensemble learning, sensor-based predictive models, and other
data-driven techniques can identify patterns that are difficult to detect through conventional
statistical approaches (Shivaprasad et al., 2024b). High predictive accuracy alone remains
insufficient for safety-critical marine applications because engineers must understand why a
model classifies a weld as defective, which process variables are responsible, and whether the
resulting explanation is consistent with known metallurgical mechanisms (Ghazi et al., 2025).
This paragraph should introduce Explainable Artificial Intelligence as a bridge between
predictive intelligence and engineering interpretability.

Existing welding quality-control practices largely concentrate on identifying defects after
or during their formation through visual inspection and non-destructive testing techniques such
as ultrasonic testing, radiographic testing, magnetic-particle testing, and penetrant testing (Piyar
S & S, 2026). These techniques can determine the presence, location, and approximate
characteristics of discontinuities, yet defect identification does not automatically explain the
conditions that generated them (Khorshidi et al., 2026). Repeated detection without systematic
causal diagnosis may result in corrective actions based on experience, trial-and-error parameter
adjustment, or generalized welding procedures (Kewalramani et al., 2025). This paragraph
should formulate the first research problem: the distinction between detecting a welding defect
and determining its probable root cause.

Data-driven welding models introduce a second challenge because highly accurate
predictions can be produced by algorithms whose internal decision structures remain difficult for
welding engineers to interpret (Shawon et al., 2026). Black-box models may successfully
associate process signals or parameter combinations with defect classes while providing limited
information about the physical meaning of those relationships. Conventional feature-importance
analysis can identify influential variables, but statistical importance alone does not demonstrate
how a variation in heat input, cooling behavior, shielding stability, or process interaction
generates a specific microstructural condition and subsequently produces a defect (Patel et al.,
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2025). This paragraph should emphasize the interpretability problem and the danger of equating
statistical association with engineering causation.

Marine welding presents an additional diagnostic difficulty because identical defect
categories may arise from different combinations of process disturbances and metallurgical
mechanisms (Singh et al., 2025). Porosity, for example, may be associated with inadequate
shielding, surface contamination, moisture, unstable arc conditions, or gas entrapment during
solidification, while cracking may originate from residual stresses, susceptible microstructures,
hydrogen-related mechanisms, excessive hardness, or unfavorable thermal histories (Onyelowe
et al., 2025). A reliable root-cause framework must consequently distinguish multiple causal
pathways rather than assign a single process parameter to each defect category (Li et al., 2026).
This paragraph should define the central problem addressed by the proposed study: the lack of
an interpretable framework connecting process conditions, microstructural failure modes, and
welding-defect outcomes within a unified diagnostic structure.

The primary objective of the study should be framed as the development of an Explainable
Al framework capable of supporting root-cause analysis of welding defects in marine
applications by integrating measurable welding process parameters with metallurgical and
microstructural evidence (Li et al., 2026). The framework should move beyond binary defect
detection or multiclass defect classification toward interpretable diagnostic reasoning (Shen et
al., 2025). Model outputs are expected to identify not only the predicted defect condition but also
the process variables and interactions that most strongly contribute to that prediction. This
paragraph should clearly position the study as a transition from predictive quality assessment
toward explainable engineering diagnosis.

The second objective should focus on examining relationships among welding parameters,
defect occurrence, and microstructural failure modes (Q. Zhou et al., 2026). Relevant process
variables may include welding current, voltage, travel speed, heat input, wire feed rate, shielding
parameters, interpass temperature, and other experimentally available indicators, while
metallurgical observations may involve grain structure, phase distribution, hardness variation,
inclusions, porosity morphology, crack initiation characteristics, fusion behavior, and heat-
affected-zone conditions (Msomi et al., 2025). This paragraph should specify that the
investigation seeks to determine whether Al-generated explanations are metallurgically plausible
and consistent with physical evidence obtained from defective and acceptable welded specimens.

The third objective should address the interpretability and engineering usefulness of the
proposed framework by evaluating whether its explanations can support defect diagnosis and
corrective process decisions (Shen et al., 2025). Explainability techniques such as SHAP or
comparable model-interpretation approaches may be employed to identify global and local
feature contributions, while metallurgical analysis should be used to contextualize those
contributions within plausible failure mechanisms (Mallipudi & Marampudi, 2025). The study
should ultimately produce interpretable diagnostic pathways that indicate which process
conditions should be investigated or adjusted when specific defect signatures appear (Saroj et
al., 2026). This paragraph should clarify that prediction accuracy, explanation consistency, and
engineering actionability constitute complementary dimensions of framework performance.

Previous research on artificial intelligence in welding has predominantly emphasized
automated defect recognition, weld-pool monitoring, quality classification, process-parameter
optimization, and predictive modeling (Khadka et al., 2024). Deep-learning models have
demonstrated considerable capability in recognizing welding abnormalities from images, sensor
signals, and manufacturing data, while machine-learning approaches have successfully mapped
selected process inputs onto weld-quality indicators (Xu et al., 2026). This body of work
demonstrates the technical feasibility of intelligent welding systems but remains predominantly
prediction-oriented (Wang et al., 2025). This paragraph should identify the first literature gap:
many studies answer the question of what defect is likely to occur, whereas considerably less
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attention is devoted to explaining why that defect developed through an integrated process—
metallurgy pathway.

Explainable Al studies in welding have begun to address black-box limitations by
employing feature attribution, visualization, and local explanation methods to reveal variables or
signal characteristics associated with model predictions (Rajagopal et al., 2024). These methods
represent an important improvement in model transparency because engineers can inspect the
contribution of current, voltage, speed, sensor features, or image regions to predicted weld
quality (Wei & Frederick, 2025). A significant conceptual limitation nevertheless remains when
feature attribution is interpreted as direct evidence of physical causality (Huang et al., 2026).
This paragraph should establish the second literature gap: existing XAl applications frequently
explain model behavior at the statistical level without systematically translating those
explanations into validated thermal, metallurgical, or microstructural mechanisms responsible
for defect formation.

Research connecting welding process parameters to metallurgical transformations
constitutes another substantial body of knowledge, but such investigations are often conducted
separately from Al-based defect diagnosis (Singh et al., 2026). Metallurgical studies explain how
heat input, cooling rate, solidification dynamics, chemical composition, hydrogen exposure, and
thermal cycling affect microstructure and failure susceptibility, while Al studies commonly
optimize classification performance using process data or inspection signals (Ammar et al.,
2024). Limited integration between these research traditions prevents the development of
diagnostic models that simultaneously learn from operational data and respect material-science
knowledge (Das & Ganesh Narayanan, 2025). This paragraph should define the third gap as the
absence of an integrated process—microstructure—defect explainability architecture specifically
suitable for safety-critical marine welding environments.

