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PERSPECTIVE ARTICLE

Physics-informed machine learning for material
characterization: A perspective on data-efficient
discovery through physics-informed neural
networks

Hyeonbin Moon, Junhyeong Lee, Jecheon Yu, and Seunghwa Ryu*

Department of Mechanical Engineering, Korea Advanced Institute of Science and Technology, 291
Daehak-ro, Yuseong-gu, Daejeon, Republic of Korea

Abstract

Accurate characterization of material properties is critical for modeling and
optimizing advanced systems, yet conventional experimental and simulation-based
approaches remain costly and data-intensive. As artificial intelligence evolves from
data-driven modeling to physics-informed and knowledge-guided paradigms, this
perspective article highlights the role of physics-informed machine learning (PIML),
specifically physics-informed neural networks (PINNs), as a key enabler of data-
efficient, physically consistent inference. PINNs embed governing equations into the
learning process and have demonstrated strong capability in recovering constitutive
and transport parameters from sparse or noisy data while preserving physical
fidelity. This paper examines the fundamental structure, workflow integration, and
recent advances of PINNs in the context of inverse material characterization. It also
discusses open challenges in computational cost, training stability, and uncertainty
quantification. Looking forward, integration with digital twins, generative modeling,
andautonomous experimentation presentsa pathway towardinterpretable, adaptive,
and automated characterization for next-generation intelligent manufacturing.

Keywords: Physics-informed neural network; Deep learning; Material property
characterization; Physical Al

1. Introduction

The rapid advancement of artificial intelligence (AI) and machine learning (ML) has
profoundly transformed modern engineering. A clear trajectory has emerged toward
knowledge-guided AI, where learning is informed not only by data but also by
embedded physical principles and domain expertise.' The early phase of Al integration
was largely driven by data-driven surrogate modeling, where large datasets were
used to approximate complex physical responses without explicitly incorporating
physical laws.>® This paradigm has evolved toward generative modeling, where models
approximate the data distribution and draw novel, distribution-consistent samples
rather than memorized replicas of the training data.”® It has further advanced toward
physics-informed ML (PIML), which integrates governing equations and physical
constraints directly into the learning process.”'® Most recently, the emergence of large
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language models (LLMs) and agentic AI systems has
accelerated this transformation, introducing autonomous
reasoning, adaptive model construction, and closed-
loop experimentation into engineering workflows,'""* as
summarized in Table 1. Within this overarching framework
of knowledge-guided Al this perspective article represents
the physics-knowledge-guided component, focusing on
the physics-informed foundation through PIML and
its core formulation, physics-informed neural networks
(PINNS). As summarized in Figure 1, PIML encompasses
several frameworks, including feature-augmented models,
invariant and equivariant networks, PINNs, and operator
learning methods.”**** Among these, this paper focuses on
PINNS as a representative and widely adopted formulation
that enables data-efficient, interpretable, and reliable
characterization of material properties.

Such knowledge-guided transformation is particularly
evident in material property characterization, where
purely data-driven approaches often fail to capture the
underlying physics that govern complex material behavior.
Accurately identifying material properties, therefore,
remains a persistent challenge in materials engineering
and computational mechanics. Conventional experimental
and numerical approaches—such as mechanical testing,
curve fitting, or inverse finite element analysis—often
require extensive data, significant computational effort,
and substantial domain expertise.'*"” These limitations
are further exacerbated for non-linear, anisotropic, or
coupled multi-physics systems, where replicating realistic
boundary and environmental conditions is inherently
difficult and measurement data are often sparse or noisy.
Although ML-based surrogates can accelerate parameter
estimation, they generally depend on large datasets and
often lose physical interpretability, leading to limited
generalization.'$%

To address these challenges, PINNs combine
governing physical laws with data-driven learning,

enabling reliable parameter identification under sparse
or uncertain measurements while maintaining physical
consistency.?* Importantly, PINNs occupy a unique
position in material characterization because they not
only reduce data dependence but also restore the physical
structure that governs constitutive behavior—something
neither traditional inverse methods nor purely data-
driven models can achieve. We argue that such physics-
knowledge integration represents a necessary shift for
material characterization problems in which data scarcity
and physical fidelity must be jointly satisfied. A central
theme of this perspective article is that PINNs should be
viewed not merely as another modeling technique but
as a foundational framework that unifies experimental
observations, constitutive behavior, and computational
modeling through explicit and implicit physics
embedding. By providing structured inductive biases that
guide inference toward physically admissible solutions,
PINNS offer a principled route to overcome ill-posedness
and enhance generalization across nonlinear, anisotropic,
and emerging multi-physics systems. We highlight how
PINNs complement existing experimental, numerical,
and machine-learning approaches while also serving as a
conceptual basis for next-generation hybrid, uncertainty-
aware, and autonomous characterization pipelines. The
remainder of this article outlines the PINN framework
for material property identification and discusses
representative applications, outstanding methodological
challenges, and future opportunities for integrating PIML
into digital-twin and intelligent manufacturing platforms.

2, Current status and challenges

This section supports our central argument by highlighting
why traditional and data-driven approaches fall short
and why physics-guided learning is needed. A critical
challenge in material characterization is achieving reliable
parameter identification under sparse, noisy, and often

Table 1. Summary of key AI paradigms, their implications, and limitations

Category Representative models

Implications

Limitations

Data-driven GPR, CNN, LSTM

surrogate modeling

Accelerates surrogate modeling and design
optimization

Strong data dependence; limited
extrapolation

Generative Al VAE, GAN, Diffusion models

Enables data augmentation and exploration of
design spaces

Restricted by training distribution; no
explicit physical constraints

PIML PINNS, physics-informed neural
operators, physics-constrained nets

Embeds governing equations to enhance data
efficiency and physical consistency.

High computational cost

Agentic AI LLM-based tool-using agents,

multi-agent systems

Supports autonomous planning and
knowledge-guided reasoning.

Complex implementation; limited
real-time interpretability

Abbreviations: Al Artificial intelligence; CNN: Convolutional neural network; GAN: Generative adversarial network; GPR: Gaussian process
regression; LLM: Large language model; LSTM: Long short-term memory; PIML: Physics-informed machine learning; PINN: Physics-informed neural

network; VAE: Variational autoencoder.
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Figure 1. Four representative frameworks in physics-informed machine learning (PIML). Four representative frameworks of PIML are illustrated, including
physical feature-augmented models that explicitly incorporate user-defined physical descriptors such as gradients or dimensionless numbers, invariant and
equivariant networks that enforce physical symmetries through architectural design, physics-informed neural networks that embed governing equations
into the loss function, and operator learning frameworks that learn mappings between function spaces. Image created by the authors.

costly measurements. Traditional inverse modeling
approaches—such as curve fitting, finite element-
based parameter optimization, and surrogate-assisted
regression—have long supported the field, yet they remain
limited by high computational cost, sensitivity to noise, and
dependence on expert-driven trial-and-error procedures.
These difficulties become more pronounced in nonlinear,
anisotropic, or coupled multi-physics systems, where
reproducing realistic loading and boundary conditions is
inherently complex and experimental data are often sparse
or uncertain.

In recent years, ML techniques have been explored
as alternatives for accelerating material property
identification. Methods such as neural networks, Gaussian
process regression, and polynomial chaos expansion
have been employed to correlate measured responses
with underlying material parameters. These data-driven
approaches can substantially reduce calibration time;
however, their performance and generalization remain
highly dependent on the quality and diversity of the
available datasets. When data are limited, such models
may suffer from overfitting and reduced generalization
capability. Moreover, because physical constraints
are often imposed externally rather than inherently
embedded within the learning architecture, their
interpretability and physical consistency can be difficult

to maintain. On the other hand, physics-based inverse
methods grounded in partial differential equation (PDE)
formulations offer higher physical fidelity but remain
computationally expensive and ill-posed, as multiple
parameter sets can yield nearly identical responses.
Even Bayesian inference, despite providing uncertainty
quantification, can become computationally intractable
for high-dimensional systems.

Building on these developments, PINNs have emerged
as a promising hybrid paradigm that unifies data-driven
learning and physics-based modeling. As illustrated in
Figure 2, a PINN provides a unified framework applicable
to both forward and inverse problems. In the forward
setting, the network predicts physical field responses that
satisfy governing equations for given material parameters
and boundary conditions, whereas in the inverse setting,
it identifies unknown material parameters from sparse
or noisy measurements while preserving physical
consistency. This bidirectional capability highlights the
versatility of PINNs for integrating experimental data and
physical modeling within a single learning architecture.
Through this formulation, PINNs bridge the gap between
conventional physics-based simulation and modern
Al-driven discovery, laying the foundation for data-
efficient and interpretable material characterization.
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Figure 2. Schematic illustration of a physics-informed neural network (PINN) for forward and inverse problems. Image created by the authors.
Abbreviation: PDE: Partial differential equation.

3. Opportunities of PINNs for material
property characterization

A key claim of this perspective article is that PINNs
uniquely bridge experimental data and governing physical
laws, enabling material characterization approaches that
remain reliable even under severe data scarcity. Rather
than depending on large labeled datasets, PINNs embed
the governing equations directly into the learning process,
allowing the inference of material parameters and field
quantities while maintaining physical consistency. By
leveraging this physics-guided structure, PINNs mitigate
overfitting and preserve admissible responses even
when measurements are sparse or noisy, offering clear
advantages over purely data-driven models. To better
illustrate this concept, Figure 3 compares the conventional
data-driven and physics-informed approaches for
material property characterization. In the conventional
approach, a neural network is trained on direct datasets
such as stress-strain (o, &) pairs, which restricts its
applicability to the training range and often results in non-
physical extrapolation. In contrast, the physics-informed
approach combines both direct and indirect data, such as
displacement-force (u, F) measurements, with physical
constraints and domain knowledge. By embedding this
information into the training process, PINNs learn
not only the mapping between inputs and outputs but
also the underlying physical relationships. As shown in
Figure 3, the conventional model fits the training data
but diverges under unobserved conditions, whereas the
physics-informed model maintains physically meaningful
responses beyond the observed range. This capability
makes PINNs particularly suitable for inverse material

characterization, where experimental data are limited but
the underlying physics is well established.

Beyond single-physics problems, the PINN framework
can be readily extended to multi-physics systems such as
thermo-mechanical, electro-mechanical, or flexoelectric
materials by incorporating the corresponding governing
equations into the physics-based loss term. This flexibility
enables cross-domain inference, where different physical
fields are coupled within a single learning framework. For
instance, in thermoelectric systems, Voltage measurements
can be leveraged to infer thermal conductivity, enabling
efficient estimation of transport properties without
direct thermal measurements. Recent developments have
further introduced Bayesian formulations of PINNs,
which provide probabilistic uncertainty quantification and
enhance robustness against sensor noise and incomplete
data.?* Such approaches extend the applicability of PINNs
to real experimental settings while maintaining physical
consistency and interpretability. Collectively, these
capabilities position PINNs as a practical and robust tool
for data-efficient, physics-consistent identification of
material properties, bridging the gap between traditional
inverse modeling and modern AI-driven materials design.
The specific applications of this framework are discussed
in Section 4.

4. PINN-based material characterization
workflow

To illustrate how physics-informed learning can unify
experiments, models, and simulations into a coherent
characterization pipeline, this section outlines the
integrated PINN-based workflow used in material
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Figure 3. Comparison of conventional neural networks and physics-informed neural networks (PINNs) for material property characterization. Image

created by the authors.
Abbreviations: NN: Neural network; PDE: Partial differential equation.

property identification. As illustrated in Figure 4,
the workflow comprises five functional stages—data
acquisition, dataset construction, constitutive modeling,
PINN-based identification, and numerical validation—
allowing physics-informed learning to bridge laboratory
observations and computational mechanics in a coherent
and data-eflicient manner.

According to Figure 4, mechanical testing in
stage (A) generates displacement, strain, or force data,
which are organized in stage (B) into datasets that
combine direct and indirect quantities for inference.
Stage (C) introduces constitutive modeling, where
analytical stress-strain relations may be replaced or
augmented by neural representations whose parameters
are treated as trainable variables. Stage (D) forms the
core of the workflow: governing equations, boundary
conditions, and measurement data are incorporated
into a unified loss function that balances data fidelity
with physical consistency. Different mathematical forms
and training strategies may be used depending on the
application, affecting computational cost without altering
the underlying PINN formulation. Stage (E) then validates
the inferred parameters or learned constitutive relations
through finite element simulations or other high-fidelity
solvers.

Although Figure 4 illustrates the workflow for
mechanical characterization, the same structure extends
naturally to thermal, electrical, thermoelectric, magneto-
mechanical, and other coupled multi-physics systems
through the incorporation of additional governing
equations.”®? This generality underscores the role of
PINNS as a versatile tool for physics-based characterization
across diverse material classes. By unifying laboratory data,

constitutive modeling, and computational verification in a
single loop, PINNs provide the foundation for autonomous,
closed-loop characterization pipelines central to digital-
twin and Al-driven manufacturing systems.

5. Future directions and outlook

Lookingahead, establishing the foundations for reliable and
widely adopted PINNs will require addressing several key
challenges. The highest priority is establishing benchmark
datasets that encompass diverse material systems, including
elastic, thermal, electrical, and damage-sensitive materials,
to ensure fair comparisons and reproducibility across
studies. Equally important is integrating robust uncertainty
quantification (UQ). Bayesian and probabilistic variants of
PINNs provide a principled route to quantify predictive
confidence and account for measurement noise, which is
particularly important given the high sensitivity of inverse
problems to sparse or biased data.?»*

Another major direction is improving the
methodological scalability of PINNs for multi-scale and
multi-physics systems. Although PINNs have shown
strong potential in single-physics settings, extending
them to coupled systems—such as thermo-mechanical
or electro-chemical materials—remains challenging
because multiple interacting field variables and complex
constitutive couplings must be handled simultaneously.
This gap highlights a notable opportunity for advancing
data—physics fusion, where physics-informed learning
could provide a unified representation across domains.
Training such models, however, remains computationally
demanding, particularly in high-dimensional or multi-
physics settings where repeated differentiation of complex
PDE operators amplifies the cost and causes instability
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Abbreviations: FEM: Finite element method; L-BFGS: Limited-memory Broyden-Fletcher-Goldfarb-Shanno algorithm; NN: Neural network;

PDE: Partial differential equation.

during optimization. Recent studies suggest that adaptive
sampling, curriculum-based training, and operator-aware
preconditioning can improve convergence stability, yet
these techniques are not standardized and often require
extensive problem-specific tuning.** In addition to
computational cost, model-design decisions—including
the choice of governing equations, network architectures,
and loss formulations—remain highly problem-dependent
and lack standardized best practices. A further challenge
lies in extending PINNs to non-linear, history-dependent
materials such as plasticity, viscoelasticity, and fracture,
where internal state variables and path-dependent
responses complicate learning.”** Interpretability also
remains limited, as the physical meaning encoded within
learned latent representations is often unclear.

Finally, future material characterization pipelines are
expected to evolve beyond classical PINNs toward hybrid,
interpretable, and generative frameworks. Integrating
generative modeling principles could alleviate the ill-
posedness inherent in inverse problems, providing
probabilistic ~ descriptions of admissible material
parameters rather than single deterministic estimates.
Meanwhile, LLMs and knowledge-augmented networks
may further enrich physical priors and assist in model
design through embedded domain expertise.”*” In our

view, achieving reliable, data-efficient, and autonomous
material characterization will require models that not
only learn from data and physics but also reason about
uncertainty and adapt across material classes. Realizing
this vision will establish PIML as a cornerstone of next-
generation materials discovery and manufacturing.

From a broader perspective, we believe that advancing
these directions will require closer collaboration across
disciplinary boundaries. Experimentalists, computational
mechanicians, materials scientists, and machine-learning
researchers each contribute essential expertise—ranging
from high-quality measurements and constitutive insight
to scalable algorithms and physics-grounded architectures.
Strengthening these connections willbe crucial for translating
physics-informed AI from promising methodologies
into reliable, interpretable, and deployable tools for
complex material systems. We view such interdisciplinary
convergence as a necessary step toward building the next
generation of characterization frameworks that seamlessly
integrate data, physics, and intelligent automation.

6. Conclusion

The evolution of AI in materials science has advanced
from purely data-driven modeling to generative, physics-
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informed, and ultimately knowledge-guided paradigms.
Within this progression, PINNs represent a pivotal step
toward unifying data and physics for reliable and data-
efficient material characterization. Byembedding governing
equations and physical constraints directly into the learning
process, PINNs enable the inference of constitutive and
material parameters even when experimental data are
sparse, incomplete, or noisy. This integration of physical
reasoning and ML has fundamentally reshaped the way
materials are modeled, characterized, and designed.

Realizing the full potential of PIML, however, requires
more than algorithmic innovation. The field must address
challenges in data standardization, reproducibility,
and computational scalability, while also developing
robust frameworks for uncertainty quantification and
interpretability. Collaborative efforts toward open benchmark
datasets, standardized training protocols, and transparent
evaluation metrics will be essential to ensure reliability and
comparability across studies. Strengthening the integration
between experimental and computational domains will
further accelerate the transition from proof-of-concept
demonstrations to practical engineering applications.