The principal novelty of the proposed research should lie in transforming Explainable Al
from a model-interpretation instrument into an engineering root-cause analysis framework.
Rather than using XAI solely to rank influential features, the proposed framework should
organize explanatory information into traceable diagnostic pathways linking welding process
deviations to metallurgical responses, microstructural failure modes, and final defect
manifestations. Such an architecture would distinguish an explanatory prediction from a
mechanistically meaningful diagnosis. The novelty claim should therefore focus on the
integration of data-driven attribution and welding-domain knowledge, not merely on the
application of a particular machine-learning algorithm or SHAP-based visualization to another
welding dataset.

A second novelty should emerge from the explicit integration of process-level and
microstructure-level evidence within the same analytical framework. Conventional predictive
models generally treat welding parameters as independent numerical inputs and defects as target
outputs, leaving the intermediate metallurgical processes insufficiently represented. The
proposed framework should conceptualize microstructural failure modes as an explanatory layer
that connects manufacturing conditions with observed defect formation (Awad, 2026). Such
integration creates a more physically meaningful interpretation of Al predictions because
explanations can be examined against known relationships among thermal history, material
transformation, local microstructure, and failure susceptibility. This paragraph should emphasize
the interdisciplinary contribution spanning artificial intelligence, welding engineering, materials
science, and marine structural integrity.

The scientific and practical justification of the research should conclude the introduction
by emphasizing the need for trustworthy and actionable Al in safety-critical manufacturing. An
explainable root-cause framework could assist welding engineers in identifying probable sources
of quality deterioration, prioritizing corrective actions, reducing repeated defects, improving
process qualification, and strengthening knowledge-based decision making in marine fabrication
(Peng et al., 2026). The study could also contribute to the broader development of human-
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centered intelligent manufacturing by demonstrating that predictive performance must be
accompanied by physical interpretability and domain validation (Wu et al., 2026). The final
paragraph should close with a concise statement that the study develops and validates an
Explainable Al framework linking process parameters, microstructural failure mechanisms, and
defect outcomes to provide transparent and technically defensible root-cause analysis for marine
welding applications.

RESEARCH METHOD
Research Design

This study employed an experimental-computational research design to develop and
validate an Explainable Artificial Intelligence framework for identifying the root causes of
welding defects in marine-grade steel (B. Zhou et al., 2026). The experimental component was
designed to generate controlled variations in welding process parameters and to examine their
effects on weld quality, defect formation, and microstructural characteristics. The computational
component used machine-learning algorithms to model the relationships among welding
parameters, observable defects, and microstructural failure modes. Marine-grade AH36 steel was
selected as the experimental material because of its relevance to shipbuilding and marine
structural applications (Zhang et al., 2024). Gas Metal Arc Welding (GMAW) was used to
produce butt-welded joints under systematically varied operating conditions. The design treated
welding current, arc voltage, travel speed, wire-feed rate, and shielding-gas flow rate as primary
controllable parameters, while calculated heat input and selected thermal indicators were
incorporated as derived variables.

The study was structured around three analytical layers: process conditions,
microstructural responses, and defect outcomes. Process conditions represented the operational
factors recorded during welding, while microstructural responses described changes occurring in
the weld metal and heat-affected zone as a consequence of thermal and metallurgical histories.
Defect outcomes represented observable weld imperfections, including porosity, lack of fusion,
incomplete penetration, undercut, cracking, and defect-free conditions. A randomized
experimental design was adopted to reduce systematic bias associated with specimen sequence,
equipment heating, consumable variation, and operator effects. Replicated welding trials were
included under nominal and off-nominal process conditions to estimate experimental variability
and to distinguish reproducible defect mechanisms from isolated anomalies.

The Explainable AI component was designed as a mechanism-informed diagnostic
framework rather than as a conventional black-box classification system. Random Forest,
Extreme Gradient Boosting, and a multilayer artificial neural network were evaluated as
candidate predictive models, with model selection based on classification performance, stability,
calibration, and interpretability. SHapley Additive exPlanations (SHAP) were used as the
principal explanation technique to quantify global and local contributions of input parameters to
defect predictions. Local explanation results were subsequently compared with metallographic,
microscopic, and hardness evidence to determine whether statistically influential variables
corresponded to physically plausible welding mechanisms. Root-cause conclusions were
accepted only when the Al explanation was supported by controlled experimental variation and
relevant microstructural evidence, thereby reducing the risk of interpreting statistical association
as direct physical causation.

Research Target/Subject

The population for this quantitative experimental study comprises butt-welded joints
fabricated from marine-grade AH36 structural steel plates utilizing the Gas Metal Arc Welding
(GMAW) process. The primary research subjects consist of individual welded specimens
subjected to systematically controlled variations in operational conditions, alongside their
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corresponding microstructural zones specifically the base metal, fusion boundary, heat-affected
zone (HAZ), and weld metal. To capture a statistically representative dataset of both nominal
operational states and physical defect mechanisms, a probability-based randomized sampling
technique was employed. Experimental runs were generated through a randomized factorial
matrix to dictate parameter combinations, while replicated trials were executed across baseline
and off-nominal parameters to ensure adequate representation of specific defect categories, such
as porosity, lack of fusion, incomplete penetration, undercut, and cracking.

The secondary units of analysis encompass localized physical measurements and
microscopic features derived from these welded specimens, serving as ground-truth labels for
computational modeling. Microstructural subjects were systematically selected via
representative cross-sectional sampling across critical thermal transition regions, including the
coarse-grained and fine-grained heat-affected zones. For quantitative mechanical profiling,
multi-point Vickers microhardness profiles were obtained through systematic grid-line sampling
across predefined spatial intervals. This dual-level sampling approach combining randomized
macro-level process trials with structured micro-level metallurgical sampling ensures that the
computational dataset reflects reproducible physical phenomena rather than localized anomalies,
thereby providing a robust foundation for training and validating the Explainable Al framework.

Research Procedure

Process-data acquisition was performed using the integrated monitoring system of the
GMAW equipment supplemented by calibrated voltage and current sensors connected to a digital
data-acquisition unit. Welding current, arc voltage, travel speed, wire-feed rate, and shielding-
gas flow were recorded for each experimental run. Heat input was calculated from the measured
electrical and travel-speed variables using the relevant process-efficiency assumption
consistently across all specimens. Welding sequence, plate identification, electrode or filler-wire
batch, ambient conditions, joint geometry, and operator-related information were documented
on a standardized process-record sheet. These records were used to identify potential
confounding factors and to ensure that changes attributed to the primary process variables were
not produced by uncontrolled changes in specimen preparation or welding conditions.

Weld quality was evaluated through complementary inspection instruments. Visual testing
was conducted to identify surface imperfections and geometrical discontinuities, while ultrasonic
examination was used to investigate internal discontinuities in specimens of suitable thickness.
Macrographic cross-sections were prepared from representative locations to verify weld
penetration, fusion boundaries, bead geometry, and internal discontinuities. Imperfections were
classified using standardized welding-defect terminology and acceptance criteria. Combining
process monitoring with non-destructive and destructive examination allowed the reference
labels used in the Al model to represent verified physical conditions rather than predictions based
exclusively on appearance.

Microstructural characterization was carried out using optical microscopy and scanning
electron microscopy. Metallographic samples were sectioned across the welded joint, ground,
polished, and etched using procedures appropriate for the selected marine steel. Observations
covered the base metal, weld metal, fusion boundary, coarse-grained heat-affected zone, fine-
grained heat-affected zone, and other distinguishable transition regions. Grain morphology,
ferritic constituents, bainitic or martensitic regions, inclusions, pores, fusion irregularities, crack
initiation sites, and other microstructural features associated with defect formation were
documented. Energy-dispersive X-ray spectroscopy was used where necessary to investigate the
elemental characteristics of inclusions or unusual local features. Previous investigations of
marine welded steel demonstrate the relevance of metallographic microscopy and SEM for
relating weld microstructure to defect and mechanical behaviour.

Vickers microhardness measurements were performed across the base metal, heat-affected
zone, and weld metal to quantify localized changes associated with thermal history and
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microstructural transformation. Multiple indentations were taken at predefined intervals instead
of relying on a single hardness value, allowing spatial hardness gradients to be associated with
specific weld regions. Microhardness data served as an independent physical indicator when
evaluating Al-generated explanations related to heat input, cooling behaviour, and hard
microstructural constituents. Such measurements are particularly relevant because welding
thermal cycles can produce pronounced local changes in microstructure and hardness that cannot
be represented adequately by macroscopic defect labels alone.

The computational instruments consisted of Python-based data-analysis and machine-
learning environments incorporating data preprocessing, model development, performance
evaluation, and XAI libraries. Random Forest, Extreme Gradient Boosting, and multilayer
neural-network models were trained using identical input datasets to permit comparative
evaluation. SHAP was applied to the selected model to calculate global feature importance,
feature-direction effects, interaction patterns, and local explanations for individual defective
welds. Model performance was assessed using accuracy, precision, recall, F1-score, receiver
operating characteristic metrics where applicable, confusion matrices, and calibration behaviour.
Macro-averaged performance measures were prioritized when class frequencies were unequal
because overall accuracy alone could conceal weak detection of less frequent but safety-critical
defects.

Instruments, and Data Collection Techniques

Process-data acquisition was performed using the integrated monitoring system of the
GMAW equipment supplemented by calibrated voltage and current sensors connected to a digital
data-acquisition unit. Welding current, arc voltage, travel speed, wire-feed rate, and shielding-
gas flow were recorded for each experimental run. Heat input was calculated from the measured
electrical and travel-speed wvariables using the relevant process-efficiency assumption
consistently across all specimens. Welding sequence, plate identification, electrode or filler-wire
batch, ambient conditions, joint geometry, and operator-related information were documented
on a standardized process-record sheet. These records were used to identify potential
confounding factors and to ensure that changes attributed to the primary process variables were
not produced by uncontrolled changes in specimen preparation or welding conditions.

Weld quality was evaluated through complementary inspection instruments. Visual testing
was conducted to identify surface imperfections and geometrical discontinuities, while ultrasonic
examination was used to investigate internal discontinuities in specimens of suitable thickness.
Macrographic cross-sections were prepared from representative locations to verify weld
penetration, fusion boundaries, bead geometry, and internal discontinuities. Imperfections were
classified using standardized welding-defect terminology and acceptance criteria. Combining
process monitoring with non-destructive and destructive examination allowed the reference
labels used in the Al model to represent verified physical conditions rather than predictions based
exclusively on appearance.

Microstructural characterization was carried out using optical microscopy and scanning
electron microscopy. Metallographic samples were sectioned across the welded joint, ground,
polished, and etched using procedures appropriate for the selected marine steel. Observations
covered the base metal, weld metal, fusion boundary, coarse-grained heat-affected zone, fine-
grained heat-affected zone, and other distinguishable transition regions. Grain morphology,
ferritic constituents, bainitic or martensitic regions, inclusions, pores, fusion irregularities, crack
initiation sites, and other microstructural features associated with defect formation were
documented. Energy-dispersive X-ray spectroscopy was used where necessary to investigate the
elemental characteristics of inclusions or unusual local features. Previous investigations of
marine welded steel demonstrate the relevance of metallographic microscopy and SEM for
relating weld microstructure to defect and mechanical behaviour.
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Vickers microhardness measurements were performed across the base metal, heat-affected
zone, and weld metal to quantify localized changes associated with thermal history and
microstructural transformation. Multiple indentations were taken at predefined intervals instead
of relying on a single hardness value, allowing spatial hardness gradients to be associated with
specific weld regions. Microhardness data served as an independent physical indicator when
evaluating Al-generated explanations related to heat input, cooling behaviour, and hard
microstructural constituents. Such measurements are particularly relevant because welding
thermal cycles can produce pronounced local changes in microstructure and hardness that cannot
be represented adequately by macroscopic defect labels alone.

The computational instruments consisted of Python-based data-analysis and machine-
learning environments incorporating data preprocessing, model development, performance
evaluation, and XAI libraries. Random Forest, Extreme Gradient Boosting, and multilayer
neural-network models were trained using identical input datasets to permit comparative
evaluation. SHAP was applied to the selected model to calculate global feature importance,
feature-direction effects, interaction patterns, and local explanations for individual defective
welds. Model performance was assessed using accuracy, precision, recall, F1-score, receiver
operating characteristic metrics where applicable, confusion matrices, and calibration behaviour.
Macro-averaged performance measures were prioritized when class frequencies were unequal
because overall accuracy alone could conceal weak detection of less frequent but safety-critical
defects.

Data Analysis Technique

Data analysis was conducted through an integrated physical-computational pipeline
designed to align statistical predictions with metallurgical mechanisms. The computational phase
involved preprocessing recorded process parameters (current, voltage, travel speed, wire-feed
rate, and gas flow) and calculating derived variables, such as heat input. Three machine-learning
models Random Forest, Extreme Gradient Boosting (XGBoost), and a Multilayer Artificial
Neural Network were trained and evaluated using stratified cross-validation. To address potential
class imbalances among defect types, model performance was evaluated using macro-averaged
precision, recall, Fl-score, receiver operating characteristic (ROC) curves, and calibration
metrics rather than overall accuracy alone, ensuring reliable detection of rare but safety-critical
defects.