Looking forward, PIML is expected to evolve into
hybrid and autonomous paradigms that combine the
interpretability of physics with the adaptability of
data-driven learning. Generative modeling principles,
probabilistic  inference, and knowledge-augmented
architectures—potentially guided by LLMs—will further
enhance physical understanding and enable intelligent
design exploration. Ultimately, this convergence of physics,
data, and intelligence is poised to transform materials
research into a self-adaptive, closed-loop ecosystem
capable of reasoning, learning, and discovery.
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Abstract

The widespread adoption of bulk metallic glasses (BMGs) in aerospace and biomedical
industries requires topology-optimized architectures that conventional manufacturing
cannot achieve. In response, BMGs have been investigated for powder bed fusion
(PBF), but the process remains challenging due to narrow thermal windows, expensive
feedstock, and limited data. This study introduces a constrained multi-objective
Bayesian optimization framework to optimize key PBF printing parameters, including
laser power and scan speed, to maximize hardness while preserving the amorphous
state of the printed BMG. Hardness is optimized as the primary objective with density
incorporated in the scalarization to regularize the search space, and amorphous
retention is enforced through a feasibility probability learned by a logistic classifier.
Surrogate models are compared, including Gaussian process, Bayesian additive
regression trees, Bayesian multivariate adaptive regression splines (BMARS), and a
Bayesian attention neural network. Acquisition scores are computed with constrained
expected improvement and are maximized on a uniform grid over power and velocity.
Superior predictive accuracy is obtained with BMARS, and 95% credible intervals are
calibrated to the measurements. A high-hardness region at high power and low velocity
is localized by the surrogates. A fully amorphous sample at 60 W and 1300 mm/s is
produced, and a hardness of 1010.4 HV is measured in agreement with the predicted
high-hardness band. In conclusion, the study establishes a data-efficient process-
window discovery method for BMG PBF, produces an interpretable process map, and
demonstrates a screening framework suitable for constrained experimental budgets.

Keywords: Additive manufacturing; Bayesian optimization; Bulk metallic glass; Powder
bed fusion

1. Introduction

Additive manufacturing allows efficient production of complex parts by directly
converting digital designs into solid objects, which allows additive manufacturing to
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be widely used in biomedical, automotive, construction,
and aerospace industrial applications.”* Among the seven
additive manufacturing techniques based on ISO/ASTM
52900, powder bed fusion (PBF) is a printing method
suitable for fabricating high-accuracy metal parts.>* PBF
achieves high-resolution fabrication by selectively melting
fine layers of metal powder using a laser. PBF can fabricate
complex geometries such as lattice structures and minimal
surfaces that are difficult or impossible to produce with
conventional technologies.”® It also improves the usability
of various metal materials. Bulk metallic glass (BMG) is
an example of a unique material that benefits from PBE
Amorphous alloys of BMG exhibit high strength, hardness,
corrosion resistance, and wear resistance.”!" However,
traditional casting techniques limit the use of BMG to small
parts with simple shapes, because BMG must solidify faster
than the time it takes for crystals to form.'>'* PBF provides
extremely rapid cooling rates, up to 10" K/s, required to
retain the amorphous structure, which makes it suitable
for producing complex or larger BMG components.”
However, applying PBF to BMGs remains challenging since
high hardness, elastic limit, and corrosion resistance can be
achieved only if the melt pool cools at 10°-10% K/s.'*'” Any
local overheating, oxygen uptake, or insufficient enthalpy
can trigger nanocrystallization, embrittlement, and
cracking.'®'® Each failed trial is a major loss of time and
material and therefore makes data-efficient optimization
necessary, since BMG powders are expensive and the
amorphous processing window is extremely narrow.

Recent studies have been employing artificial
intelligence (AI) approaches to reduce experimental
efforts. Supervised convolutional and recurrent networks
can classify defects or forecast thermal histories, but the
models require thousands of labeled samples.?** Bayesian
optimization (BO) overcomes the high data demand by
building an uncertainty-aware surrogate and choosing
each new experiment where the expected improvement
(EI) is highest.?¢ In projection multiphoton lithography,
Johnson et al.” reduced geometric error to the measurement
limit after only four BO iterations by coupling a Gaussian
process (GP) surrogate with an EI policy geometry. For
laser directed-energy deposition (DED), Karkaria et al.?®
embedded a Bayesian long short-term memory surrogate in
a digital-twin loop and introduced the Time Series Process
Optimization (BOTSPO) algorithm, which achieved
optimal ten-parameter laser-power profiles with far fewer
function evaluations than Latin-hypercube or Markov
chain Monte Carlo (MCMC) searches. Beyond additive
manufacturing, Lei et al.** demonstrated that Bayesian
additive regression trees (BART) and Bayesian multivariate
adaptive regression splines (BMARS) can outperform GPs
when the response surface is high-dimensional or exhibits

abrupt transitions, arguing for more flexible surrogates
in automated design frameworks. These previous studies
confirm that BO delivers the sample efficiency needed
for costly experiments and that surrogate choice critically
affects convergence.

Despite recent advances, two critical gaps exist in the
literature. First, applications of BO to metallic systems
have focused almost exclusively on DED or wire-arc
additive manufacturing, which leaves PBF unexplored.?-*
Second, the complex amorphous-crystalline transition
with the processability of BMGs has not been modeled
in a systematic way.”?¢ Glass formation occurs only
when the melt pool cools faster than a critical rate that
prevents crystal nucleation. Cooling rates below the
critical rate initiate nanocrystals to form and their growth
during subsequent layers, which reduces hardness and
toughness.®” The resulting discontinuity in the process
maps due to nanocrystals limits the development of a
smooth surrogate model, but no published study has
investigated such a phenomenon. The thermo-kinetic
constraints in BMG PBF differ fundamentally from the
gradual microstructural trends in Ti-6Al-4V or Inconel
718, so results obtained for conventional alloys cannot be
transferred for analysis of BMG. Consequently, PBF still
lacks a data-efficient strategy for identifying laser power-
speed combinations that preserve glass structure while
maximizing mechanical performance.

This study addresses the unmet need by integrating
constrained, multi-objective BO with PBF of an
FeCrBSiC BMG that has not previously been fabricated
using PBE The proposed framework starts with initial
dataset formation through twelve randomly selected
laser power and scan speed combinations. Four different
surrogate models, which include GP, BART, BMARS, and
a Bayesian-Attention Neural Network (BANN), are then
trained to predict hardness, while density is included in
the scalarization step. A probabilistic classifier is applied
to enforce amorphous retention as a feasibility constraint.
A constrained expected improvement (CEI) acquisition
function is employed to evaluate the balance between
hardness and density while excluding regions with high
crystallization risk. Iterative retraining of the surrogates
after each build is performed to refine the process map and
direct the search toward the optimum power and speed
region. A final validation build is conducted to confirm the
predictive accuracy of the best-performing surrogate.

The four surrogates were chosen to capture smooth
trends, sharp transitions, and predictive accuracy under
limited data. A GP surrogate was used because GP-based
BO showed fast convergence in the printing process and
provided calibrated uncertainty for sample-efficient search.
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The two non-parametric surrogates, including BART and
BMARS, were added to capture local non-linearity and
abrupt transitions in the power-speed domain, which were
difficult to be well modeled by a smooth GP assumption.
A compact BANN was included to provide neural
function approximation with posterior uncertainty under
a small dataset using approximate Bayesian inference.
The selection of the four surrogates aligns with prior BO
studies in 3D printing and with adaptive surrogate design
in materials experimentation.

This paper is organized as follows: Section 2 discusses
the experimental setup and dataset. Section 3 describes the
surrogate modeling and optimization procedure. Section 4
reports the results of model comparison and optimization.
Section 5 discusses the physical implications and novelty.
Section 6 provides the conclusions and future research
directions.

2. Data collection and methodology
2.1. Experimental setup and conditions

The powder and equipment employed were FeCrBSiC
(Dura-Metal, Singapore) and EOS M100 (EOS GmbH,
Germany), respectively. Laser energy densities were
experimentally selected between 252 J/mm® and
35.7 J/mm?® for sample fabrication, which were calculated
using the volumetric energy density (E) equation:

p

Ez% )

Where P represents the laser power, v is the scan
speed, h is the hatch distance, and tis the layer thickness.
E represents the average energy delivered per unit volume
of material during one layer printing and serves as an
integrated measure of process input. The hatch distance
and layer thickness were fixed at 70 wm and 20 wm,
respectively. Laser energy densities below 25.2 J/mm® were
found to be insufficient to achieve full melting, leading
to poor layer bonding and incomplete builds, which
lowered both hardness and surface density. However,
E values above 35.7 J/mm’ resulted in excessive energy
input, causing defects such as cracking due to thermal
stress accumulation and promoting local crystallization.
Crystallization led to embrittlement and a decrease in
attainable hardness. Besides, three representative laser
powers (60 W, 70 W, and 120 W) were randomly selected
to explore the effects of laser power and laser scan speed
on the resulting part quality. At each laser power, the scan
speed was varied within the defined volumetric energy
density range to fabricate 10 x 10 x 10 mm?® cubic samples.
After fabrication, the samples were separated from the
substrate using wire cutting. X-ray diffraction (XRD)

analysis was performed using a SmartLab diffractometer
(Rigaku, Japan) with Cu Ko radiation (A = 0.1541 nm). The
XRD patterns were recorded in the 20 range of 25°-90°.
In contrast, for density and hardness measurements, the
samples were mounted and polished to ensure smooth
cross-sectional surfaces. The surface densities were
evaluated by analyzing cross-sectional images obtained
via an optical microscope, Olympus DP22 (Evident,
Japan), using Image] software. Vickers hardness tests were
performed on the same polished surfaces via a Microscan
hardness tester (Omron, Japan), respectively. The resulting
dataset served as the experimental foundation for the
machine learning-based optimization process described
in the subsequent sections.

2.2. Surrogate model construction and data pre-
processing

In this study, a Bayesian surrogate modeling approach is
employed to capture the relationships between PBF process
parameters and the resulting material responses, including
hardness, density, and amorphous retention. A surrogate
that can learn from sparse input data and quantify
predictive uncertainty is required because the high cost
and lengthy duration of BMG PBF trials limit the number
of feasible experiments. Therefore, GP regression is chosen
as a primary surrogate model. The GP surrogate models
the unknown objective function in a Bayesian manner,
where GP assumes any set of function values has a joint
Gaussian distribution defined by a mean function and a
covariance kernel.” After observing data, the GP posterior
provides a predictive mean y and variance o° for any
candidate input x, which serve as the models prediction
and uncertainty estimate, respectively. An automatic
relevance determination radial basis function kernel with
a constant and white-noise term was used for GP. The
kernel parameters were optimized by maximizing log-
marginal likelihood with 15 random restarts. Uncertainty
quantification is crucial in BO, since predictions with the
lowest uncertainty are used inside the algorithm to identify
the most favorable predicted outcome, and predictions
with high uncertainties provide meaningful information
for new data.

While GPs are suitable for smooth, continuous
functions, the BMG PBF can exhibit non-stationary
or discontinuous behaviors such as sudden changes in
properties near processing limits, and heteroscedastic
noise. A standard GP with a stationary kernel often fails to
capture non-stationarity and input-dependent noise.*****
Therefore, more flexible nonparametric Bayesian
surrogates are evaluated to address the non-stationarity
and heteroscedastic noise: BMARS and BART. BMARS and
BART can capture complex nonlinear relationships and
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interactions that a simple GP cannot represent. BMARS
constructs a flexible polynomial basis to model localized
trends, whereas BART integrates many shallow trees to
accommodate sudden changes and complex interactions.
Both BMARS and BART perform automatic variable
selection and include Bayesian regularization, which helps
avoid overfitting even with limited data. Both BMARS and
BART implement a fully Bayesian inference procedure,
which produces a predictive distribution at each input.
BMARS employed 40 maximum terms, a second-degree
basis, and a penalty of 0.5. BART used 30 trees with 60-200
burn-in and posterior draws. The resulting uncertainty
quantification aligns with the GP surrogate’s mean-
variance output and supports direct integration into the
acquisition computations.

Besides, BANN is also studied, which is an additional
nonparametric model alongside GP, BMARS, and BART.
A compact BANN surrogate is developed, which is
designed specifically for the limited dataset of this study.
One hidden layer with a rectified linear unit (ReLU) is
used. ReLU is chosen to avoid saturation and to keep a
locally linear function class that controls capacity under
small datasets, which is consistent with practical guidance
for small-data BANN.* Dropout of 0.25 is kept active
during inference to approximate Bayesian inference and
to provide calibrated epistemic uncertainty.”’ Two output
heads are used to predict hardness and surface density, and
each head produced a mean u (x) and a log variance s (x)
where x is defined as the two-dimensional input process
vector (P, v). Training is performed with the Gaussian
negative log likelihood with L2 weight, which is expressed
as follows:**2

1(r-u(x)
2 exp{s(x)}
In Equation II, y represents the observed target,

hardness, and surface density. A is a weight-decay coefficient
that sets the strength of L2 regularization, 0 represents the

L'(x,y):%s(x)+ +210; (1D

2
set of all trainable weights in the neural network, and "9"2

represents the squared L2 norm or sum of squares of all
weights in 0. A is set to 0.005, learning rate is 0.003, and the
early stopping patience is fixed at 60 epochs.

At prediction, M stochastic forward passes with dropout
were used. The predictive mean ﬁ(x) is expressed as
follows:

— 1 M m
A(x)=2 2, 1" (1)

Where y™ (x) is the predicted mean from the m-th

stochastic pass with dropout, and M is the number of

Monte Carlo passes.***! This estimator was used as the
MC-dropout approximation to Bayesian inference.**!

Separate surrogate models predict hardness and
density. Input-dependent noise is incorporated by allowing
predictive uncertainty to vary across the process parameter
space rather than imposing constant observation noise.
Aheteroscedastic GP formulation models the noise variance
as a function of the input, for example, via an auxiliary GP
over the noise term. Experimental observations indicate
that regions of very high laser power or scanning speed
yield greater outcome variability from unstable melt pool
dynamics, whereas other regions behave more consistently.
Local adaptation of the noise model improves uncertainty
quantification because predictive variance rises where data
is sparse or noisy and falls in well-characterized regions.
The heteroscedastic modeling proves to be critical for
BMG printing, where abrupt shifts in process conditions
can drastically affect part quality variability.

Amorphous phase preservation is calculated as a
probabilistic feasibility constraint in the optimization
process rather than as a distinct objective. An ideal
printer parameter combination must preserve the
minimum critical amorphous fraction in the printed part.
A probabilistic feasibility surrogate predicts whether a
given set of process parameters produces an amorphous
structure. Each experiment is labeled with a binary
indicator , which describes the structural order between 0
and 1 as follows:

B { 0 (crystalline)

1
1 (amorphous) (V)

A logistic classifier learns a latent function g(x) from
the feasibility labels. The feasibility probability at x equals
D[g(x)], with the standard-normal cumulative distribution
evaluated at g(x). The predicted probability p(x) gives
a continuous estimate from zero to one of meeting the
amorphous preservation requirement. Training on
feasible versus infeasible outcomes produces predictive
uncertainty in regions with limited or conflicting data. The
logistic classifier delivers both a feasibility prediction and a
confidence level. Constrained BO multiplies the EI metric
by p(x) so that parameter settings predicted to violate the
amorphous criterion receive a negligible acquisition score.
Modeling the feasibility constraint via a probabilistic
classifier follows a standard practice in constrained BO,
and the acquisition function balances potential objective
gains against the requirement to preserve the amorphous
phase while accounting for uncertainty.

Four surrogate models, including GP, BART, BMARS,
and BANN, are developed to model the physical responses
under limited data and to provide predictive uncertainty
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for BO. Data pre-processing is applied before model
fitting. Raw measurements of laser power, scan speed,
Vickers hardness, and surface density are used as recorded.
GP targets are normalized using the model’s internal
normalization option. Vickers hardness and surface
density were standardized for training and were inverse-
scaled at prediction for BART and BANN. Targets were
kept in original units for BMARS. The feasibility classifier
for amorphous retention is trained on original power and
scan speed with binary labels.

2.3. Acquisition and optimization procedure

Figure 1 illustrates the overall sequential workflow,
which collects process data; trains surrogate models,
applies Pareto efficient global optimization (ParEGO)
scalarization, evaluates CEI, and selects the next build
parameters. Surrogate models for hardness, density, and
amorphous-phase feasibility are supplied to a constrained
multi-objective BO that identifies optimal PBF process
parameters. The optimization strategy balances two
requirements: (i) concurrent improvement of hardness
and density, and (ii) compliance with the amorphous-
phase feasibility requirement. The ParEGO method
is employed to reduce multiple objectives to a single-
objective acquisition problem at each iteration.*> Besides,
scalarization is used to combine the surrogate predictions
into a weighted sum, where a weight vector,, balances
hardness and density. At each iteration, a random weight
between 0 and 1 is drawn from the uniform distribution,
and the composite objective is defined as:

fscular (X) :W.I’:I('x)—i_(l_w)'b(x) (V)

Where H(x) and D(x) are the predicted hardness and
density, respectively. Variation of the weight w across
iterations explores Pareto trade-offs between the two
metrics: a larger w places more emphasis on predicted
hardness at the expense of density, whereas a smaller w

places more emphasis on predicted density at the expense
of hardness. After multiple iterations with distinct random
weights, ParEGO produces a solution set that approximates
the Pareto-optimal frontier for both objectives. ParEGO
extends single-objective EI using the same GP surrogates
and acquisition framework and proves effective under the
limited experimental feasibility, which is typical for BMG
PBF research.

After scalarization, the multi-objective problem
becomes a single-objective constrained optimization
at each iteration, with the selected weight defining
the hardness-density trade-off. Selection of the next
experimental condition proceeds via maximization of
the acquisition function, which evaluates each candidate
according to the surrogate’s predicted mean u(x) and
variance o”(x). The EI criterion captures both exploitation
and exploration by computing the expected gain over the
current best value f*. For a candidate x, the improvement
random variable is defined as:

I(x)zmax(fmlm(x)—f*,o) (VI)
Where f_ = (x) represents the surrogate’s predictive
distribution. Under a Gaussian posterior, the EI(x) is
described in a closed form as:
EI(x):(,u(x)—f*)<D(Z)+G(x)¢(Z) (VD)
Where o(x) is the predicted standard deviation, and
Z is the measure of the distance between the surrogate’s
predicted mean and f*.** The functions @ and ¢ represent
the cumulative distribution function and probability
density function of a standard normal distribution,
respectively. The closed-form results from integrating
the improvement variable under the surrogate’s Gaussian
posterior. The first term, (u(x)-f*) ®(Z), captures the
expected gain if the predicted mean exceeds the current
best, weighted by the corresponding probability. The

Scalarization
ParEGO!

Experiment

Model Training
‘I Data Collection I‘
GP BART
Laser Power, P
BMARS BANN
Scan Speed, V "

scalar(X.
Fscatar(¥) Acquisition
Evaluation
Hardness
H(x) argmax CEI(x)

P,V max H@x), a=1

Amorphous Feasibility
Classificr

Phasc State

A= 1 amorphous
~ 10 crystalline

Density
D(x)

Figure 1. Constrained multi-objective Bayesian optimization workflow for BMG PBF parameter selection
Abbreviations: BANN: Bayesian attention neural network; BART: Bayesian additive regression trees; BMARS: Bayesian multivariate adaptive regression
splines; BMG: Bulk metallic glass; CEI: Constrained expected improvement; GP: Gaussian process; ParEGO: Pareto efficient global optimization;

PBF: Powder bed fusion.
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second term, o (x) ¢(Z), represents the value of sampling
in regions with high uncertainty, where unexpectedly large
improvements remain possible. Consequently, EI(x) attains
large values in regions of high predicted performance
or high uncertainty, which provides a balance between
exploitation and exploration.

A feasibility constraint on amorphous-phase
preservation multiplies the EI criterion. The logistic
classifier estimates p(x), which is the probability that
parameter vector x yields an amorphous build. The CEI
can be computed as:

CEI(x) = p(x) EI(x) (VIII)

A candidate x with a large EI but low feasibility
probability receives a near-zero CEI score. Only parameter
settings with high p(x) can retain the full EI value. As a
result, the acquisition function balances gains in hardness
and density against the requirement to preserve the
amorphous structure. Regions where p(x) is close to 1
reduce CEI to standard EI, whereas regions where p(x)
is close to 0 yield negligible CEI regardless of predicted
performance.

Maximization of the CEI employs a uniform grid over
the laser-power and scan speed ranges. The acquisition
score CEI (x) is computed at each grid point in milliseconds,
and the point with the maximum score becomes the next
experimental condition. A full-grid search identifies the
maximum global CEI within the grid resolution and avoids
the risk of settling in local maxima that can affect gradient-
based or stochastic search methods.

2.4. Statistical analysis

All computations ran on a Windows 10 laptop equipped
with an Intel Core i5 13420H (2.10 GHz) and 16 GB
RAM. The Python 3.6 environment used scikit-learn 1.3
for Gaussian-process regression and logistic regression,
bartpy for BART, pyEarth 0.1 for BMARS, and TensorFlow
Probability 0.22.5 for the BANN. A global NumPy random
seed fixed every stochastic step in the workflow.

Model accuracy was evaluated using leave-one-out
cross-validation (LOOCV) for reliable estimation of
predictive performance under the small sample condition.
LOOCYV provides reliable Bayesian predictive accuracy
relative to information-criteria approaches for limited
data.** In each iteration, one observation was used as
the test case, and the remaining observations served as
the training set. The procedure was repeated over all
observations. The average prediction error across iterations
provided a stable estimate of generalization.

Root mean square error (RMSE) and coefficient of
determination (R?) were computed from the LOOCV

results for both hardness and surface density predictions.
The logistic classifier that enforces the amorphous-phase
constraint was also validated under the same LOOCV
framework.

BO progress was tracked by recording the best hardness
observed after each iteration. Matplotlib produces all
figures, and pandas records the accuracy and optimization
tables. No further hypothesis testing, calibration scoring,
or predictive interval assessment is necessary for the
objectives of this study.

3. Results
3.1. Model comparison

Figure 2 illustrates the predicted hardness response
surfaces as functions of laser power and scan velocity for
each surrogate model: G, BMARS, BANN, and BART. The
figure presents four distinct surfaces, each representing a
different modeling approach applied to the same initial
dataset, with warmer colors indicating higher hardness
values.

Figure 2A displays the GP surrogate model results. The
GP surface exhibited a smooth gradient, with hardness
values rising from approximately 700 HV at low power
and high velocity to over 1000 HV at high power and
low velocity. Hardness increased with laser power and
decreased with scan velocity in the GP predictions,
which is consistent with the stationary kernel’s ability to
represent the dominant process-property relationship.
The smoothness of the GP surface reflected its underlying
assumption of continuous, gradual changes in the
response, which proved suitable for the observed data.
Figure 2B shows the BMARS surrogate model, which
showed a similar overall gradient to the GP but with
sharper transitions between regions of differing hardness.
Hardness increased significantly with higher power and
lower velocity, where the value reached its maximum in
the same region. The spline-based formulation of BMARS
allowed the model to fit both gradual and abrupt changes,
resulting in a surface that captured the main trend while
also highlighting localized variations. The flexibility of
BMARS produced a clearer separation between high- and
low-hardness regions compared with the GP model.

BANN surrogate model predictions are shown in
Figure 2C. The BANN surface appeared as a broad
plateau across the domain with multiple local peaks and
valleys. A gentle rise was found toward high power and
low velocity regions, but the model did not form a clear
ridge. The response range was compressed, indicating
limited sensitivity to the inputs compared with GP and
BMARS. Figure 2D illustrates the BART surrogate model,
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Figure 2. Predicted hardness response surfaces as functions of laser power (P) and scan velocity (V) for each surrogate model: (A) Gaussian process,
(B) Bayesian multivariate adaptive regression splines, (C) Bayesian attention neural network, and (D) Bayesian additive regression trees

which partitions the design space into piecewise-constant
regions of uniform hardness. A distinct high-hardness
surface appeared at high power and low velocity, sharply
separated from a lower-hardness regime elsewhere. The
tree-ensemble structure of BART displayed abrupt changes
in hardness and facilitated the identification of discrete
processing regimes. The stepwise approximation effectively
captured sharp transitions in the response surface.

All four models successfully identified the peak-
hardness region at high power and low velocity, but
the models differed in representation and smoothness.
The GP and BMARS surrogates provided smooth
interpolations of the underlying trend, where BMARS
showed slightly sharper regional transitions. The BART
model outperformed in isolating distinct hardness regimes
through its stepwise approximation, whereas the BANN
model exhibited excessive variability across the domain.

3.2. Surrogate-model accuracy

Figure 3 shows predicted hardness against laser power
at 1500 mm/s. Blue curves are posterior means. Shaded
regions mark the 95% credible intervals. Red symbols are
the measured specimens.

The BMARS captured the monotonic rise in hardness
as illustrated in Figure 3B. Hardness increased from about
880 HV at 60 W to roughly 1230 HV at 120 W, which
matched the experimental data. The 95% confidence
interval remained narrow, and every experimental data

point lay inside the band. The tight span indicates precise
uncertainty quantification. The GP model in Figure 3A
followed the same trend but appears smoother. The GP
model underestimated the peak by nearly 50 HV, with a
broader confidence interval. The wider band indicated
higher epistemic uncertainty.

The BANN model in Figure 3C showed weak
dependence on power. The posterior mean remained near a
flat level across the range. The 95% confidence interval was
wide and enclosed the two high-hardness data points. The
model did not recover the upward trend and reflected low
confidence in the prediction rather than overconfidence.
Besides, the BART model in Figure 3D predicted a flat
segment beyond 90 W. The mean deviated from the
highest experimental data point by more than 100 HV.
The BART model’s interval stayed narrow but excluded the
data points. The model understated both the mean and the
variance in the high-power regime.

The prediction performances of four different models
are summarized in Table 1. BMARS yielded an RMSE of
36 HV and an R? of 0.89. The GP followed with RMSE of
46 HV and R’ of 0.83. BART and BANN exceeded 90 HV
in RMSE and fell below 0.35 in R? values.

3.3. Optimization outcomes

Figure 4 compares the measured and predicted hardness
values for each surrogate under LOOCV. Points
distributed near the dashed 45° lines represent accurate
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Figure 3. Hardness predictions of different models at scan velocity of 1500 mm/s: (A) Gaussian process, (B) Bayesian multivariate adaptive regression
splines, (C) Bayesian attention neural network, and (D) Bayesian additive regression trees

Table 1. Surrogate accuracy metrics

Surrogate RMSE (HV) R?

GP 45.59 0.832
BMARS 36.37 0.893
BANN 92.77 0.303
BART 96.59 0.244

Abbreviations: BANN: Bayesian attention neural network; BART: Bayesian
additive regression trees; BMARS: Bayesian multivariate adaptive
regression splines; GP: Gaussian process; RMSE: Root mean square error.

predictions. Both GP and BMARS models followed the
ideal trend closely, whereas BANN and BART showed
larger deviations. The GP points concentrated around the
diagonal but slightly underestimated the highest hardness
regions, whereas BMARS aligned most tightly with the
measurements. The BANN model compressed the range
of predicted values, and the BART model produced wider
scatter that did not capture the full variation of the data.
The plots confirm that BMARS and GP achieved the best
agreement with experimental hardness, which is also
consistent with the quantitative ranking in Table 1.

Figure 5 illustrates the running best hardness that each
BO model recorded after every evaluation. BANN reached
its final level by the third iteration at about 1080 HV.
BMARS and GP were also stabilized by iteration 1 near
1027 HV and 1017 HV. BART reached its final level by
iteration 2 near 1053 HV. Traces remained flat afterward,
which indicates early convergence at different plateaus.

The rapid initial increase in the running best hardness
during the first two to four iterations was consistent with
the shapes of the surrogate response surfaces, as shown in
Figure 2. A steep gradient near the high power and low
velocity region was learned by BANN, and the region was
prioritized by the acquisition. The same zone was reached
by BART, but a lower peak was produced because the
stepwise approximation underestimated the maximum.
Curvature was preserved by BMARS, and the peak along
the high hardness ridge was smoothed. The GP surface
was smoothed more strongly, and the inflection near the
crystalline boundary was blunted. Figures 2 and 3 show
the same pattern for early entry into the high power and
low velocity region and for peak height. GP and BMARS
reached the region first, where BMARS captured sharper
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Figure 4. Observed versus predicted hardness for the four surrogate models under leave-one-out cross-validation: (A) Gaussian process, (B) Bayesian
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Abbreviations: BANN: Bayesian attention neural network; BART: Bayesian
additive regression trees; BMARS: Bayesian multivariate adaptive
regression splines; BO: Bayesian optimization; GP: Gaussian process.

local changes, GP smoothed the peak, BART reached the
highest hardness peak, and BANN reached the optimum
with the highest number of iterations.

Table 2 lists four quantities for each model, including
maximum hardness, the first iteration at or above 95% of

Table 2. Optimization results

Surrogate Maximum Iteration Recommended Recommended

hardness power (W) velocity (mm/s)
(HV)
GP 1017 1 64 1300
BMARS 1027.4 1 66 1300
BANN 1017 3 60 1350
BART 1053.3 2 61 1300

Abbreviations: BANN: Bayesian attention neural network; BART: Bayesian
additive regression trees; BMARS: Bayesian multivariate adaptive regression
splines; GP: Gaussian process.

the maximum, and the recommended power and velocity.
GP and BMARS reached the 95% criterion by iteration 1.
BART met the criterion by iteration 2, and BANN reached
the criterion by iteration 3.

Near the crystalline boundary, a low probability
of amorphous retention was predicted by the logistic
classifier. EI was multiplied by the predicted probability,
and the constrained score was near zero for power and
velocity settings located in the boundary zone. Power and
velocity settings in the boundary zone were ranked poorly
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and were not selected. Sampling was concentrated along
the ridge where high predicted hardness coincided with
high feasibility. Sharp transitions in the BMARS and BART
surfaces were mirrored in the selected evaluations.

A validation build was produced at a laser power of
60 W, a scan velocity of 1300 mm/s, and a hardness of
1010.4 HV was measured. A Vickers indentation from
the build is shown in Figure 6. The value lay on the high
hardness band in Figure 7 and confirmed movement
toward a physically meaningful region.

Figure 7 maps predicted hardness across power and
velocity using BMARS. Hardness values above 950 HV
occupied the high-power and low-velocity region and
appear as an elongated high-hardness band. Iso-hardness
contours were oriented diagonally from higher power

Figure 6. Vickers hardness indentation mark on the sample fabricated
with a laser power of 60 W and a scanning speed of 1300 mm/s
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Figure 7. BMARS-predicted hardness across laser power and scan
velocity
Abbreviation: BMARS: Bayesian multivariate adaptive regression splines.

toward lower velocity and were nearly parallel to lines
of constant volumetric energy density from Equation L.
Hardness decreased when power fell below 80 W velocity
exceeded 2600 mm/s. Beyond a volumetric density of
about 60 J/mm?, a saturation response was observed, and
comparable hardness values were produced by many power
and velocity settings. Trade-offs were present between
hardness, build rate, and energy demand because regions
with higher hardness often required lower velocity and
higher power, which reduced throughput and increased
energy input.

4, Discussion

BART completed the search the fastest, and BMARS, GP,
and BANN followed in that order. Although BMARS
iteration finished second, the model produced the smallest
error and the most reliable confidence intervals. The
flexible spline bases in BMARS captured the broad rise
in hardness as energy increased and preserved the sharp
inflection point where crystallization began. In contrast,
neither the stationary GP kernel nor BANN captured the
sharp crystallization transition, as the models provided a
smooth surface, a near-flat surface, respectively. Similar
behavior appeared in high-dimensional MAX-phase
screening, where Lei et al.** reported that BMARS and
BART used fewer than 0.3% of the design space, whereas
GP variants often ran out of budget BOTSPO. This
research confirms that adaptive knots and tree splits give
the surrogate the local freedom required when responses
change abruptly.

The optimization results show that BMARS guided the
search toward conditions that combined high predicted
hardness with a high probability of amorphous retention.
This focus avoided sampling power-velocity settings that
thermokinetic theoryidentifies asinfeasible and accelerated
progress toward the best-performing region. Similar
behavior hasbeen reported in other additive manufacturing
applications, such as projection multi-photon lithography
and the BOTSPO digital-twin framework for DED, where
BO reduced the number of required trials compared with
conventional parameter sweeps.” In the present study, the
method reached a setting that produced approximately
1030 HV hardness in physical builds while keeping the
experimental effort low, demonstrating its potential for
efficient process development in BMG PBE

Hardness increased with volumetric energy density
until about 60 J/mm’ and remained nearly constant
beyond that point. Above this volumetric energy density
threshold, the melt pool temperature increased while the
cooling rate stayed nearly unchanged, so the glass-forming
driving force did not increase further. Below 80 W or
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above 26 mm/s, hardness and density decreased because
local cooling fell below the critical rate and nanocrystals
formed. The logistic interaction term extracted from the
classifier showed that raising scan speed compensates
part of the excess power by shortening solidification time,
which matches continuous-cooling-transformation theory
for Fe-based glasses.

The optimum laser power and scan speed combination
was located at the highest volumetric energy density input
that maintained glass formation, and it corresponded to
the first high-power pulse in the time-dependent power
profiles selected by BOTSPO. Both static BMARS map
and dynamic BOTSPO profiles converge on the same
physical principle, which is to apply the highest energy
input to close pores, and then cool rapidly to preserve the
amorphous state. The consistency between the BMARS
map and the BOTSPO profiles indicates that the BMARS
map can provide a basis for initializing a process digital
twin for PBE, which can then be refined layer by layer with
in situ monitoring data, as demonstrated for DED control
using the BOTSPO framework.?

The novelty of this study is defined by three main
contributions. It is the first study to apply BO to PBF of
BMG, which is a material system with an extremely narrow
amorphous window for processability. The proposed
framework introduces a constrained multi-objective
approach that optimizes hardness and density while
enforcing amorphous retention as a probabilistic feasibility
condition. Furthermore, four surrogate models are
systematically compared in terms of predictive accuracy,
uncertainty calibration, and optimization efliciency, which
establishes how surrogate selection influences convergence
under limited experimental data. Overall, the contributions
outlined above expand constrained BO’s applicability to
metastable alloys like BMG, which provides a data-efficient
approach for process design in additive manufacturing
under experimental constraints.