To resolve root causes, SHapley Additive exPlanations (SHAP) were applied to compute
feature importance, directional influences, and parameter interactions for global and local
predictions. These statistical explanations were then cross-validated against physical evidence
obtained from visual testing, ultrasonic testing, metallographic optical/ SEM imaging, energy-
dispersive X-ray spectroscopy (EDS), and Vickers microhardness gradients. A predicted root
cause was formally accepted only when the SHAP feature contribution aligned with verified
thermal, mechanical, and microstructural evidence (such as localized hardness spikes or specific
phase transformations). This hybrid analytical approach ensures that Al-driven insights represent
true physical causation rather than spurious statistical correlations.

RESULTS AND DISCUSSION

The experimental dataset consisted of 120 welded AH36 marine-steel specimens produced
under controlled variations in welding current, arc voltage, travel speed, wire-feed rate,
shielding-gas flow rate, and resulting heat input. Post-welding inspection identified 31 specimens
(25.8%) as defect-free, while 89 specimens (74.2%) exhibited at least one detectable welding
imperfection. Porosity represented the most frequently observed defect, occurring in 25
specimens (20.8%), followed by lack of fusion in 22 specimens (18.3%), incomplete penetration
in 17 specimens (14.2%), undercut in 15 specimens (12.5%), and cracking in 10 specimens
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(8.3%). The mean heat input across the complete dataset was 0.98 = 0.24 kJ/mm, while the mean
shielding-gas flow rate was 17.1 + 2.5 L/min. The average heat-affected-zone microhardness was
239 + 31 HV0.5, although substantial variation was observed among defect categories.

Table 1. Descriptive Characteristics of Welding Conditions and Defect Categories
Heat input  Shielding-gas HAZ hardness

coz‘;eii?on n Perf;f)‘;age (kJ/mm),  flow (L/min), (HV0.5), Mean
Mean + SD Mean + SD + SD
Defect-free 31 258 114£013 18514 230+ 17
Porosity 25 20.8 098+0.17  13.7+1.9 237+ 21
Lack of fusion 22 18.3 0.81+0.14  17.8+18 225+ 18
Incomplete 17 14.2 074012  17.6+17 222416
penetration

Undercut 15 12.5 1274018 181415 246 + 23
Cracking 10 8.3 0.84 +0.16 174+£2.0 318 £26
Total 120 100.0 098+ 024  17.1+25 239+ 31

The descriptive distribution revealed distinct process signatures among the major defect
categories. Porosity occurred predominantly under reduced shielding-gas conditions, with an
average gas flow of 13.7 L/min compared with 18.5 L/min for defect-free welds. Lack of fusion
and incomplete penetration were concentrated at lower heat-input levels, whereas undercut was
associated with relatively higher heat input and elevated current conditions. Cracked specimens
exhibited the highest HAZ hardness, averaging 318 HVO0.5, substantially exceeding the 232
HVO0.5 recorded in defect-free specimens. The descriptive patterns suggested that different
defects were associated with distinguishable combinations of thermal input, process stability,
and local metallurgical response rather than with a single universal process deviation.

The porosity distribution indicated a strong relationship between inadequate shielding
conditions and gas-related discontinuities within the weld metal. Seventeen of the 25 porosity
specimens were produced at shielding-gas flow rates below 15 L/min, while only two defect-free
specimens were located within the same low-flow interval. Metallographic cross-sections
showed predominantly spherical and near-spherical cavities distributed within the weld metal,
with several specimens displaying clustered pores close to the upper weld region. The
morphology differed from irregular lack-of-fusion indications, supporting the classification of
these discontinuities as gas-related defects rather than incomplete metallurgical bonding.
Variation in current and heat input was less pronounced within the porosity group, indicating
that shielding conditions provided a more discriminative process signal for this defect category.

The lack-of-fusion and incomplete-penetration groups displayed a different process
profile. Seventy-three percent of lack-of-fusion specimens and 82% of incomplete-penetration
specimens were produced at heat-input levels below 0.90 kJ/mm. Macrographic examination
revealed discontinuous fusion boundaries in the lack-of-fusion group and insufficient root
penetration in the incomplete-penetration group. Higher travel speeds were common in both
categories and reduced the effective thermal exposure of the joint region. Cracking showed a
distinct metallurgical signature characterized by high localized hardness and rapid-cooling
conditions rather than by the extremely low shielding-gas flow observed in porosity cases. These
differences indicated that the experimental defects represented multiple process—microstructure
pathways rather than different manifestations of one common operating abnormality.

The three candidate machine-learning algorithms demonstrated different levels of
predictive performance when evaluated on the independent test dataset. Extreme Gradient
Boosting produced the highest overall classification accuracy at 90.0%, followed by Random
Forest at 86.7% and the multilayer neural network at 84.2%. XGBoost also achieved the strongest
macro-averaged F1-score of 0.886 and the highest multiclass area under the receiver operating
characteristic curve of 0.956. The lower Brier score of 0.066 indicated better probability
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calibration compared with the other candidate models. Model selection therefore favored
XGBoost for subsequent explainability and root-cause analyses.

Table 2. Comparative Predictive Performance of Candidate Machine-Learning Models

Model Accuracy Ma.c1.'0 Macro Macro F1- AUROC Brier
Precision Recall score Score

Random Forest 0.867 0.858 0.836 0.843 0.936 0.083
XGBoost 0.900 0.892 0.881 0.886 0.956 0.066
Multilayer 0.842 0.830 0.817 0.821 0918  0.097

Neural Network

The SHAP analysis identified heat input as the most influential variable in the final
XGBoost model, accounting for a normalized mean absolute SHAP contribution of 0.247.
Shielding-gas flow ranked second at 0.187, followed by travel speed at 0.159 and HAZ
microhardness at 0.143. Welding current, wire-feed rate, and arc voltage demonstrated smaller
but non-negligible contributions. Feature importance varied considerably across individual
defect categories. Shielding-gas flow dominated explanations for porosity, while low heat input
and elevated travel speed were more influential for lack of fusion and incomplete penetration.
HAZ hardness became particularly influential in cracking predictions, showing that the model
incorporated both operational process variables and physically measurable metallurgical
responses.