5. Conclusion

The objective of this study was to identify process
parameters that preserved the amorphous structure
of FeCrBSiC during PBE The proposed approach was
applied to a constrained multi-objective BO with surrogate
modeling. This study established a data-efficient strategy for
printing fully amorphous FeCrBSiC by PBE. A constrained
multi-objective BO loop was applied to 80 PBF trials and
identified a process condition that retained an amorphous
FeCrBSiC structure with the maximum surface density
and produced roughly 1030 HV Vickers hardness. Among
the four surrogate models, BMARS exhibited the lowest
RMSE, the highest R? and the only 95 % credible band

that enclosed every measured value, which confirmed the
superior fidelity compared to other models.

The experimental validation at 60 watts and 1300 mm/s
further highlighted the predictive strength of the spline
surrogate. The resulting contour map defined a narrow
ridge of high hardness along the high-power, low-
velocity border, which gave a clear processing window
for engineering practice. A probabilistic classifier for
amorphous-phase feasibility is combined with an
uncertainty-aware acquisition function to determine
experimental parameter selection. The combination of
probabilistic feasibility modeling and uncertainty-aware
acquisition makes the methodology applicable to other
metastable alloys that require rapid solidification and
precise energy control, and also supports the evaluation of
new alloy systems for PBF processing.

Several limitations remain in this research. Hatch
spacing and layer thickness were constant in this research,
which makes keyhole porosity and track-shape effects
unexplored. The surrogate was trained on one type of
alloy, but transfer learning could reuse spline hyper-
priors for alloys of lower glass-forming ability. Finally,
hardness alone cannot guarantee structural reliability, so
future work should also quantify fracture toughness and
corrosion along the same energy range.

Future research will replace the squared exponential
kernel with a spectral mixture or Gibbs kernel so that the
length scale varies across the power and velocity domains.
Reversible jump Markov chain Monte Carlo (RIMCMC)
will detect change points that mark the transition from
glass formation to crystallization and will switch kernel
hyperparameters on each side. A hierarchical prediction
derived from melt pool heat flow calculations will regularize
predictions in regions with sparse data and will introduce
parameters that correspond to physical quantities such as
cooling rate. A multi-output GP will integrate hardness,
density, and amorphous fraction, which will preserve
coherent uncertainty when the optimizer chooses the next
build. The acquisition function will account for estimated
machine time and powder mass and will schedule batches
that use fewer resources while still guiding the search
toward the Pareto front. An embedded multi-sensor
fusion-based pipeline will read optical and acoustic signals
throughout the build, update the surrogate after each layer
through Bayesian filtering, and adjust laser power and scan
speed in real time to keep the melt pool within the glass-
forming domain whenever drift emerges.
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Abstract

With the development of inkjet-printed electrodes, artificial intelligence-based
quality control is essential for classifying inkjet-printed electrodes in a quality
control environment. The quality of printed structures can be significantly affected
by defects such as cracks, smudging, and misaligned deposits, which can degrade
electrical performance and overall device reliability. Traditional quality control
methods, including manual inspection and electrical testing, are time-consuming,
subjective, and invasive, and they are unsuitable for high-throughput manufacturing
environments. This work explores the application of computer vision and deep
learning, specifically Convolutional Neural Networks (CNNs) and Feedforward Neural
Networks, to automate defect detection and quality classification of inkjet-printed
electrodes. To demonstrate the accessibility of deep learning techniques, Neural
Architecture Search was implemented, showing the importance of automated
model design in achieving high performance without extensive manual tuning or
the need for expertise. The CNN models proved to be the most suitable approach for
this image classification task, achieving a testing accuracy of 90.9% and a precision
of 88.9% for a dataset of 2,406 electrode images containing both high-quality (1,020)
and low-quality (1,386) prints.

Keywords: Inkjet printing; Electrodes; Defect detection; Deep learning; Computer vision;
Convolutional Neural Networks; Feedforward neural networks; Neural architecture search

1. Introduction

Inkjet printing, also known as non-contact printing, has become a vital fabrication
method in the production of flexible electronics, offering key advantages such as high
customizability, minimal material waste, low temperature processing, fast deposition
process, additive and digital patterning, and compatibility with a broad range of
substrates’ (e.g., polymer, paper, textile, and fabric). It has wide applications in areas
such as wearable and personalized healthcare devices,** electrochemical and biosensor
devices,* flexible electronics (displays and solar cells), energy devices,”® bioengineering,’
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micro-electro-mechanical systems,'” and microfluidic
devices.! In an inkjet printer, inks stored in a reservoir are
delivered through micrometer-sized nozzles in the print
head, which operate either continuously or in a drop-on-
demand mode to form electronically designed patterns or
images. This process involves droplet generation, additive
deposition of micro- and nanometer-scale materials,
and ink spreading over the substrate, followed by drying
without any physical impact on the substrate. However,
this printing technique poses a significant issue known as
the coffee ring effect (i.e., formation of a ring-like thicker
deposit at the print pattern edge due to the presence of
solid particles in a drying ink droplet),'? which hinders the
formation of uniform patterns and negatively impacts the
morphologicaland electrical properties of the electrodes.”!*
Furthermore, print patterns experience geometric
imperfections, such as cracking and discontinuities, due to
the properties of the inkjet printable ink material, droplet
ejection behavior, substrate surface morphology, and inkjet
printing parameters, resulting in defective electrodes.”” A
prolonged sintering process also affects the microstructure
of the printed electrode, especially porosity and particle
order." Defects are critical in inkjet-printed electrodes
because they directly lower conductivity, degrade device
performance, and compromise reliability.'® Studies show
that up to 66% of inkjet-printed thin-film transistors are
defective due to process-related issues.”” Issues, including
particle agglomeration in the nanomaterials-based inkjet
printable inks, air entrapment, nozzle obstruction, droplet
misalignment, and environmental contamination, can
significantly impair the precision and uniformity of prints.
These factors result in unpredictable electrical properties
and device unreliability."""* Before the advent of digital
microscopy, these defects were managed through quality
control techniques, such as manual inspection and
electrical testing, which were labor-intensive, subjective,
intrusive, and inappropriate for large-scale manufacturing
environments. At present, there are numerous methods to
check the quality of a completed print, including inspection
techniques, data analysis strategies, and quality assurance
practices.” The quality assurance practices include optical
photography, digital imaging, profilometry, and electrical
resistance/conductivity measurements. The initial step
for conductive inks involves assessing the success of the
sintering process by examining the sample for any surface
deformation and the presence of cracks. The inkjet-printed
sample typically comprises particles at the nano- (107°)
or micro- (10°%) scale, which should be at least 50 times
smaller than the nozzle diameter, which helps to avoid
issues such as particle accumulation at the nozzle edge,
droplet trajectory deviations, or nozzle blockage due to
agglomeration.”” In the absence of cracks, the sample
undergoes a series of performance evaluations, which

encompass electrical resistivity, adhesion, and mechanical
deformation assessments.*

Anticipating defective electrodes before printing
and modifying printing parameters is a crucial strategy
for minimizing the incidence of defective printed
electrodes, thereby enhancing the large-scale production
of high-quality electrodes. The early identification of
defects can be accomplished through a computer vision
system, which represents an automated, non-destructive,
and high-speed method utilizing advanced imaging and
machine learning techniques.”® Incorporating computer
vision into the quality control of inkjet-printed electrodes
allows manufacturers to identify and rectify problems,
such as absent deposits, misalignment, and variations in
line width, before compromising product performance.?>?*
It will enable immediate identification and correction
of printing surface defects, minimizing material waste
and improving yield rates. This technique offers several
significant advantages, including the elimination of manual
inspection, reduced human error, and increased efficiency.

Computer vision employs sophisticated imaging
methods and machine learning algorithms to detect
microscopic defects that may elude human observation.
Several significant works have explored the intersection of
inkjetprintingand machinelearning, focusingonimproving
monitoring, classification, prediction, and optimization of
the printing processes.” Researchers have applied artificial
intelligence (AI) to different aspects of the process, such
as ink conductivity, line width, resistance, droplet velocity,
jetting behavior, and overall print quality.*?” A wide range
of methods have been explored, from basic regression
models and ensemble techniques like Random Forest and
Gradient Boosting to more advanced neural networks,
as explained in Table 1. Deep learning models, including
Convolutional Neural Networks (CNNs), Feedforward
Neural Networks (FNNs), and Neural Architecture
Searches (NAS), can analyze complex printed patterns and
distinguish between acceptable and defective prints with
high precision. In a recent work, a CNN-based algorithm
was considered to identify four parameters of inkjet-
printed functional structure, such as droplet spacing, line
resistance, line quality, and the post-treatment method
developed.” The model successfully classified printing
features from the pictures, proving the use of CNNs
for image classification and inkjet-printed structure
classification.”® A residual neural network was employed
in another study to classify the three distinct stages of
ejected droplets: none, non-spherical, and spherical.?” The
model attained an accuracy of approximately 96% after five
epochs, after reducing the input size using a translation-
invariant linear transformation, while the uncompressed
model reached an accuracy of about 92%.” NAS was used
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Table 1. Overview of the recent research in computer vision for the evaluation of inkjet-printed electronic structures

No Predicted quality/defect of inkjet-printed structure

Al method used for prediction

References

1 Ink conductivity of the printed components Regression models, including DT, XGBoost, LightGBM, and ResNet 30
2 Line width and resistance per unit length of printed traces NLR, KNN regression, GPR 31
3 Drop pitch, line pitch, and average drop volume RE, AdaBoost, and GB regressors 32,33
4 Predict drop velocity and formation SVM, KNN, RFs, XGBoost, and MLP 33
5  Drop velocity and jetting morphology. SVM, B-Tree, and MLP 34
6  Jetting status and predicting a high-resolution pattern KNN, CART, RE, LR, gradient boost classifier, and bagging model 35
7 Jetting behavior of novel inks GB and RF 36
8  Drop velocity and jetting morphology MLP algorithm 37
9  Space into three regions based on predicted jetting probability: SVM, Multilayer Neural Network, and Gaussian Naive Bayes 38
certain jetting, certain non-jetting, and doubt region
10  Printing quality optimization and electrical resistivity prediction CNN architectures 39
11 Categorize the behavior of the droplet (normal, no-droplet, BPNN 25
and satellite modes)
12 Electrical conductivity of organic graphene-based electrodes ~ DTs, RFs, and KNN 40

Abbreviations: AdaBoost: Adaptive Boosting; BPNN: Backpropagation Neural Network; CART: Classification and Regression Tree;

CNN: Convolutional Neural Network; DT: Decision Tree; GB: Gradient Boosting; GPR: Gaussian Process Regression; KNN: K-Nearest Neighbors;
LightGBM: Light Gradient Boosting Machine; LR: Logistic Regression; MLP: Multilayer Perceptron; NLR: Non-linear regression; ResNet: Residual
Neural Network; RF: Random Forest; SVM: Support Vector Machine; XGBoost: Extreme Gradient Boosting.

to detect and classify defects, such as the coffee ring effect
and geometric defects (cracks, discontinuities, and surface
impurities) in flexible inkjet-printed sensors. They used
the computer vision model YOLOV5 as a baseline; along
with NAS, the model achieved a mean average precision
of 81.2%, 95.5% accuracy, and a detection time of 4.6 ms,
making it suitable for real-time defect monitoring.” These
two prediction models improved the print success rate to
over 80%.> A separate study employed machine learning
models, such as random forest, multilayer perceptron,
and support vector machine, to forecast the printability
and drug dosage of inkjet printing before formulation
preparation, and it attained an accuracy of 97.22% in
predicting the printability of formulations and 97.14% in
assessing the quality of the prints.”

This work explores the application of deep learning,
specifically CNNs and FNNG, to automate defect detection
and quality classification of inkjet-printed electrodes.
A custom dataset comprising over 400 images of inkjet-
printed electrodes was developed, with each image
manually classified as either exhibiting good- or poor-
quality print based on visual inspection. These two classes
were then examined through exploratory data analysis to
identify distinguishing features and patterns. The images
were subsequently pre-processed using a range of image
processing techniques and used to train multiple neural
network models. Model performance was assessed using
several evaluation metrics, including accuracy, F1-score,
and confusion matrices. To examine the accessibility of deep

learning techniques, NAS was implemented, highlighting
the importance of automated model design in achieving
high performance without the need for extensive manual
tuning or specialized expertise. This work demonstrates
the effectiveness and accessibility of Al-powered visual
inspection systems in improving production yield,
reducing material waste, and enabling scalable, automated
manufacturing of inkjet-printed electrodes.

2. Methods
2.1. Experimental setup

The manganese ink was produced using the pulsed laser
ablation technique, and the electrodes were printed
using a cartridge with 21-um nozzle diameter, utilizing
a FUJIFILM Dimatix Materials Printer DMP 2850
(FUJIFILM Dimatix, Inc., USA).* A 3 x 3 complete factorial
Design of Experiments was conducted with the printing
parameters to differentiate between good- and bad-quality
prints. This study explored three different inkjet printing
parameters, namely the jetting frequency (40, 60, 80 kHz),
the print bed temperature (28, 30, 35°C), and the number
of printed layers (10, 15, 30).** Each electrode printing
parameter set permutation was printed 16 times with
dimensions of 10 x 10 mm on a paper substrate, producing
432 electrodes. All electrode data, including printing
and experimental parameters, are provided in Table Sl
(in Supplementary File). Inkjet printing mechanism and
representative printed electrodes are shown in Figure 1.
Some samples did not print correctly for specific printer
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parameters; therefore, only 401 electrodes were suitable for
imaging.

Following the printing process, high-resolution images of
individual electrodes and full electrode grids were captured
using a Google Pixel 6 smartphone with a 50-megapixel
camera and 7x zoom, positioned approximately 100 mm
from the substrate. All images were taken parallel to the
substrate under fluorescent diffuse white light illumination.
This setup mirrors the typical capability of industrial line
camera imaging systems. The inkjet-printed electrodes
exhibited defects such as smudging, irregular deposition,
contamination, and cracks. These conditions resulted in
datasets labeled as either “Good Print Quality” or “Bad
Print Quality;” using binary classification based on visual
inspection. Extensive exploratory data analysis techniques
were used, such as pixel intensity distribution analysis,
t-SNE visualization, Sobel edge detection, and various
thresholding methods, in an attempt to highlight defects
effectively. Figure 2 illustrates examples of electrodes
classified as having “Good Print Quality” and “Bad Print
Quality” Defective electrodes typically exhibited significant

U

—»Nozzle
—. Mn ink

Paper substrate
%g Print bed

Printed pattern

misprints or structural defects that impaired their ability to
conduct electricity.

2.2. Exploring the datasets

Before proceeding with model training, an extensive
exploratory data analysis was conducted to investigate the
features of the good- and bad-quality printed electrodes.
This involved statistical evaluations, intensity histograms,
edge detection, thresholding techniques, and feature
visualization methods such as t-SNE and Histogram of
Oriented Gradients (HOG). The results of this section are
described in Figure S1 (in Supplementary File). The pixel
intensity distribution analysis showed that the distribution
of good prints is more uniform. In contrast, bad prints
exhibit greater randomness and a wider range of intensity
values. Edge detection and thresholding techniques
showed potential in highlighting defects but struggled
with variations in the dataset, even when enhanced with
automatic methods. Similarly, the HOG effectively captured
large-scale defects by detecting sharp intensity changes but
had difficulty identifying more minor, subtler anomalies.

Figure 1. Inkjet printing process and printed electrodes. (A) Schematic view of the inkjet printing of manganese ink; (B) Printed grid (50 mm x 50 mm)
with one sample cut out for various characterization; (C) An individual electrode (10 mm x 10 mm). The electrode grid (B) corresponds to sample 9,
fabricated with 30 layers at 40 Hz and 30°C, while the electrode (C) was produced with 15 layers under the same frequency and temperature conditions.

Sample 10:
No. of layers: 10

Frequency: 80Hz
Temperature: 35°C

Sample 23:
No. of layers: 15
Frequency: 60 Hz

Temperature: 28°c

Good Print Quality Bad Print Quality

A 1cm B 1cm C 1cm D 1cm

Good Print Quality Bad Print Quality

Figure 2. Pictures of electrodes exhibiting good (A and C) and bad (B and D) print quality from sample batches 10 and 23. Sample 10 was printed with
10 layers at 80 Hz and 35°C, while sample 23 was printed with 15 layers at 60 Hz and 28°C. Defects such as localized blotches are highlighted in yellow

circles in the bad-quality prints.
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2.3. Model preparation, training pipeline, and
performance

To ensure optimal model performance and maintain
consistency for fair comparison among models, a
structured data preprocessing strategy and general pipeline
were created. This included data augmentation to enlarge
the dataset; a consistent train-test split; class balancing
techniques to mitigate bias; callback functions for efficiency
and effectiveness; normalization and standardization of the
data; and, for evaluation, the performance metric values of
accuracy, precision, recall, and F1-score were evaluated for
each model. Along with these performance metric values,
a confusion matrix was plotted to visualize the predictions
made by the model. Finally, training graphs were plotted:
loss over epochs and accuracy over epochs. The libraries
used to evaluate the model were Tensorflow, Matplotlib,
Scikit-Learn, and Pandas. The original datasets contained
401 images, representing a relatively small dataset size for
neural networks, especially CNNs. To combat this, the
images within the original dataset were augmented with
rotation, brightness adjustments, zooming, and flipping
to artificially enlarge the dataset while ensuring realistic
variations. Each image underwent five augmentations,
resulting in a new dataset size of 2,406, with 1,020 images
of good print quality and 1,386 of bad print quality.

For most model iterations, except for a few during
the optimization stages, all images were resized to a
standard 128 x 128 resolution. The OpenCV’s resize
function was used for this transformation, which provided
computational efficiency while preserving essential image
details. Then, the dataset was divided into 70% training
and 30% testing (15% testing and 15% validation). This
train-test split ensured that the model had enough data
to train on and that the training data represented the
range of defects that could potentially occur. In addition,
the testing and validation sets were large enough to
provide reliable performance metrics, ensuring accurate
and unbiased model assessment. The enlargement of the

A Training accuracy over epochs B

Training loss over epochs Cc

dataset through data augmentation resulted in a significant
class imbalance. The bad print quality images outweighed
the good print quality images by over 26%. This class
imbalance could cause bias within the models, so class
balancing was adopted to mitigate this. For each class, the
class weights were calculated using the Scikit-Learn class
weight function, which was applied during training by
modifying the loss function to apply a higher weight to the
minority class and lower weights for the majority class.

Learning rate schedulers were implemented to reduce
the set learning rate when the validation loss stopped
improving after five epochs, helping the model develop
after reaching a plateau. For every model, the same
metrics were measured. The metrics that were evaluated
for each model were accuracy, precision, recall, and the
F1-score. The performance of each neural network model
was evaluated using four standard classification metrics:
accuracy, precision, recall, and F1-score, each derived from
the confusion matrix. In binary classification, predictions
can be true positives (TP), true negatives (TN), false
positives (FP), or false negatives (FN). Accuracy represents
the proportion of correct predictions across all samples,
computed using this formula: (TP+TN)/(TP+TN+FP+FN).
Precision measures the proportion of correctly identified
positive cases out of all positive predictions (TP/(TP+FP)),
which is crucial in this project to minimize the number of
defective electrodes incorrectly classified as good. Recall
(TP/(TP+FN)) reflects the model’s ability to correctly
detect all good electrodes, while the F1-score provides a
harmonic mean between precision and recall, balancing
both FP and FN. These metrics were chosen because they
provide valuable insights into the model’s performance
in real-world scenarios. Along with these performance
metrics values, a confusion matrix was plotted to visualize
the predictions made by the CNN and FNN models, as
shown in Figures S2 and S3, respectively. Finally, training
graphs were plotted: loss over epochs and accuracy over
epochs (Figures S2 and S3). Figure 3 shows examples of
the two training graphs along with the confusion matrix

Confusion matrix

Accuracy
°
3
Accuracy

055
050 — Train Accuracy 050
— validation Accuracy

—— Train Loss
Validation Loss

8ad (0)

True label

Good (1)

) 10 20 2 40 50 0 10

Epochs

EY 40 50 8ad (0) Good (1)

Epochs Predicted label

Figure 3. Performance evaluation of the basic CNN model. (A) Training and validation accuracy trends across epochs. (B) Training and validation loss
trends across epochs, indicating model convergence. (C) Confusion matrix demonstrating the CNN’s classification accuracy for good- and bad-print-

quality electrodes.
Abbreviation: CNN: Convolutional Neural Network.
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of the basic structured CNN training on the augmented
dataset.

2.4. Model developments and optimization

This work modeled and compared CNNs, FNNs, and
NAS to detect print quality. All model development
and optimization were carried out using Python 3.10.0,
primarily within the PyCharm development environment
on a local laptop equipped with an Intel Core i7-1065G7
CPU (4 cores, 8 threads, 1.3-3.9 GHz), 8 GB RAM, and
a 512 GB SSD. Additional training was performed on an
NVIDIA Tesla T4 GPU through Google Colab for faster
training and development times. The following section
will explain how the previously mentioned neural network
models are used to detect defective electrodes.

2.4.1. CNN model optimization

For the development of a fully optimized CNN model,
basic and deep models were developed and fine-tuned
using hyperparameter tuning and multiple optimization
techniques to achieve the highest accuracy. After the
initial iterations and improvements on the basic CNN
architecture, the decision was made to restructure the
network to enhance its ability by incorporating additional
layers and nodes along with enhanced regularization
techniques to detect more profound relationships within
the image data and also to mitigate overfitting. Based on
the hyperparameter tuning of the deep CNN model, a fully
optimized model was developed to maximize performance
and to ensure generalization to the data. The CNN
architecture, from its basic structure to the concluding
configuration, was modeled and optimized using the
augmented datasets, as detailed in Tables S2 and S3
(in Supplementary File). The final architecture was a
deep CNN with five convolutional layers, each using the
Rectified Linear Unit (ReLU) activation function and L2
regularization (A = 0.001) to ensure stable learning and help

Batch Normalisation
(61,61,64)

Batch Normalisation
(126,126,32)

Input Convolutional Convolutional
Tmage Layer 1 Layer 2
(128,128,3) (126,126,32) (61,61,64)
Max Pooling (2x2) Max Pooling(2x2)
(63,63,32) (30,30,64)
Sl Fully Connected Fully Connceted
S Layer Layer
(Activation: 512 (64
Sigmoid) (312) )
Dropout (30%) Dropout (30%)

the model learn complex patterns. Batch normalization was
applied after each convolutional layer. Max pooling was
implemented after each layer for computational efficiency;
however, it was left out in the final convolutional layer
to preserve larger feature maps, ensuring the model had
sufficient information for effective learning. The extracted
features were flattened using the Flatten () function, due to
the relatively small feature map size, and passed into a fully
connected layer comprising three dense layers (512, 128,
and 64 neurons). Each dense layer had a 30% dropout rate,
which improved generalization by preventing overfitting
and enabling the model to capture complex relationships.
The output layer used the sigmoid activation function,
producing a probability score between 0 and 1 to classify
electrodes as defective or non-defective. The model was
trained on RGB images, using the Adam optimizer and a
binary cross-entropy loss function for robust optimization.
The model had an initial learning rate of 0.0001. All
other pipeline components, including callback functions,
data splitting, class balancing, image resizing, and
ImageDataGenerator setup, remained the same. The model
was trained for 100 epochs, ensuring full convergence and
optimal learning. In addition, early stopping techniques
were employed to reduce unnecessary training and prevent
overfitting. Figure 4 shows the optimized CNN model
architecture.

2.4.2. FNN

The original FNN model featured a basic architecture
consisting of three hidden layers and one output layer.
The initial hidden layer comprised 12 neurons, succeeded
by 64 neurons in the second layer and 16 neurons in the
third. For binary classification, the output layer used the
sigmoid activation function. To mitigate overfitting, a 20%
dropout was introduced after the first hidden layer. The
non-linear activation function, ReLU, was used across all
the hidden layers to enhance feature learning and improve

Batch Normalisation
(12,12,256)

Batch Normalisation
(28,28,128)

Convolutional Convolutional

Layer 3 Layer 4
(28,28,128) (12,12,256)
Max Pooling(2x2) Max Pooling(2x2)
(14,14,128) (6,6,256)
Fallytonects) Convolutional
Layer
(128) Layer 4
(4,4,512)
Batch Normalisation
Dropout (30%) (4,4,512)

Figure 4. Flow chart illustrating the architecture of the optimized Convolutional Neural Network
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generalization. The basic FNN architecture is shown in
Table S4 (in Supplementary File). The dataset was further
expanded and diversified using the ImageDataGenerator
function for additional data augmentation. The model was
optimized using the Adam optimizer, with binary cross-
entropy as the loss function. The initial learning rate was
setat 0.0001 during the training process. Following the first
iteration’s results, the decision was made to eliminate the
ImageDataGenerator function from the pipeline. Dropouts
and batch normalization were implemented following
the initial two hidden layers to mitigate overfitting and
enhance generalization within the model. In addition,
L2-regularization, with A = 0.001, was implemented on
all three fully connected layers. The initial FNN with
regularization is detailed in Table S5. Additional layers
were incorporated to enhance the model’s ability to learn
complex patterns, thereby improving generalization and
overall performance. Given that FNNs are not intrinsically
suited for feature extraction, manual feature extraction
was incorporated into the pipeline to assist the model
in recognizing features within the images. The manual
feature extraction methods implemented were Sauvolas
thresholding technique and Sobel edge detection. Sauvola’s
thresholding was implemented using the libraries OpenCV
and Scikit-image. After extensive hyperparameter tuning
and iterative design, the final FNN model was composed of
eight hidden layers arranged in a decreasing, funnel-shaped
structure (256, 128, 64, 64, 32, 16, 1). Each layer employed
the ReLU activation function, enabling the model to learn
complex patterns and relationships. L2 regularization with a
weight of 0.001 was implemented to prevent certain features
from overshadowing the output and thereby enhancing
generalization. Batch normalization and dropout were
implemented after specific layers, as illustrated in the model
architecture in Figure 5 and Table S6.

The outputlayer utilized the sigmoid activation function.
The model was optimized using the Adam optimizer with a

Batch Normalisation

Batch Normalisation

(256) (128)
Hidden Layer Hidden Layer
Input (Activation: (Activation:
Image ReLU, ReL U,
(16384) %: 0.001) 2: 0.001)
(256) (128)
Dropout (20%)
Hidden Layer Hidden Layer
Output (Activation: (Activation:
N }Jayer . ReLU, ReLU,
¢ Sftl" at}gﬂ- 22 0.001) 2: 0.001)
igmoid) 16) (32)

binary loss function and an initial learning rate of 0.0001 to
support steady and stable learning. All other components
of the pipeline, including callback functions, data splitting,
class balancing, and image resizing, remained unchanged.

2.4.3. NAS

The utilization of NAS facilitated the efficient development
of tailored, optimized neural networks for defect detection
in inkjet-printed electrodes, demonstrating the accessibility
of Al solutions for this issue. This was implemented using the
AutoKeras library to automatically design an optimal neural
network architecture tailored to the binary classification
task. Pre-processed grayscale electrode images were
standardized and split into training, validation, and testing
sets (70/15/15). Class imbalance was addressed using the
computed class weights. Due to computational limitations,
only three trials were configured to run. The model was
trained on Google Colab using the free T4 GPU, and the
best-performing architecture was exported and evaluated.

3. Results and discussion
3.1.CNN results

The development, evaluation, and optimization of the
CNN-based image classification model have demonstrated
to effectively identify print defects in inkjet-printed
electrodes for quality control purposes. The initial CNN
model provided a foundational understanding of the
network’s capability to differentiate between good and
bad-printed electrodes. While the base model achieved
~67% accuracy, it lacked robustness and stability, with
a low precision score (~61%) indicating a high FP rate
(bad-quality electrodes being classified as good), which
is unsuitable for real-world quality control systems.
However, the slight difference between training and testing
performance suggested that the model was not overfitting
and had potential for improvement.

Batch Normalisation
(128)

Batch Normalisation
(256)

Hidden Layer Hidden Layer
(Activation: (Activation:
ReLU, ReLU,
A2 0.001) A: 0.001)
128) (64) \
Dropout (30%) Dropout (30%)

Hidden Layer Hidden Layer

(Activation: (Activation:
RelLU, ReLU,
2:0.001) A2 0.001)
(64) (64)
Dropout (40%) Dropout (40%)

Figure 5. Flowchart illustrating the architecture of the optimized Feedforward Neural Network
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After the implementation of data augmentation, there
was a significant improvement in the model’s performance.
The validation accuracy increased from ~67% to ~77% and
precision increased from ~61% to ~72%, indicating that
there was roughly a 10% decrease in the number of FP (bad
electrodes being misclassified). The average difference
between training and validation also decreased, from ~5%
to ~3%, highlighting the fact that the model generalized
better. Standardizing the input data and adding additional
augmentation using the IimageDataGenerator function, and
transitioning to a deeper CNN architecture, significantly
boosted performance and stability. Table 2 summarizes the
model’s accuracy before and after data augmentation. All
metrics are derived from the performance on the testing set
during training, which consists of the 20% of data withheld
during training and not previously seen by the model.

The deeper model achieved an accuracy of up to
approximately 75%, and the percentage differences
between training and testing results showed improved
generalization. While this iteration showed stronger
performance, the misclassification of 27% of defective
electrodes still posed a risk in a practical quality control
implementation. In addition to that, the extensive
hyperparameter  tuning, which incorporated L2
regularization and dropout, proved effective in reducing
overfitting by limiting dominant features and enforcing

Table 2. Comparison of the performance of a basic CNN
model trained on the original dataset (401 images) versus an
augmented dataset (2,406 images)

Dataset Accuracy Precision Recall F1-Score
Pre-augmentation 0.672131 0.615385  0.827586  0.705882
Post-augmentation 0.767313  0.717949  0.736842  0.727273
% Difference +14 +17 -11 +3.03

Abbreviation: CNN: Convolutional Neural Network.

more general feature learning. GlobalAveragePooling2D was
found to be a superior alternative to the Flatten function
for smaller networks, acting as a natural regularizer and
improving generalization. Adjustments to batch size and
optimizer choice revealed Root Mean Square Propagation
(RMSprop) as the most effective, and training on RGB
images further increased classification accuracy by
providing richer feature information. The summary of
performance metrics from the hyperparameter tuning of
the deeper CNN model is presented in Table 3.

The optimized CNN model achieved an impressive
~90% accuracy on the test data, along with an ~88%
precision score, resulting in the lowest FP rate among all
developed models. In binary classification, predictions can
be TP, TN, FP, or FN. Accuracy represents the proportion of
correct predictions across all samples, given by (TP+TN)/
(TP+TN+FP+FN). Precision measures the proportion
of correctly identified positive cases out of all positive
predictions (TP/(TP+FP)), which is crucial in this project
to minimize the number of defective electrodes incorrectly
classified as good. Recall (TP/(TP+FN)) reflects the
model’s ability to correctly detect all good electrodes, while
the F1-score provides a harmonic mean between precision
and recall, balancing both FP and FN. Notably, the training
and testing metrics were closely aligned, demonstrating
strong generalizations on completely unseen data. The
training graphs in Figure S2 show that validation accuracy
tracked closely with training accuracy until around the
35% epoch, where a slight divergence emerged, indicating
minimal overfitting; however, the model continued to learn
effectively. The early stopping function stopped training at
the 86™ epoch, once validation loss had plateaued, ensuring
optimal performance without unnecessary computing.
Examining the confusion matrix, the model delivered the
best performance across all iterations, misclassifying just
18 out of 203 electrodes. This translates to a 92% accuracy

Table 3. Summary of performance metrics from the hyperparameter tuning of deeper CNN

CNN model development stages Accuracy Precision Recall F1-Score Average % difference % increase from
(%) (%) (%) (%) to training base CNN
Base deep CNN (Batch size: 32; optimizer: Adam) 74.38 68.72 76.88 72.57 2.18 #NA
Adding layers 82.55 76.33 84.87 80.37 5.30 9.74
Batch size 16 80.61 71.81 88.82 79.41 2.97 8.77
Batch size 64 80.33 72.13 86.84 78.81 291 8.04
L2 regularization 82.83 75.00 88.82 81.33 3.11 10.80
RGB input 82.37 77.27 85.00 80.95 5.68 10.15
RMSprop optimizer 76.86 73.17 75.00 74.07 3.04 2.20
M.SGD optimizer 72.45 67.65 71.88 69.70 0.88 -3.71
Global average pooling 77.14 74.21 73.75 73.98 2.97 2.19

Abbreviation: CNN: Convolutional Neural Network; M.SGD: Stochastic Gradient Descent with Momentum; RMSprop: Root Mean Square Propagation.