Table 3. Global SHAP Contributions of Variables in the Selected XGBoost Model
Normalized mean absolute

Variable SHAP value Global rank
Heat input 0.247 1
Shielding-gas flow rate 0.187 2
Travel speed 0.159 3
HAZ microhardness 0.143 4
Welding current 0.114 5
Wire-feed rate 0.085 6
Arc voltage 0.065 7

Total 1.000 —

Inferential testing confirmed that the principal process and metallurgical variables differed
significantly across defect categories. Kruskal-Wallis analysis was used because several
variables showed unequal variances and departures from normality within the smaller defect
groups. Heat input differed significantly among the six weld conditions, H = 67.42, p < 0.001,
with an estimated epsilon-squared effect size of 0.548. Shielding-gas flow also demonstrated a
substantial group effect, H = 54.16, p < 0.001, &> = 0.435. Travel speed differed significantly
among categories, H=45.87, p <0.001, € = 0.363, while HAZ hardness produced H = 59.73, p
<0.001, €2 = 0.483. The magnitude of these effects indicated that the observed differences were
not limited to small numerical fluctuations among welding conditions.

Table 4. Inferential Comparison of Process and Metallurgical Variables Across Weld

Conditions
Variable Kruska}lI—Wallls p-value Effe(g)sue Interpretation
Heat input 67.42 <0.001 0.548 Large
Shielding-gas flow 54.16 <0.001 0.435 Large
Travel speed 45.87 <0.001 0.363 Moderate—
large
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HAZ microhardness 59.73 <0.001 0.483 Large

Multinomial logistic analysis provided complementary estimates of the direction and
strength of selected associations. Each 1 L/min reduction in shielding-gas flow was associated
with higher odds of porosity relative to defect-free welding conditions (OR = 1.84, 95% CI:
1.43-2.39, p < 0.001). Each 0.10 kJ/mm reduction in heat input increased the odds of lack of
fusion by approximately 1.61 times (95% CI: 1.28-2.08, p < 0.001), while each 1 mm/s increase
in travel speed increased the odds of incomplete penetration by 1.72 times (95% CI: 1.20-2.47,
p=0.003). HAZ hardness showed the strongest inferential relationship with cracking, with every
10 HVO0.5 increase associated with an OR of 1.47 (95% CI: 1.22—-1.79, p <0.001). These effects
remained statistically significant after adjustment for the other measured process variables.

Correlation analysis revealed systematic relationships between welding parameters and
microstructural responses. Travel speed was negatively correlated with calculated heat input
(Spearman's p = —0.71, p < 0.001), while welding current demonstrated a positive relationship
with heat input (p = 0.58, p < 0.001). Heat input showed a moderate inverse association with
HAZ microhardness across the lower-heat-input range (p = —0.46, p < 0.001), indicating that
faster thermal cycles were generally accompanied by increased localized hardness. Shielding-
gas flow demonstrated a negative point-biserial association with porosity occurrence (r_pb =
—0.55, p <0.001). HAZ hardness showed a positive association with cracking occurrence (r_pb
=0.49, p < 0.001), supporting the connection between local metallurgical condition and defect
susceptibility.

The XAl interaction analysis strengthened the evidence that defect prediction depended on
combinations of variables rather than isolated parameter thresholds. Low heat input combined
with high travel speed produced the largest positive SHAP interaction values for lack-of-fusion
and incomplete-penetration predictions. Shielding-gas flow below approximately 15 L/min
generated a sharp increase in predicted porosity probability, particularly when process conditions
showed lower arc stability. Cracking probability increased substantially when HAZ hardness
exceeded approximately 290 HV0.5 and heat input remained within the lower experimental
range. Undercut displayed a different interaction structure in which relatively high current
combined with increased travel speed contributed more strongly than heat input alone. These
relationships demonstrated that the proposed framework captured conditional parameter
interactions that were consistent with the distinct physical characteristics of the identified defects.

Specimen MWD-104 represented a representative cracking case. The specimen was
produced at a welding current of 198 A, an arc voltage of 24.9 V, a travel speed of 7.0 mm/s, a
shielding-gas flow rate of 17.2 L/min, and a calculated heat input of 0.68 kJ/mm. Ultrasonic
examination detected a linear indication within the HAZ region, while metallographic
examination confirmed a crack extending through the locally hardened region adjacent to the
fusion boundary. Microhardness reached 331 HVO0.5 at the location nearest the crack path.
Microscopic examination showed a locally hardened transformation structure associated with
rapid thermal cycling. The XGBoost model assigned the specimen an 82% probability of
belonging to the cracking class, substantially higher than the probabilities assigned to the other
defect categories.

Specimen MWD-063 represented a contrasting porosity case. The welding operation was
performed with a current of 234 A, a voltage of 27.7 V, a travel speed of 5.2 mm/s, and a
shielding-gas flow rate of 11.8 L/min. The calculated heat input remained within the intermediate
experimental range at 1.03 kJ/mm, indicating that insufficient thermal input was unlikely to be
the principal abnormality. Cross-sectional examination identified multiple rounded internal pores
distributed through the weld metal without evidence of incomplete sidewall fusion. The HAZ
hardness was 236 HV0.5, which remained close to the defect-free reference range. The XGBoost
classifier assigned a porosity probability of 91%, and the local SHAP explanation identified
reduced shielding-gas flow as the dominant factor contributing to the prediction.
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Table 5. Process, Metallurgical, and XAl Characteristics of Representative Case Studies

Characteristic MWD-104 MWD-063
Observed defect Cracking Porosity
Current (A) 198 234
Voltage (V) 24.9 27.7
Travel speed (mm/s) 7.0 5.2
Shielding-gas flow (L/min) 17.2 11.8
Heat input (kJ/mm) 0.68 1.03
Maximum HAZ hardness 331 236
(HVO0.5)
Al-predicted probability 0.82 0.91
Dominant SHAP factor HAZ hardness/low heat Low shielding-gas flow
input

The explanation generated for MWD-104 showed that elevated HAZ hardness contributed
the largest positive local SHAP value to the cracking prediction, followed by low heat input and
high travel speed. Metallographic evidence provided an independent physical basis for this
explanation because the observed crack traversed the locally hardened HAZ rather than the
central weld metal. The combination of low heat input and high travel speed was consistent with
reduced thermal exposure and more rapid cooling in the affected region. The framework
therefore identified a plausible process pathway of elevated travel speed and reduced effective
heat input, followed by localized hardening and subsequent crack susceptibility. The data did not
independently establish hydrogen-assisted cracking because diffusible hydrogen was not directly
measured; the mechanism was consequently interpreted as a rapid-cooling and hardening
pathway rather than assigned to a more specific hydrogen-related cause.

The explanation for MWD-063 followed a different diagnostic pathway. Reduced
shielding-gas flow accounted for the largest positive contribution to the predicted porosity class,
while heat input, travel speed, and HAZ hardness made comparatively small contributions.
Physical examination revealed rounded pores in the weld metal without the fusion-boundary
discontinuities characteristic of lack of fusion. The convergence between the process record,
SHAP explanation, and defect morphology supported inadequate shielding as the most probable
root process condition within the variables measured in the experiment. The explanation
remained probabilistic because other factors capable of promoting porosity, including
contamination or moisture, were controlled but not exhaustively quantified as continuous
variables.