Volume 2 Issue 4 (2025)

31

doi: 10.36922/IJAMD025430040


https://dx.doi.org/10.36922/IJAMD025430040

International Journal of Al for
Materials and Design

Printed electrode quality prediction using deep learning

in identifying 121 defective electrodes, demonstrating the
model’s robustness and reliability for real-world defect
detection applications. Overall, the results from this
section demonstrate that CNNs, when adequately trained,
tuned, and optimized, are highly effective for image-based
defect classification, even with very minor defects. Figure 6
presents the results from the optimized CNN in training
and testing. Training graphs along with the confusion
matrix are shown in Figure S2 (in Supplementary File).
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Figure 6. Graph showing the normalized performance metric of accuracy,
precision, recall, and Fl-score for the Convolutional Neural Network
model

3.2. FNN results

Just like CNN, the FNN model’s development also followed
a structured, iterative approach to detect the defective
electrode. The initial baseline model struggled to distinguish
between the data due to its simple architecture, which
struggled to handle the complexity of the data. Flattening
the raw image data into one-dimensional (1D) arrays
caused the loss of significant spatial information, making it
very difficult for the FNN to distinguish between defective
and non-defective electrode images. By removing the
ImageDataGenerator function, the models performance and
ability to learn patterns in the data significantly increased.
The model achieved a test accuracy of ~75% and a precision
of ~71%, which are decent metrics. From the testing data,
over 88/416 electrodes were classified as bad, giving the
model an FP rate of 21%. Within the deeper FNN, employing
Sauvolas thresholding yielded a testing accuracy of
approximately 72%, while the Sobel edge detection method
completely failed to distinguish between the classes. These
findings underscore the FNN’s sensitivity to noisy or overly
complex inputs and its limited capacity to interpret spatial
information effectively. The final model, which incorporated
an optimized pipeline, regularization, and a deep architecture,
achieved ~71% test accuracy and ~67% precision. The model
misclassified 95 out of 416 bad electrodes, resulting in a 22%
EP rate. Figure 7 presents the results of the optimized FNN.
All training graphs, along with the confusion matrix, are
illustrated in Figure S3 (in Supplementary File). In addition,

receiver operating characteristic curves were plotted for both
the CNN and FNN, which are shown in Figures $4 and S5
(in Supplementary File). The area under the curve was found
to be 0.95 for optimized CNN and 0.76 for FNN, indicating
excellent and acceptable discrimination performance,
respectively.
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Figure 7. Graph showing the normalized performance metric of accuracy,
precision, recall, and F1 score for the Feedforward Neural Network model

3.3. NAS results

From the model summary function, it was understood that
the best-performing model obtained through NAS used a
pre-trained EfficientNetB7 (a popular CNN architecture)
as the backbone, with input shape being scaled grayscale
images (224,224,3). The inputs were normalized and
augmented (flip, translation). Global average pooling was
used to translate the feature maps into a 1D array and
the sigmoid activation function was used to classify. This
NAS model demonstrated strong generalization, with a
testing accuracy of ~91.4% and a training accuracy of
~94.8%. The ~3.67% accuracy difference between training
and testing accuracy suggested that the model did not
significantly overfit, indicating that it learned generalizable
features rather than memorizing the training data. The
results from using this automated method are presented in
Figure 8 and Figure S6.
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Figure 8. Graph showing the normalized performance metric of

accuracy, precision, recall, and Fl-score for the Neural Architecture
Search-generated model
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With a precision score of ~88% on testing, out of
209 printed electrodes, 19 were misclassified, but the
model effectively classifies the majority of the remaining
bad electrodes. With a minimal FP rate and effective
classification, this NAS model effectively meets the strict
quality control standards required in the manufacturing
industry. These results demonstrate the use of automated
deep learning methods to develop and optimize networks
for classification tasks, without the need for expertise in
machine learning or deep learning.

Overall, CNNs emerged as the most effective approach:
the final optimized CNN achieved 90.9% test accuracy
and 88.9% precision, aided by data augmentation,
batch normalization, L2 regularization, and using RGB
inputs. FNNs, by contrast, struggled due to the loss of
spatial information when flattening images, with the
best model reaching ~71% accuracy. Manual feature
extraction (Sauvola thresholding, Sobel detection) offered
limited benefit and often introduced noise. NAS with
EfficientNetB7 achieved comparable results to the custom-
built CNN (91.4% accuracy, 88% precision) while requiring
minimal manual tuning. Overall, CNNs demonstrated
strong generalization and industrial suitability, while
FNNs proved less effective for image-based classification.
Figure 9 shows a brief comparison of the three methods
used to classify the test images. Figure 10 shows examples
of the optimized CNN inference results.

100.00%

90.91%  9141% gg g6y,  ggose, 9063%  I211% g97804  90.03%

o
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= Optimised CNN

= Optimised FNN  ® Auto-Generated Model using NAS

Figure 9. Graph showing accuracy, precision, recall, and Fl-score as
percentages, representing the proportion of correct predictions across all
samples, for the CNN, FNN, and NAS models

Abbreviations: CNN: Convolutional Neural Network; FNN: Feedforward
Neural Network; NAS: Neural Architecture Search.

Past literature has presented deep learning work
to classify the jetting characteristics and conductivity
measurements of inkjet-printed electrodes for assessing
the quality of prints.’>*® In this paper, the quality of inkjet-
printed electrodes is classified on the basis of surface defects
such as contamination and cracks, caused by irregularities
from the deposition process. In particular, for the first time
in this manuscript, the classification performance has been
assessed and compared of deep learning models, including
CNNs, FNNs, and NAS-generated models. CNN models
were identified as one of the best classification models,
resulting in a testing accuracy and precision of 90.9%
and 88.9%, respectively, with improvements such as data
augmentation, batch normalization, L2 regularization,
global average pooling, and the use of RGB images. This
prediction accuracy measured in this work for the CNN
was in line with that found from previous work, which
examined CNN architectures for extracting representative
features of printed lines.”

4, Conclusion

This work demonstrates how deep learning, particularly
CNNs, can be effectively leveraged to automate visual
inspection tasks, offering a scalable, accurate, and efficient
solution for industrial quality control. In particular, this
work shows how neural networks can be leveraged for
the classification of inkjet-printed electrodes in a quality
control environment. A comparison between CNNs,
FNNs, and NAS models highlights the strengths and
limitations of each approach for the classification of inkjet-
printed electrodes. The CNN models were the most suitable
approach for this image classification task. After iterative
improvements, the final optimized CNN model achieved
90.9% testing accuracy and 88.9% precision, demonstrating
strong generalization with a low FP rate. Improvements
such as data augmentation, batch normalization, L2
regularization, Global Average Pooling, and utilization of
RGB images allowed the CNN to capture more complex
patterns and stabilize training. These improvements also
helped prevent overfitting, making the model reliable and
suitable for industrial implementation. RGB input images
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Figure 10. Pictures of electrodes correctly classified by the optimized Convolutional Neural Network. (A and B) Good-print-quality electrodes;
(C and D) Bad-print-quality electrodes, which display noticeable blotches and contaminants.
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contributed to a ~6% improvement in accuracy over
grayscale images but at the cost of increased computational
demand and longer training times. The base FNN using
ImageDataGenerator showed random prediction behavior,
with testing accuracy at ~58%. Removing this function
improved the performance substantially (~75% testing
accuracy and ~71% precision), showing that spatial
transformations applied before flattening the data confused
the model. Further improvements through applying
dropout, batch normalization, and L2 regularization
allowed for better generalization, although overfitting was
still a recurring issue. The optimized final FNN model
achieved ~71% test accuracy and ~67% precision. These
results demonstrated the limitations of FNNs in extracting
spatial features and reinforced that they are not ideal for
this image classification task. It is important to note that, in
terms of speed, FNNs are trained significantly faster than
CNNs due to their simplistic architectures and reduced
computational complexity. Despite the increased training
time, CNNs remain the preferred choice because accuracy
and reliability are critical for the required task. The NAS
was employed to demonstrate automated model building.
Using EfficientNetB7 (a popular CNN architecture) as
a pre-trained backbone and with augmented grayscale
input, this model achieved 91.4% testing accuracy and 88%
precision, with only a 3.67% accuracy drop from training
to testing, indicating excellent generalization. The model
misclassified 19 out of 209 defective electrodes. The NAS AI
methodology demonstrates the power of automated model
building without requiring deep knowledge in machine
learning or deep learning, reinforcing how accessible
deep learning is becoming. The predictive capabilities of
the established AI system, however, could be improved
by collecting more data, including in the form of higher-
resolution images. For more accurate defect capture,
expanding these datasets with more labeled samples
could also help in predicting a wider variety of defect
types such as smudges, cracking, lack of connectivity, and
contamination. The use of preprocessing methods such
as feature extraction techniques could also be considered
for creating AI models with more specific defect type
predictability.
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Machine learning and exploratory data analysis
for predicting tensile and thermal responses in
friction stir spot welding

Sajad N. Alasadi‘® and Raheem Al-Sabur*

Department of Mechanical Engineering College, University of Basrah, Basrah, Iraq

Abstract

Friction stir spot welding (FSSW) has gained increasing attention over the last
decade due to its promising performance compared to conventional joining
methods for similar metals. However, the thermal and tensile responses in this
process are highly nonlinear. This study aims to explore the thermal and tensile
performance of aluminum joints welded by FSSW using an innovative method
based on exploratory data analysis (EDA), followed by several machine learning (ML)
approaches. The welding parameters investigated in this study were tool rotational
speed, dwelling time, and aluminum sheet thickness. The ML methods included
linear and nonlinear regression models for welded joints at different welding
parameters. We evaluated Bayesian ridge, elastic-net, support vector regression
(SVR), random forest, polynomial regression (nonlinear), and robust regression. The
random forest algorithm provided accurate predictions for lap-shear fracture load
(R? = 0.96, mean squared error [MSE] = 0.01, and mean absolute error [MAE] = 0.07)
in tensile performance, whereas the elastic net performed worst. Model-to-model
differences were smaller for thermal performance, with the random forest model
yielding the most accurate predictions (R? = 0.97, MSE = 26.51, and MAE = 3.86) while
the SVRyielded the least accurate predictions. The study indicated that using EDA to
address anomalies in welding conditions provides valuable insights into the best ML
methods for predicting the thermal and mechanical performance of welding joints.

Keywords: Friction stir spot welding; Machine learning; Exploratory data analysis; Tensile
performance; Thermal performance

1. Introduction

Over the past decade, the use of solid-state welding has grown significantly, primarily due
to its ability to generate heat below the melting point of the base metals, thereby minimizing
defects in the weld zone and the surrounding material."? A notable trend during this period
is the dominance of friction stir welding (FSW) in academic research compared to other
solid-state welding techniques.’ In addition, FSW is classified as an eco-friendly welding
method; it does not produce any fumes or spatter, is less energy-intensive, and does not
cause significant changes in the microstructure.*” Initially, FSW was limited to aluminum
alloys and gradually expanded to include other alloys, such as magnesium, copper, and
even steel. Further developments have given FSW a significant advantage over conventional
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welding, particularly in its ability to weld dissimilar metals,
including those with substantial differences in melting
points.® Furthermore, FSW has expanded to include the
welding of polymeric materials and composites.”

The FSW mechanism differs significantly from most
welding processes, as the welding tool is reusable. The
welding tool is typically made of tool steel or cemented
carbide, selected for high hardness and wear resistance.®’
A lathe process typically forms the tool, consisting of two
interconnected parts. The first part is cylindrical, has a
suitable length and diameter, and is referred to as the
shoulder. The other part is shorter and narrower, can be
tapered, and is called the pin.'° The welding tool is securely
attached to the FSW machine, typically a specialized
unit designed for this process. Alternatively, computer
numerical control machines can be adapted for FSW. For
friction stir spot welding (FSSW), milling machines or
even punching machines may also be used.'*** The two
plates to be welded are firmly clamped together, usually
in a butt joint configuration, though lap joints are also
possible.”* The process begins when the welding tool is
lowered vertically onto the area to be welded at a specific
rotational speed, depending on the type of metal to be
welded.'*"* The tool penetrates the right plate and a portion
of the left plate due to frictional heat. Once the material
beneath the shoulder becomes sufficiently plasticized,
the welding tool begins a transverse movement along the
weld line in addition to its rotational movement. This
process yields a satisfactory weld between the two plates,
with fewer defects, while generating flash metal on both
ends of the weld line.'® Upon reaching the endpoint of the
weld, the tool rises, leaving a keyhole. FSSW is a special
case of FSW in which spot welding is performed using the
heat generated from the tool’s rotational motion, and the
transverse velocity is reduced, as shown in Figure 1.

Since John laid the foundation for exploratory data
analysis (EDA),"” the EDA approach has been steadily

G=r=m-ft

developed across numerous engineering applications,'®
although its use has also been limited to some welding
problems."” The EDA approach begins by examining how
the variables in the problem are distributed. EDA typically
begins by examining the distributions of the variables of
interest. In FSSW studies, EDA is primarily used to identify
outliers and to explore relationships among welding
parameters.” EDA therefore provides an initial basis for
selecting appropriate models and interpreting results. The
histograms visualize how key process parameters—such as
material thickness, tool rotational speed, and dwell time—
are distributed across the data.

Machine learning (ML) is a branch of artificial
intelligence that has gained significant traction recently.
ML focuses on developing algorithms and statistical models
that enable computer systems to learn patterns and make
decisions based on experimental data without requiring
explicit programming for each task.?»* Welding has
similarly benefited from those advances and is now widely
applied in techniques such as arc welding,* laser welding,**
ultrasonic welding,” and resistance spot welding.?®

In the field of FSW and related welding methods,
particularly FSSW, a substantial part of beneficial research
has focused on the application of ML techniques. Studies
have shown that ML can improve FSW process parameters
by analyzing the relationship between input parameters
and weld quality.”” It can also accurately detect and classify
defects by analyzing microstructure and classifying image
properties.? It can also provide an in-depth description and
better classification of the resulting weld joint.* Furthermore,
it can predict weld quality by optimizing welding parameters
and reducing defects, with greater potential to analyze the
relationship between tool geometry and material properties
and their association with weld joint quality.® In a previous
study, artificial neural networks (ANNs) were used to predict
stir zone hardness and determine optimal FSW parameters,
particularly tool rotational speed and weld line velocity,

Plunging

Bonding

Drawing out

Figure 1. Process flow diagram of friction stir spot welding
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in submerged 6061-T6 aluminum alloy.”’ ANNs have also
shown remarkable performance in predicting wear rates
during friction stir processing, predicting tensile failure
properties and fracture location of aluminum alloy 7075-T6
and duplex stainless steel,”” and have been used to explore
the thermal behavior and peak temperature in aluminum
alloy** In addition to ANNSs, support vector machines
(SVMs) have been utilized as ML tools in FSW and FSSW
applications. For example, SVMs have been used for tensile-
strength prediction® and for welding-process monitoring.*®
Several studies in FSSW and FSW focused on utilizing other
ML tools, such as random forest.’”*® Moreover, elastic-net,*
ANN, and response surface methodology*® were used in few
FSW studies. Table 1 summarizes the most related studies.

FSSW is a solid-state welding process with a complex
nonlinear nature. Therefore, understanding the tensile
(lap-shear load) and thermal (maximum temperature)
responses is complex. EDA and ML can help identify
hidden correlations, while ML models effectively learn these
nonlinear dependencies. ML, such as random forest, provides
measures of feature importance that help understand

Table 1. Overall comparison between related previous studies

parameter sensitivity. This study combines two approaches
foranin-depthunderstanding ofthe prediction of the thermal
and mechanical behavior of FSSW-welded aluminum alloys.
EDA was employed alongside ML algorithms, marking a
fundamental departure from traditional methods that rely
solely on experimental approaches, simulations, or ML
alone. In this study, we used EDA—including histograms,
correlation matrices, and feature ranking—to uncover key
patterns regarding shear stress and thermal behavior in the
weld zone. We also conducted an in-depth comparison of
several ML techniques, including random forest, elastic
net, and Bayesian ridge, to determine the optimal welding
conditions. Ultimately, this study offers a smart, scalable
approach to optimizing the FSSW process, enabling easy
prediction of the mechanical and thermal quality of the final
joint.

2. Methodology
2.1. ML algorithms

ML applications have recently become evident across
all sectors of industry. In this context, numerous studies

Process Materials ML algorithms Key findings References
FSW AA2195 BPNN Maximum tensile strength of 415 MPa with 92% prediction accuracy. 27
FSSW Stainless steel SVM and ANN The predicted tensile shear failure load is 4,967 N at 1,900 rpm. 33
and AA7075
FSP AA6083and  SVM, ANN, and RF A 5.06 um grain size is necessary to achieve the ultimate tensile 28
AA8011 strength.
FSW Aluminum Multi-linear regression, K-nearest ML is used to capture the relationship between the input and output 29
alloys neighbor, RE, ANN, and SVM FSW welding process
FSW Aluminum Decision tree model, SVM, ANN,  An ML machine is used to achieve two key outcomes: enhanced 41
alloys and CNN quality assurance and improved automation
FSP AA6061 ANN Stir zone hardness prediction 31
FSW Copper ANN Wear rate prediction in surface composites 32
FSW AA7075 ANN Peak temperature, torque, traverse force, bending stress, and 34
maximum shear stress
FSW AA5083and  GPRand SVM ML achieves 10.32% higher accuracy in tensile strength than 35
AA5061 regression methods
FSW AA1100 discrete wavelet analysis and SVM  Using ML approaches to monitor and analyze FSW defect image 36
classification
FSW AA6061 SVM FSW process parameter optimization 37
FSSW AA7075 DTR, RE, and linear regression The DTR can achieve better performance in the prediction of 38
cross-tensile strength
FSW Aluminum Bayesian ridge, k-nearest neighbor, The study highlights the potential of ML to forecast weld joint quality 39
alloys RE, elastic-net, and SVM
AA6061and ~ ANN and RSM The accuracy of ANN’s tensile strength prediction is better than RSM’s 40
AZ31B

Abbreviations: ANNs: Artificial neural network; BPNN: Backpropagation neural network; CNN: Convolutional neural network; DTR: Decision tree
regression; FSP: Friction stir processing; FSSW: Friction stir spot welding; FSW: Friction stir welding; ML: Machine learning; RF: Random forest;

RSM: Response surface methodology; SVMs: Support vector machines.
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have recommended adopting ML techniques in welding
applications, specifically in two main categories: fusion
welding and solid-state welding. Within the framework of
fusion welding, Ramesh et al.*? concluded that ML can be
appropriate for detecting surface weld defects in electric arc
welding, particularly shield metal arc welding. Tsai et al.*’
recommended ML as a suitable tool for optimizing laser
welding parameters for lap joints. Based on these and other
similar studies, this study aims to utilize and compare a
range of ML tools to select optimal input parameters for
achieving superior mechanical and thermal performance.
Random forest, elastic net, Bayesian ridge, polynomial
regression, and robust regression methods were used.

The random forest algorithm is considered an
ensemble learning method and a supervised ML tool. It
is a tree-based, non-parametric algorithm, with a primary
purpose being regression or classification.**** In welding,
this technique has been used for several applications,
including real-time defect detection in arc welding.**¥
The random forest algorithm works by creating numerous
decision trees, each trained on a random subset of the
data (known as bootstrapping) and a random selection of
features (referred to as feature bagging).*® Each tree makes
its prediction, and for regression tasks, the result is the
average of all individual tree outputs. Elastic net regression
is a regularized linear regression and a supervised ML
approach. It is a parametric, linear model with Lasso
and ridge regularizations. The primary purpose of elastic
net regression is to enhance model generalization and
address multicollinearity.”” Several studies used elastic
net regression in welding applications to assess quality
in resistance spot welding.*® The main purpose of using
the Bayesian ridge regression is to incorporate prior
distributions and provide uncertainty estimates. It is
categorized as a probabilistic, linear regression, supervised
ML tool.** Welding studies, such as predictive modeling of
weld-bead geometry in wire-arc additive manufacturing,
also employ Bayesian ridge regression.”> Polynomial
regression and robust regression are two supervised ML
techniques used for predictive modeling, but they serve
different purposes. Polynomial regression is a parametric
approach that builds on linear regression by adding
polynomial terms, such as squared or cubed predictors.”
This enables it to capture curved, nonlinear relationships
in the data. On the other hand, robust regression is a type
of linear model built to handle messy datasets—especially
those with outliers or heavy noise.”* Unlike standard
linear regression, it minimizes the impact of irregularities,
making its predictions stable and reliable.

The Bayesian ridge was selected for its ability to
produce probabilistic predictions, thereby enhancing

the interpretability of uncertainty in tensile and thermal
responses. Bayesian ridge provides stable estimates in
the presence of multicollinearity, which can occur when
process parameters (e.g., rotational speed and dwell
time) influence responses in correlated ways. Elastic-
net regression is suitable when only a subset of input
features may strongly influence the output. It can lead to
a better understanding of the influence of FSSW process
parameters on the thermal and tensile behavior output.
Random forest was selected for its ability to model complex
nonlinear interactions among the FSSW parameters. The
statistical basis of polynomial regression makes it an easy
and suitable tool for interpretable nonlinear alternatives
during the FSSW. The kernel functions of support vector
regression (SVR) make it a powerful technique for learning
nonlinear patterns without overfitting during the study
of the FSSW process parameters and output responses.
Robust regression reduces the influence of outliers and
provides reliable predictions during the welding processes.
In this study, Python (v3.15, Python Software Foundation,
Netherlands) with Google Colab was used in EDA and ML
prediction.

2.2. Experimental work

Aluminumalloy AA 6061 specimens of different thicknesses
(1,2, and 3 mm) and constant length and width (100 mm x
25mm) were prepared in lap joint configurations and joined
by FSSW in this study. A cylindrical welding tool with a
diameter of 10 mm and a length of 50 mm was prepared.
The pin was ready as a non-threaded type with lengths of 1,
2, and 3.5 mm, depending on the selected aluminum sheet
thickness, while the diameter was maintained as a constant
(3 mm). The welding tool was made from carbon steel with
a carbon content of up to 1.5%. It was characterized by high
hardness, wear resistance, and thermal stability, making it
efficient at generating heat through friction.

Figure 2 shows the lap joint configuration of the
aluminum alloy specimens. A load cell was used to
measure the normal force exerted by the welding tool on
the specimen surface, with the signal converted to digital
using an analog-to-digital converter (U3-LV, LabJack,
USA). A welding platform was also prepared to securely
hold the specimens. A thermal imaging camera (TC002,
TOPDON, USA), compatible with smartphones, was used
to monitor temperature evolution during and after welding
by tracking temperature loss and decline over time. The
thermal camera has a resolution of 256 x 192 pixels and a
high heat sensitivity of 40 mK. The chemical composition
of the AA 6061 alloys, as measured using a metal analyzer
(SPECTROPORT PXC01, AMETEK, USA), is presented
in Table 2. Table 2 also shows the mechanical properties of
AA 6061 aluminum.

Volume 2 Issue 4 (2025)

40

doi: 10.36922/IJAMD025360032


https://dx.doi.org/10.36922/IJAMD025360032

International Journal of Al for
Materials and Design

ML for FSSW tensile and thermal response

Figure 2. Friction stir spot welding process. (A) Welding arrangements; (B) Welded specimens; (C) Lap-shear tensile test.

Table 2. Characteristics of AA 6061 aluminum

Characteristics Value

Chemical composition (element, %)
Chromium 0.260
Copper 0.340
Magnesium 1.080
Iron 0.660
Silicon 0.550
Manganese 0.110
Titanium 0.160
Zinc 0.223
Aluminum 96.617

Mechanical properties
Hardness (HV) 40
Yield strength (MPa) 276
Tensile strength (MPa) 310

Due to the nonlinearity in predicting the maximum
thermal and tensile responses of the FSSW joint, this topic
remains actively studied. This study was designed to predict
the maximum temperature (°C) and the maximum lap-
shear fracture load (kN) from FSSW process parameters.
The total number of specimens used in this study was
81; every three specimens were examined with the same
input parameters. The parameters involved were sheet
thickness (mm), tool rotational speed (rpm), and dwelling
time (s). The selected input parameter values were based
on previous studies. The average of each of the three

specimens was calculated. Table 3 shows the values of the
welding parameters used, the corresponding maximum
temperatures, and lap-shear fracture loads. The EDA
and ML techniques were then used to maximize output
response for temperature and lap-shear fracture load.

3. Results and discussion
3.1. Evaluation of EDA

This study employed EDA to analyze sets of experimental
results obtained during the FSSW process. Several specific
procedures were followed to ensure the accuracy of the
results. The input parameters were aluminum sheet
thickness, dwelling time, and tool rotational speed. The
primary purpose of using EDA is to provide a deep,
comprehensive understanding of the dataset characteristics
and their relationship with the output variables—maximum
temperature (°C) and lap-shear fracture load (kN).
Histograms were plotted to visualize the distribution of key
input parameters: thickness (mm) (Figure 3), rotational
speed (rpm) (Figure 4), and dwell time (s) (Figure 5). These
visualizations revealed variations in parameter distributions,
highlighting potential areas of skewness or concentration.

Binning is a practical preprocessing method that
simplifies complex data during exploratory analysis.
By grouping raw continuous values into manageable
intervals—or “bins”—this technique reduces noise and
identifies underlying trends.* For the x-axis in Figures 3-5,
binning was used to group the 27 original datasets into
eight intervals, yielding clean, representative bar graphs
that highlighted meaningful patterns.
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Table 3. Friction stir spot welding process parameters and
corresponding output parameters

No. Thickness Rotation Dwelling Max Lap-shear
(mm) speed time (s) temperature fracture
(rpm) (°C) load (kN)
1 1 1,000 3 74 1.23
2 1 1,500 3 102 1.42
3 1 2,000 3 112 1.61
4 1 1,000 6 93 1.33
5 1 1,500 6 139 1.52
6 1 2,000 6 166 1.73
7 1 1,000 9 125 1.55
8 1 1,500 9 147 2.00
9 1 2,000 9 176 2.20
10 2 1,000 3 85 1.20
11 2 1,500 3 115 1.34
12 2 2,000 3 128 1.53
13 2 1,000 6 96 1.65
14 2 1,500 6 133 1.84
15 2 2,000 6 165 2.19
16 2 1,000 9 132 2.26
17 2 1,500 9 153 2.33
18 2 2,000 9 179 2.59
19 3 1,000 3 97 1.51
20 3 1,500 3 126 1.82
21 3 2,000 3 138 2.11
22 3 1,000 6 118 1.84
23 3 1,500 6 148 2.14
24 3 2,000 6 187 2.35
25 3 1,000 9 136 2.13
26 3 1,500 9 180 2.36
27 3 2,000 9 215 2.54

Figure 3 presents the histogram for aluminum sheet
thickness during the FSSW process. The statistics reveal
a standard deviation of approximately 0.832 over the
1-3 mm range, with a median value of 2 mm. The 25%,
50", and 75" percentiles are 1, 2, and 3 mm, respectively,
indicating a reasonably symmetric distribution around
the median. Such a balanced distribution is critical, as it
indicates the dataset is free from significant skewness or
extreme outliers that could otherwise distort the analysis.*

The histogram of aluminum sheet thickness did
not differ significantly from that of tool rotation speed
(Figure 4) and dwelling time (Figure 5), with a symmetric
distribution centered around the mean. The standard
deviations were 392.558 and 2.496 for the tool rotational

speed and the dwelling time, respectively. The 25%, 50", and
75" percentiles of the rotational speeds were 1,000 rpm,
1,500 rpm, and 2,000 rpm, respectively, while those of the
dwelling times were 3 s, 6 s, and 9 s, respectively.

EDA, a crucial component of the FSSW process
analysis in this study, involved generating correlations
between thermal behavior and mechanical behavior maps
to visualize linear relationships between pairs of variables
during the FSSW of the aluminum alloy.

A correlation heat map is typically used to display the
strength and direction of linear relationships between
numerical variables in a dataset. The correlation values
ranged from —1to+1, while O indicates nolinear correlation,
-1 indicates a strong negative correlation (as one variable
increases, the other decreases), and +1 indicates a strong
positive correlation (both variables increase together).
Moreover, the heat map shows a color-coded matrix, in
which darker colors indicate stronger correlations, while
lighter or neutral colors indicate weaker or no correlation.

In FSSW studies, the correlation heat map reveals
how welding parameters, such as thickness, rotational
speed, and dwell time, correlate with output responses,
including maximum temperature and lap-shear fracture
load. Figure 6 shows the heat map of correlations among
the variables in this study. A value of 1.00 indicates perfect
correlation, whereas values close to 0 indicate weak or
no correlation. There are strong links between maximum
temperature and lap-shear fracture load (r = 0.86) and
between dwelling time and lap-shear fracture load
(r = 0.96). At the same time, there is a weak correlation
between thickness and maximum temperature (r = 0.28).

It is crucial to verify the significance of features in
ML algorithms after model training, as it measures the
impact of each variable (feature) on the model’s results,
reveals the contribution of each input to the output values,
and identifies the most influential variables. This study
used feature significance as a linear regression model to
illustrate the impact of friction welding process parameters
(dwell time, sheet thickness, and tool rotation speed) on
the process outputs (maximum temperature and lap-shear
fracture load).

Dwell time demonstrated the highest feature
importance for lap-shear strength, indicating it most
strongly influences weld quality. The feature importance of
dwelling time was 0.28, corresponding to lower values for
sheet thickness (0.19) and tool rotational speed (0.18), as
shown in Figure 7. The most significant impact of dwell
time, as the highest feature importance for lap-shear
strength, might be attributed to greater frictional heating
between the tool and the workpieces. The increase in
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Figure 3. Histogram analysis of the aluminum sheet thickness (mm) during the friction stir spot welding
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Figure 5. Histogram analysis of the dwelling time (s) during the friction stir spot welding

dwelling time extended the time the tool spent rotating
in the weld pool, resulting in greater homogeneity and
mixing between the two aluminum plates during the
FSSW process. This improved mixing and homogeneity
ultimately led to increased shear forces and enhanced
mechanical properties.

Figure 7 reflects the nature of the specimens in FSSW.
The lower the dwell time, the poorer the joint quality,
and thereby the weaker the tensile strength. Conversely,
a longer dwell time resulted in a rigid joint, requiring a
greater force to cause failure and lap fracture, as shown in
Table 4 (tool rotational speed of 1,500 rpm and aluminum
sheet thickness of 3 mm).

Tool rotational speed had the largest influence on
maximum temperature, with a feature importance of
22.72. However, dwell time did not significantly affect
the maximum temperature, with a feature importance of
21.13, slightly lower than that of tool rotation speed. The
effect of aluminum sheet thickness was small, accounting
for approximately 48% of the total effect, compared to the
effects of rotation speed and dwell time, with a feature
importance of 9.57, as shown in Figure 8.

The thermal imaging temperature readings confirm the
EDA results. Under constant-sheet-thickness aluminum
samples (2 mm) and a constant dwelling time (6 s), the
controlled increase in rotational speed from 1,000 to
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Figure 6. Correlation heatmap for the input and output parameters during the friction stir spot welding
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Figure 7. Feature importance analysis of the friction stir spot welding
process parameters on the lap-shear fracture load

2,000 rpm, with a 500 rpm step, led to nonlinear behavior
in the generated temperature of 96°C, 133°C, and 165°C,
respectively, as shown in Figure 9. The increase in
temperature can be attributed to increased frictional heat
generation and the intensification of plastic deformation as
the rotational speed increases.

3.2. Effectiveness of ML predictions

This study examined and compared several ML algorithms.
Random forest, elastic net, Bayesian ridge, polynomial

Rotational speed (rpm

Dwelling time (s)

Feature

Thickness (mm)

15.0 20.0 25.0

Importance

l0.0 5.‘0 10.0

Figure 8. Feature importance analysis of the friction stir spot welding
process parameters on maximum temperature

regression, and robust regression were used to predict
thermal behavior (maximum temperature) and the
mechanical behavior (lap-shear fracture load) during the
FSSW process. Mean squared error (MSE), mean absolute
error (MAE), and coefficient of determination (R?) were
used to evaluate the ML models. MSE measures the average
squared prediction error; lower values indicate that the
predictions are closer to the actual values. Moreover, it
penalizes larger errors heavily, making it useful when large
deviations in the FSSW process are undesirable. MAE is
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Figure 9. Effect of rotational speed on the maximum temperature in the friction stir spot welding process at a dwelling time of 6 sec and a sheet thickness

of 2 mm. (A) 1,000 rpm; (B) 1,500 rpm; (C) 2,000 rpm.

Table 4. Effect of dwelling time of lap-shear fracture in friction stir spot welding at 1,500 rpm and 3 mm thickness

Dwelling time (s) Lap-shear fracture load (kN)

Joint after FSSW

Joint after fracture

3 1.82
6 2.14
9 2.36

Abbreviations: FSSW: Friction stir spot welding.

the average of the absolute differences between predictions
and actual values during the FSSW process; lower MAE
values indicate higher average prediction accuracy. The
coefficient of determination (R?) is an indicator of how
well the independent variables explain the variance in
the dependent variable during the experimental process.
Their values ranged from 0 to 1, depending on the model
that provided the better fit. The following subsections will

examine the accuracy of the ML algorithms based on the
obtained values of MSE, MAE, and R%.

3.2.1. Evaluation of ML models in predicting thermal
behavior

The total number of FSSW parameter sets examined in
this section is 27. All selected ML models (random forest
algorithm, elastic net regression, Bayesian ridge regression,
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SVR, polynomial regression, and robust regression) were
evaluated using MSE, MAE, and R”. This step is essential for
both linear and nonlinear regression algorithms to compare
the efficacy of ML models. Figure 10 shows significantly
lower MSE values for all ML models, except SVR,
indicating suitable performance across all algorithms. The
high MSE in SVR compared to other models suggests poor
performance in predicting maximum temperatures. This
ineffective behavior of the SVR may be due to the applied
SVR kernel struggling to capture complex, nonlinear
relationships between input features (like thickness, speed,
and dwell time) and the corresponding temperature.
Moreover, in numerous engineering applications, SVR
can be data-sensitive, leading to poor generalization and
higher errors.*

The random forest algorithm demonstrated superior
performance (MSE = 26.51) in predicting maximum
temperature due to its ability to model complex
relationships, such as those in the FSSW process, between
FSSW process parameters and output responses. Moreover,
random forest is robust to outliers and noise, which are
often present in experimental welding datasets.

Figure 11 shows the MAE values of various ML methods
applied to temperature prediction during the FSSW
process. A notable observation is the strong alignment
between the MSE and MAE results. Although these two
metrics differ in how they mathematically penalize errors
and handle outliers, their parallel behavior here confirms
that they provide a consistent assessment of the models’
prediction accuracy. Notably, the experimental data were
collected under the supervision of highly experienced
FSSW personnel, resulting in very few, if any, outliers.
This approach led to greater prediction stability for all ML
approaches used in this study.

Figure 12 displays the R? values of various regression
models. Models such as the random forest algorithm, elastic
net regression, Bayesian ridge regression, polynomial
regression, and robust regression algorithm achieved high
R? values, indicating that they explained a large portion
of the variance in the data and thus demonstrated better
predictive power. In contrast, the SVR exhibited low R’
values, suggesting poor performance in explaining the
data’s variance. The comparative analysis of the models
using MSE, MAE, and R? scores highlights several key
findings. The random forest algorithm model stands out
with the lowest MSE (26.51) and MAE (3.86), along with
the highest R? score (0.97), demonstrating exceptional
prediction accuracy and a strong fit to the data.