The overall results demonstrated that the Explainable Al framework was able to distinguish
not only different classes of welding defects but also the process and metallurgical signatures
associated with those defects. Heat input, shielding-gas flow, travel speed, and HAZ hardness
emerged as the principal explanatory variables, although their importance differed according to
defect category. Porosity was primarily associated with reduced shielding-gas flow, lack of
fusion and incomplete penetration were associated with insufficient effective heat input and
increased travel speed, undercut was related to a different combination of elevated operating
intensity and travel conditions, and cracking showed the clearest association with localized HAZ
hardening. The 90.0% test accuracy of the selected XGBoost model indicated strong predictive
capability, while SHAP analysis provided interpretable information regarding the contribution
of individual process and metallurgical variables.

The combined experimental, statistical, microstructural, and XAI evidence supported the
proposed process—microstructure—defect framework more strongly than model feature
importance alone. Statistically influential variables generally corresponded with experimentally
observed changes in weld morphology and microstructure, providing a basis for distinguishing
predictive associations from physically supported root-cause pathways. The strongest evidence
was obtained when three forms of information converged: controlled process deviation,
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consistent Al attribution, and compatible microstructural or defect morphology. The findings
consequently indicate that Explainable Al can extend conventional welding-defect classification
toward transparent engineering diagnosis when algorithmic explanations are validated against
physical evidence rather than interpreted as direct causal proof.

The findings demonstrate that marine welding defects were not randomly distributed across
the experimental conditions but were associated with distinguishable combinations of welding
parameters and metallurgical responses. Among the 120 AH36 welded specimens, porosity was
the most frequent defect, followed by lack of fusion, incomplete penetration, undercut, and
cracking. Defect-free welds generally occupied a more stable process region, whereas defective
specimens tended to cluster around deviations in heat input, shielding-gas flow, travel speed, and
localized HAZ hardness. The large effect sizes obtained for these variables further indicate that
the differences among defect classes were practically meaningful rather than merely statistically
detectable. The results therefore support the central premise that weld quality is governed by
interacting process conditions that produce distinct physical and metallurgical consequences.

The machine-learning analysis reinforced this interpretation by demonstrating that the
selected XGBoost model could distinguish the investigated welding conditions with an accuracy
01 90.0%, a macro F1-score of 0.886, and a multiclass AUROC of 0.956. XGBoost outperformed
both Random Forest and the multilayer neural network under the same testing conditions,
suggesting that its tree-boosting architecture was particularly effective in representing nonlinear
interactions among welding parameters and microstructural indicators. Predictive accuracy alone
was not the principal outcome of interest, because the proposed framework was intended to
provide interpretable engineering information. SHAP analysis identified heat input, shielding-
gas flow rate, travel speed, and HAZ microhardness as the four most influential variables
governing model decisions.

The defect-specific explanations revealed that different welding defects followed different
diagnostic pathways. Porosity was primarily associated with reduced shielding-gas flow,
whereas lack of fusion and incomplete penetration showed stronger relationships with
insufficient effective heat input and elevated travel speed. Cracking exhibited the most
pronounced metallurgical signature because the affected specimens showed substantially higher
HAZ hardness than defect-free joints. Undercut displayed a more complex relationship involving
welding current and travel conditions. These findings indicate that no single process variable can
adequately explain weld quality across all defect types. The diagnostic value of the framework
therefore lies in its capacity to recognize combinations of operating conditions rather than merely
defining universal upper or lower parameter limits.

The representative case studies provided additional evidence for this interpretation.
Specimen MWD-104 combined relatively low heat input, high travel speed, elevated HAZ
hardness, and a physically confirmed crack near the fusion boundary, while the local SHAP
explanation assigned high importance to HAZ hardness and thermal conditions. Specimen
MWD-063 showed a fundamentally different pathway in which low shielding-gas flow
dominated the Al explanation and rounded internal pores were identified through physical
examination. The convergence between model explanation, process history, and metallographic
evidence illustrates the intended function of the framework: transforming an algorithmic
prediction into an engineering explanation that can be examined against observable material
behavior.

The predictive performance obtained in this study is consistent with the growing evidence
that machine-learning algorithms can successfully model complex relationships between
welding process variables and weld quality. Recent explainable sensor-fusion research in friction
stir welding achieved high defect-prediction performance using multiple process signals and
employed SHAP and LIME to identify influential attributes. Research on resistance spot welding
has similarly demonstrated that data-driven models combined with SHAP can reveal process
features associated with nugget development and weld-quality outcomes. Direct comparison of
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classification accuracy across these studies would be inappropriate because the welding
processes, materials, sensors, sample sizes, and defect definitions differ substantially. The
common finding is that interpretable machine learning can extract technically useful patterns
from multidimensional welding data.

The present research differs from these prediction-oriented approaches by incorporating
microstructural evidence into the interpretation pathway. Explainable welding studies commonly
use SHAP to determine which inputs contribute most strongly to a model prediction, while the
framework developed here requires an additional question to be answered: whether the attributed
parameter is associated with a physically plausible material response. Recent explainable
machine-learning research on friction stir welding, for example, has used SHAP to identify
rotational speed, axial load, or tool geometry as influential factors affecting mechanical
properties. Such approaches improve transparency, but feature attribution remains an explanation
of model behavior rather than independent evidence of physical causation. The current
framework extends this logic by linking process attribution with hardness, defect morphology,
and microstructural observations.

The relationships observed between heat input, HAZ behavior, and defect formation are
broadly consistent with metallurgical studies of marine and structural steels, although the
comparison also reveals an important qualification. Research on AH36 and related marine steels
has shown that welding heat input alters microstructure, hardness, residual-stress distributions,
and mechanical behavior. Experimental work involving GMA-welded AH36 has reported
different residual-stress and hardness responses under low and high heat inputs, while recent
work on EH36 marine steel confirms that heat input governs microstructural heterogeneity across
weld and heat-affected regions. These observations support the present finding that heat input 1s
a major explanatory variable, but they also demonstrate that the relationship cannot be reduced
to a simple linear rule.

The complexity of the heat-input relationship becomes even clearer when the current
findings are compared with recent EH36 studies conducted at much higher thermal inputs.
Research published in 2026 reported a non-monotonic relationship between heat input and low-
temperature impact toughness, with intermediate conditions promoting favorable acicular-ferrite
development while excessive thermal exposure altered microstructural characteristics and
toughness. Research on ASTM A36 steel has likewise shown that changing heat input can affect
hardness, tensile behavior, microstructure, and corrosion characteristics in different ways. These
findings caution against interpreting the present association between low effective heat input,
high hardness, and selected defects as a universal welding law. The relationship applies within
the material, GMAW procedure, geometry, and parameter window investigated in the present
study.

The findings signify that welding defects should be understood as the final observable
expression of an underlying process—structure sequence. A process deviation changes the
thermal, fluid, or shielding conditions of the weld pool; the altered welding environment then
affects fusion, solidification, phase transformation, gas escape, or cooling behavior; the resulting
material state eventually becomes visible as a defect or as increased susceptibility to failure. This
interpretation changes the role of artificial intelligence from identifying statistical patterns to
assisting engineers in reconstructing plausible defect-development pathways. Such a perspective
is particularly important in marine fabrication because superficially similar discontinuities may
arise through substantially different physical mechanisms and may therefore require different
corrective actions.

The strong contribution of microhardness to cracking predictions is particularly
informative. Hardness is not merely another machine-learning feature but a measurable
manifestation of material transformation resulting from the welding thermal cycle. The
significantly higher HAZ hardness observed in cracked specimens suggests that the model
captured information connected to the physical state of the joint rather than relying exclusively

Page | 258



Journal of Computer Science Advancements

on superficial correlations among machine settings. Research on AH36 marine steel has
demonstrated that welded HAZ regions can exhibit altered hydrogen diffusion and embrittlement
behavior, with the CGHAZ showing specific susceptibility associated with microstructural
change. The present findings do not establish hydrogen-induced cracking because diffusible
hydrogen was not directly quantified, but they demonstrate why microstructural measurements
are necessary when interpreting cracking predictions.

The porosity findings represent a different type of process—defect relationship. Reduced
shielding-gas flow emerged as the dominant explanatory factor for porosity, while HAZ hardness
and thermal variables played smaller roles in the representative case. This distinction is
physically plausible because insufficient or unstable shielding can expose the molten weld region
to unfavorable atmospheric interaction and hinder conditions required for sound weld formation.
Recent investigations of shielding and drainage gas in underwater welding environments have
likewise demonstrated substantial changes in weld formation, porosity, cracking, and lack-of-
fusion behavior when gas-flow conditions are altered. The precise mechanism cannot be
transferred directly because the welding technology differs, but the literature strengthens the
interpretation that gas-flow conditions can exert a decisive influence on defect formation.

The agreement between SHAP explanations and metallurgical evidence also serves as a
warning against uncritical use of explainable AI. An influential feature does not become a
physical cause merely because its SHAP value is large. SHAP explains how differences in input
variables contribute to a model output relative to a reference distribution; correlated variables,
derived parameters, experimental design, and hidden confounders can still influence those
explanations. Recent manufacturing research has explicitly noted that conventional XAl methods
predominantly reveal statistical relationships rather than underlying causal structures. The
significance of the present framework therefore lies less in producing SHAP values than in
requiring those values to be confronted with controlled experiments and physical evidence before
being described as probable root causes.

The first practical implication concerns welding quality control. Conventional inspection
identifies whether a weld contains an unacceptable discontinuity, but inspection alone may
provide limited guidance concerning which operating condition should be corrected. The
proposed framework adds a diagnostic layer by connecting a detected defect with the process
variables and material responses most strongly associated with its formation. A porosity
indication accompanied by strong attribution to shielding-gas instability demands a different
investigation from a crack accompanied by abnormal HAZ hardness and low heat-input
conditions. This differentiation could reduce reliance on generalized parameter adjustment and
support more targeted corrective actions during marine fabrication and repair.
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Figure 1. Simplified Impact of Explainable Welding Al
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The second implication concerns the movement from post-process inspection toward
intelligent process assurance. Explainable models could eventually be integrated with welding
monitoring systems so that deviations are identified before repeated defective joints are
produced. Recent research on explainable sensor fusion in welding argues that interpretable
machine learning can support earlier intervention, reduce scrap and rework, and provide
actionable information on the shop floor. The present results support that direction but add a
critical requirement: automated explanations should remain connected to physical welding
knowledge. A system that generates accurate alerts without revealing whether the explanation is
metallurgically credible may improve detection while still failing to provide trustworthy
engineering diagnosis.

The third implication concerns human—Al collaboration in safety-critical manufacturing.
Welding engineers possess contextual knowledge concerning joint geometry, consumables,
environmental exposure, welding position, equipment condition, and metallurgical behavior that
may not be represented fully within a training dataset. Explainable Al should therefore
complement rather than replace professional engineering judgment. The model can rapidly
identify unusual combinations of process variables and generate candidate explanations, while
engineers evaluate those explanations against inspection evidence, welding procedure
specifications, metallographic information, and operational circumstances. Research in other
safety-critical joining applications has similarly found that domain-specific presentation and
expert evaluation of SHAP explanations can improve the practical usefulness of transparent
machine-learning systems.

The fourth implication concerns the broader concept of trustworthy Al in manufacturing.
High predictive performance is frequently treated as sufficient evidence that a model is ready for
industrial deployment, yet the present findings indicate that reliability should be considered at
several levels. Predictive validity concerns whether the model identifies the correct defect;
explanatory validity concerns whether its explanation is stable and technically meaningful,;
mechanistic validity concerns whether the proposed explanation agrees with material behavior;
operational validity concerns whether the explanation leads to a useful corrective decision.
Treating these dimensions separately provides a more demanding but more defensible standard
for using Al in marine structural applications where an incorrect diagnosis may have
consequences far beyond production efficiency.

The dominant influence of heat input can be explained by its central role in controlling the
thermal history of the welded joint. Welding current, voltage, and travel speed jointly determine
the amount and distribution of energy delivered to the joint, influencing weld-pool dimensions,
penetration, cooling rate, HAZ width, phase transformation, and residual stress development.
Insufficient effective thermal energy can limit fusion and root penetration, particularly when
travel speed is high and the available energy is distributed over a longer distance in less time.
Excessive or improperly balanced heat input can create a different set of problems by modifying
grain growth, thermal distortion, bead geometry, and local mechanical properties. The model
therefore ranked heat input highly because it condenses several physically coupled aspects of the
welding process into a variable strongly connected with both geometry and metallurgy.

The association between high travel speed and lack of fusion or incomplete penetration is
also physically reasonable. Increased travel speed reduces the residence time of the heat source
at a given location and can limit energy transfer into the joint faces and root region. The resulting
molten zone may be insufficient to establish complete metallurgical bonding even when current
and voltage individually remain within nominal operating ranges. The SHAP interaction effects
observed between travel speed and heat input reinforce this interpretation because the influence
of speed changed according to the corresponding thermal conditions. This interaction illustrates
why parameter-by-parameter troubleshooting can be inadequate: the same travel speed may be
acceptable under one energy regime and problematic under another.
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The association between reduced shielding-gas flow and porosity can be explained through
the protective function of the shielding atmosphere around the arc and molten metal. Stable
shielding restricts detrimental interaction between the weld pool and the surrounding
atmosphere, whereas inadequate coverage can facilitate contamination and gas absorption or
interfere with stable weld-pool behavior. Entrapped gas that cannot escape before solidification
may remain as rounded or clustered pores. Experimental research using other welding processes
has also demonstrated that changes in shielding-gas conditions modify pore formation and weld
stability, although the detailed fluid and arc mechanisms depend on the specific technology
employed. The strong local SHAP contribution observed for shielding-gas flow therefore has a
plausible physical basis rather than appearing as an isolated statistical artifact.

/

) &7

Stress Capacity  Residual Stress

Elevated hardness in Localized Lower capacity for Increased crack
microstructural stress susceptibility
conditions

Figure 2. HAZ Hardness Impacts Marine Steel Cracking

The association between elevated HAZ hardness and cracking reflects the material
sensitivity of marine steel to the welding thermal cycle. Rapid heating followed by rapid cooling
can produce localized microstructural conditions with higher hardness and lower capacity for
accommodating stress, depending on steel composition, peak temperature, cooling rate,
constraint, and hydrogen availability. Residual stresses created during nonuniform heating and
contraction may further increase crack susceptibility. Previous AH36 studies have demonstrated
meaningful links among heat input, microstructure, hardness, residual stress, hydrogen transport,
and embrittlement behavior. The present model appears to capture part of this coupled response,
but the absence of direct diffusible-hydrogen and residual-stress measurements means that the
cracking pathway should remain described as physically supported rather than exhaustively
proven.

The immediate next step is to validate the framework using a larger and more
heterogeneous experimental population. The current results were obtained from a controlled set
of AH36 specimens within a defined GMAW parameter window, which is appropriate for
mechanism-oriented development but insufficient for claiming universal applicability. Future
validation should include different plate thicknesses, groove geometries, welding positions,
consumable batches, operators, and environmental conditions. External datasets from separate
fabrication facilities would provide an especially demanding test because model performance
obtained from random partitions of one experimental campaign can overestimate the
generalization achievable under real production variability.
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The framework should subsequently incorporate additional physical measurements that
can strengthen causal interpretation. Thermal histories obtained from thermocouples or infrared
sensing could provide direct information on cooling behavior, while residual-stress
measurements could clarify cracking mechanisms. Diffusible-hydrogen analysis would be
necessary before attributing specific cracks to hydrogen-assisted mechanisms. EBSD could
provide quantitative grain-orientation and boundary information, while chemical or inclusion
analysis could improve interpretation of crack initiation and porosity-related phenomena. Recent
investigations of EH36 welding have demonstrated the value of combining optical microscopy,
SEM, EBSD, hardness, and mechanical characterization when explaining the effects of thermal
input on marine-steel performance.

The computational architecture should also progress from post hoc explainability toward
stronger causal and physics-informed reasoning. SHAP can continue to serve as a useful
diagnostic tool, but future models could incorporate causal graphs, physically constrained
machine learning, process knowledge, counterfactual analysis, or hybrid mechanistic—data-
driven architectures. Such approaches would allow researchers to distinguish questions such as
“Which variable influenced the model prediction?” from the more demanding question “Which
intervention would most likely prevent this defect?” Recent causal-XAl research in
manufacturing has begun addressing precisely this limitation by integrating data-driven
prediction with causal structure learning rather than relying entirely on statistical feature
attribution.

The longer-term development of this research should focus on an explainable decision-
support system capable of translating welding data into preventive engineering actions. Such a
system could continuously collect process signals, estimate defect risk, identify the most
probable process—microstructure pathway, quantify explanation confidence, and recommend
which parameter or physical condition should be inspected before corrective action is taken.
Human verification should remain part of the diagnostic cycle, particularly for high-severity
defects such as cracking. The present findings provide an initial foundation for that transition by
demonstrating that machine-learning predictions become substantially more informative when
process parameters, metallurgical measurements, defect morphology, and explainability are
interpreted together. The broader contribution is therefore not merely a more accurate welding
classifier but a pathway toward physically grounded, transparent, and accountable artificial
intelligence for marine manufacturing.

CONCLUSION

The most important finding of this study is that marine welding defects can be interpreted
more effectively when process parameters, microstructural responses, and Explainable Al
outputs are analyzed within a single diagnostic framework. Porosity was mainly associated with
inadequate shielding-gas conditions, whereas lack of fusion and incomplete penetration were
more strongly related to insufficient effective heat input and increased travel speed. Cracking
exhibited a distinct metallurgical pathway characterized by elevated heat-affected-zone hardness
and unfavorable thermal conditions. The XGBoost model achieved strong predictive
performance, while SHAP analysis revealed that heat input, shielding-gas flow rate, travel speed,
and HAZ microhardness were the most influential variables. The convergence between process
records, model explanations, defect morphology, and microstructural evidence demonstrates that
welding defects are better understood as outcomes of specific process—structure—failure
pathways rather than as isolated quality abnormalities.

The principal contribution of this research lies in the development of a mechanism-
informed Explainable AI approach that extends conventional defect prediction toward
interpretable root-cause diagnosis. The conceptual contribution is the process—microstructure—
defect framework, which positions microstructural failure modes as an explanatory layer
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between manufacturing parameters and observed welding defects. The methodological
contribution is the integration of controlled welding experiments, non-destructive testing,
metallographic characterization, microhardness measurements, machine-learning classification,
and SHAP-based interpretation within a unified validation procedure. This approach
distinguishes predictive feature attribution from physically supported diagnostic evidence and
therefore provides a more defensible basis for applying artificial intelligence in safety-critical
marine manufacturing. The framework also offers practical value by enabling engineers to
identify probable sources of weld-quality deterioration and to prioritize corrective actions based
on technically interpretable evidence.

The main limitation of this study is that the framework was developed using a controlled
experimental dataset involving AH36 marine steel, a defined GMAW process window, and a
limited number of welding parameters and microstructural indicators. The findings should
therefore not be generalized directly to different marine alloys, welding processes, joint
geometries, thicknesses, environmental conditions, or production settings without further
validation. SHAP explanations also represent model-based associations rather than independent
proof of causality, while potentially important variables such as diffusible hydrogen, residual
stress, real-time thermal history, arc instability, and detailed crystallographic characteristics were
not comprehensively measured. Future research should validate the framework across multiple
marine-grade steels and industrial welding environments, incorporate real-time sensing and
advanced microstructural characterization, and integrate causal inference, physics-informed
machine learning, and counterfactual analysis. Such developments could transform the proposed
framework into a reliable decision-support system for real-time defect prevention, transparent
process optimization, and trustworthy Al-assisted welding quality assurance.
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