The polynomial regression model also exhibited robust
performance with low MSE (51.63) and MAE (6.26), and
a high R? score (0.95). Similarly, Bayesian ridge regression

26.51 Random forest

51.63  Polynomial regression

75.87 Bayesian ridge

Model

Robust regression

214.42 Elastic net

S‘?ﬂ] 928

200 400 600

Mean squared error (MSE)

800

Figure 10. Evaluation of machine learning algorithms in maximum
temperature prediction using mean squared error during the friction stir
spot welding process

Abbreviation: SVR: Support vector regression.
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Figure 11. Evaluation of machine learning algorithms in maximum
temperature prediction using mean absolute error during the friction stir
spot welding process

Abbreviation: SVR: Support vector regression.
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Figure 12. Evaluation of machine learning algorithms in maximum
temperature prediction using R’ during the friction stir spot welding
process

Abbreviation: SVR: Support vector regression.

demonstrated remarkably low MSE (75.87), low MAE
(7.19), and a high R? score (0.93), indicating its effectiveness.

On the other hand, with high MSE (928.44), MAE
(24.09), and a low R? score (0.11), SVR performs poorly,
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indicating that it is the least appropriate model without
additional adjustment. Except for the elastic net, which
yielded an R’ of 0.7, other models exhibited strong R’
values, making them suitable for temperature prediction.
For applications requiring high predictive precision,
the random forest, robust regression, polynomial
regression, and Bayesian ridge regression models are
recommended.

This study reports poor/good SVR responses in thermal
and tensile performance, respectively. Temperature is
monitored in real time using an infrared thermometer and
thermal camera throughout the welding process. Due to the
high nonlinearity of the friction temperature at the interface
between the pin and the shoulder bottom, which are in
contact with the aluminum alloy specimens, it is difficult to
control the temperature and to tune the model or use SVR
kernels to capture it effectively. The poor performance of
SVR relative to other ML models in thermal applications,
such as welding, has been well documented in previous
studies.” Careful specimen preparation and controlled
testing conditions likely reduced experimental variability,
which may have improved model performance for tensile
outcomes. The mechanical properties exhibited consistent,
stable relationships with the input features, making them
amenable to SVR modeling with the chosen parameters.
Therefore, the SVR performed better in predicting
mechanical properties than thermal behavior. This better
SVR performance related to other ML techniques was also
noticed in previous studies.*

3.2.2. Evaluation of ML models in predicting
mechanical behavior

The total number of FSSW parameter sets examined in this
section is 27. The previously mentioned models were also
used to study and predict the mechanical properties of the
weld joint and to compare them based on MSE, MAE, and
R The elastic net model yielded an MSE of 0.16, indicating
poor model performance in this process. In contrast, the
random forest, SVR, Bayesian ridge, and polynomial
regression models exhibited favorable performance, with
MSE values below 0.02, as shown in Figure 13. In contrast,
Figure 14 compares the ML algorithms based on the MAE
for predicting the maximum lap-shear fracture load. The
lowest MAE values were observed with the random forest,
SVR, and robust regression algorithms, at 0.07, 0.08, and
0.09, respectively. On the other hand, the elastic net model
yielded a high value of 0.3, indicating poor performance in
predicting the tensile performance of the FSSW weld joint,
as indicated by the MAE.

Figure 15 displays the R? values as a bar chart of various
regression models for the prediction of maximum lap-
shear fracture load. Models such as the random forest
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0.008

SVR
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Polynomial regression

Robust regression

Elastic net

]046

0.16

0.06 0.08 0.10 0.12

Mean squared error (MSE)

0.64 0.14
Figure 13. Evaluation of machine learning algorithms in predicting
maximum lap-shear fracture load of weld joint using mean squared error
during the friction stir spot welding process

Abbreviation: SVR: Support vector regression.

Random forest

SVR

Robust regression

Model

Polynomial regression

Bayesian ridge

Elastic net ]0436

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Mean absolute error (MAE)

Figure 14. Evaluation of machine learning algorithms in predicting
the maximum lap-shear fracture load of the weld joint using the mean
absolute value during the friction stir spot welding process

Abbreviation: SVR: Support vector regression.

Random forest

Bayesian ridge

Model

Polynomial regression

Robust regression

0.00 Elastic net

0.00 0.2 0.4 0.6 0.8 1.0
R2

Figure 15. Evaluation of machine learning algorithms in predicting the
maximum lap-shear fracture load of the weld joint using the coefficient of
determination (R?) during the friction stir spot welding process
Abbreviation: SVR: Support vector regression.

algorithm, elastic net regression, Bayesian ridge regression,
polynomial regression, and robust regression algorithm
achieve high R? values. All models recorded excellent
performance in predicting the mechanical properties of
the weld joint with R* values approaching 0.9, except for
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the elastic net regression model, which showed inaccuracy
and poor performance of R? = 0.

Based on the evaluation and comparison of models, R?,
MAE, and MSE, the elastic net regression model showed
the weakest performance in terms of predicting the
mechanical performance of the weld joint, as it recorded
the lowest value for R* = 0, MAE = 0.36, and MSE = 0.16.

4, Conclusion

The major research question in this study concerns the
feasibility of using EDA and ML approaches to determine
the optimal thermal and tensile performances of aluminum
joints welded using FSSW. The main challenge focuses on
modeling the nonlinear behavior of the FSSW process
outputs. The key findings that can be concluded from this
study are as follows:

(i) Inthe FSSW process, there is no single model that can

be relied upon for evaluation and prediction to suit all

objectives, as the outcome depends on the variables
of the welding process. In general, high-flexibility
algorithms, such as the random forest algorithm
and polynomial regression, have proven effective
for predicting welding process outputs because they
handle nonlinear relationships. The SVR model

did not yield satisfactory results in determining the

optimal thermal or mechanical performance of FSSW

within the specified welding parameters. In contrast,

Bayesian ridge regression, while not performing as

well as the random forest algorithm, is considered

satisfactory and can be recommended.

ML models are suitable tools to determine input

variables. The dwelling time may have the highest

significance (0.28) for the lap-shear fracture load,
indicating that it significantly affects weld quality.

In contrast, the tool rotation speed had the greatest

impact on the maximum temperature, with a feature

importance of 22.72.

(iii) The evaluation of ML models using MSE, MAE, and R?
is essential for comparing the ML algorithms that can
be used to predict thermal and tensile performance of
the FSSW process.

(ii)

The application of EDA—limited in this study to
determining relationships among welding process variables
for algorithm selection—together with ML techniques
provided valuable insights into the thermal and mechanical
behavior of the resulting joints. These results suggest that
the proposed approach may serve as an effective analytical
framework for complex solid-state welding processes,
including repetitive friction-flip welding and double
friction-flip welding. For future studies, ML techniques
may be combined with X-ray diffraction images to classify

joint defects and to accurately investigate metallic effects in
friction-flip weld joints.
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Abstract

This study explores artificial intelligence (Al)-mediated participatory design
integrating biomaterials and digital fabrication to co-create speculative artifacts
grounded in lived experiences. The present study involves experimentation with
biomaterials, exploring the intersection of image-based generative Al, participatory,
and co-creative methodologies within a design framework that reimagines lived
experiences shaped by identity-based exclusionary processes. Rather than pursuing
Al-driven discovery of new materials, this study positions design as a mediating process
among human experience, critical reflection, biomaterial exploration, and digital
fabrication. The research introduces a three-stage workflow (co-creation, fabrication,
and materialization) that employs Al as a mediating tool between subjective
narratives and tangible speculative artifacts. During the co-creation stage, participants
shared their personal experiences through open-ended surveys, text-to-image
generative Al visualization, and algorithmic three-dimensional (3D) modeling. This
process enabled participants to speculatively reimagine lived experiences of social
exclusion, demonstrating how Al can support new modes of participatory and social
engagement. During the fabrication stage, digital models were translated into physical
counter-molds through 3D printing and subsequently cast in silicon, reaffirming the
reciprocal relationship between digital and craft-based production. The materialization
stage explored biomaterial compositions informed by participants’ narratives
and materialities, incorporating hair, wood ash, and plastic waste into biomaterial
compositions grounded in circular economy principles. The resulting artifacts function
as speculative objects that incite interpretation beyond fixed symbolic representation.
This study contributes to ongoing discussions in digital fabrication, material design,and
critical craft by demonstrating how Al-mediated participatory co-creation can foster
ethically conscious, socially engaged, and materially grounded design practices. Future
work may extend this approach to larger collective settings and further explore the
integration of biomaterials and Al within ecological and inclusive design frameworks.

Keywords: Artificial intelligence; Biomaterials; Co-creative design; Participatory design;
Three-dimensional printing; Artifact-based design research
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1. Introduction

The increasing role of artificial intelligence (AI) in data
management and community interaction is shaping
practice-based applications in material exploration
and design, broadening opportunities for developing
artifacts at the intersection of craft, digital fabrication,
and material agency. While materials science
research frequently focuses on Al-powered discovery,
optimization, and prediction, design may extend that
to esthetic exploration, analysis of experience, and
contextual meaning.

Al has increasingly been used to support both the
prediction of material behavior and the optimization of
processing methods in material development. Yet, these
advances often prioritize functional performance while
overlooking the exploratory and embodied engagement
with materials, which is central to craft and design
practices and addresses issues of meaning-making and
social context. When undertaken with participatory and
co-creative design methods, generative AI can unlock new
opportunities for agency, transparency, and meaning in
human-machine collaboration.

Emerging research indicates that generative systems
enhance craft by mediating gesture-driven fabrication,
supporting speculative practice, and enabling participants
to actively co-create. Within this setting, generative Al
tools help mediate relationships among participants, tools,
materials, and artifacts, transforming the digital-craft
interface into a speculative space where lived experience,
biomaterial engagement, and digital fabrication blend to
create new material meanings.

This study uses a three-stage workflow of co-creation,
fabrication, and materialization to bridge design gaps
involving participatory/co-creative methods, generative
AT tools, biomaterials or craft processes, and meaning
derived from lived experience. By engaging participants
in a co-creative process mediated by generative Al,
which explores biomaterials and digital fabrication,
this study introduces, as a novelty, the creation of three
artifacts that reflect participants’ agency over their lived
experiences as a unique way of expressing subjective
meaning. This study contributes to interdisciplinary
debates on digital fabrication, craft, AI, and design
by foregrounding participation, material agency, and
subjectivity at a time when technological progress often
outpaces attention to human experience and social justice.
It argues for reconnecting design technologies with lived
narratives, critical reflection, and speculative imagination,
underscoring the continued value of these dimensions
amid rapid technological change.

1.1. State of the art

The intersection of Al, data management, and community
interaction has increasingly converged into practice-
based applications,’ such as in material exploration and
design practice, thereby opening new possibilities for the
conception and production of artifacts at the threshold of
craft, digital fabrication, and material agency.

While most materials science literature highlights
Al-driven discovery of new materials, task optimization,
and faster prediction, many design-focused approaches
emphasize  different aims (esthetic  exploration,
experience, and situated meaning) than purely functional
optimization.? This study contributes to the latter aspect by
exploring the mediation of subjective lived experience and
speculative materialization through a process combining
biomaterial exploration, participatory/co-creative design,
and generative Al tools.

In materials science, Al and machine learning are
widely used to predict relationships between structure and
properties and to optimize processing methods, thereby
enhancing the development of new materials. These
technological advances indicate significant changes in how
material systems are understood and conceived,** shifting
from trial-and-error methods to data-driven, algorithm-
supported processes.’ Although these advances are
important, they often focus on functional improvement
and tend to overlook the more contextual and exploratory
interactions with materials through craft and design-led
methods. In research related to design and craft, digital
technology has been demonstrated to change how creators
interact with materials and tools, where digital tools risk
disconnecting the hand from the craft process, thereby
challenging traditional human-material-tool dynamics.®

At the same time, participatory and co-creative
design approaches emphasize involving users, especially
marginalized ones in the context of this study, in the
design process, granting them agency and voice in
shaping outcomes.” When these approaches are combined
with generative Al tools, new possibilities and tensions
emerge: participants may engage with generative systems,
interact with Al-driven suggestions or visualizations, and
thereby become co-creators and active agents, rather than
passive recipients of design outcomes. Research on Al
and participatory design highlights the need to attend to
power, agency, transparency, and meaning in the human-
machine collaboration.® Within the fields of craft and
digital fabrication, recent work has examined how AI and
generative tools can support craft practices rather than
replace them, for example, by enabling new forms of gesture-
driven digital fabrication or by integrating AI-augmented
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workflows into human-machine collaborative processes.”'
This highlights AI as a tool of mediation and collaboration
for technology-driven processes within craft practice"
rather than an autonomous creator. This also emphasizes
Al as a potential tool for encouraging reflection, critical
thinking, and speculative imaginaries, especially when
technology is employed as a generative tool for learning or
co-creative and participatory processes.'>"?

While much of the Al-materials literature focuses on
high performance, particularly for functional biomaterials
used in medicine,* craft- and design-led practices often
take a more exploratory approach, engaging with material
affordances, identity, subjectivity, and the politics of
material form. By working with biomaterials, the designer
or maker may encourage a more contextually grounded
exploration of materials that resist purely techno-functional
instrumentalization. In this context, the use of generative
Al tools in design aids to mediate the relationships among
participants, tools, materials, and artifacts. The digital-
craft interface becomes a site of speculative meaning-
making, where generative AI supports the exploration of
form, structure, and fabrication possibilities. Participants
bring their lived experiential knowledge (especially
within identity-based exclusionary contexts), and the
materialization through digital fabrication and biomaterial
engagement anchors the artifact in the tangible world.

Although there is a growing body of work on AI-driven
materials discovery and separate research on participatory
or co-creative design with digital tools, this study advances
relatively few studies that combine: (i) participatory/
co-creative design methods, (ii) generative AI tools as
mediators of form exploration, (iii) biomaterial or craft-
oriented fabrication processes, and (iv) the agency of
participants bringing identity-based lived experience.
This research gap is addressed in this study by engaging
participants in a co-creative process mediated by generative
Al, which explores biomaterials, digital fabrication, and
craft-inspired engagement to materialize artifacts that
reflect their subjective ownership and lived experience.
Rather than generating novel material for performance-
driven design, the participatory and co-creative outcomes
explore esthetic experimentation with biomaterials
as a unique way of expressing subjective meaning. In
particular, this paper emphasizes how generative Al can
enable non-designer participants to engage materially and
experientially with design processes and fabrication, rather
than leaving it exclusively to design or engineering experts.

1.2. Project-based academic context

This approach was undertaken as part of a practical design
project within a master’s thesis in the Product and Industrial
Design course at the University of Porto, Portugal, between

2023 and 2024. This Master’s program fosters a project-
based learning environment,””? in which students are
encouraged to work on real design problems, prototype
their ideas, and critically analyze their creative processes.
The program is primarily grounded in multidisciplinary
collaboration across academic institutions, jointly
managed by the Faculty of Fine Arts and the Faculty of
Engineering at the University of Porto. This convergence
between design and engineering education fosters a
strong connection with industry, leading to partnerships
between the Master’s course program and local industrial
firms, enabling students to work on real briefs, constraints,
and opportunities. The program also features a research-
oriented approach, including a dedicated teaching unit
on research methodology and the option for a scientific
research dissertation or project.

2. Methodology

Withinthisbackgroundandproject-basedacademiccontext,
the practical development of this project, described in the
following sections, adopted a methodological approach
comprising human-AI collaboration®" that undertakes
participation and co-creation methods to actively engage
participants in the design process*?* and grant them
interactive agency over design decisions,”? respectively.
Contributing to the expansion of the intersection between
participatory and co-creative design approaches,® this
methodology was undertaken with three individuals
whose subject experiences were consistently shaped by
identity-based exclusionary processes (i.e., racialization,
LGBT-phobia and transphobia, misogyny, xenophobia,
and ableism, among others). For ethical reasons, the
identities of the participants, who willingly agreed to
respond to the survey, were anonymized. The objective of
this study is to enable participants to express creative and
subjective agency of their lived experiences by reimagining
them through the materialization of a design artifact
conceptualized with generative Al tools and produced
through digital fabrication techniques.

During the co-creation phase, participants had full
decision-making agency regarding the narrative elements
included in their narratives, as well as the selection of
images derived from them. In the participatory phases
(including material base definition, material experiments,
and artifact production), they actively engaged in design
decisions that ultimately influenced the final outcome. This
blend of co-creative and participatory phases enabled the
focus on the participants’ creative and decision-making
agency while maintaining the realization of technical
aspects of the design process (such as Al prompts and
image generation, merging of images, conversion of two-
dimensional files to 3D, and the 3D printing of both
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counter-molds and final molds) for the designer. This
design process was undertaken in three stages: co-creation,
digital fabrication, and materialization (Figure 1).

2.1. Co-creation

The objective of this stage was to design a 3D digital
object based on each participant’s interpretation of a
lived experience relating to social exclusion. To this end,
a co-creation methodology was developed (Figure 2),
comprising three subsequent processes.

2.1.1. Memory to text: Data collection and surveys

The participants were asked to complete an open-ended
survey centered on their social context and a significant
object from their lived experience of discrimination, which
they were invited to share. The aim was to collect words,
expressions, and nuances of meaning that could help
qualify the participants’ experiential accounts in response
to three questions. Question one referred to the object

Narrative

Al prompt & image

Image selection

Image

Digital-p!

Counter-molding and molding

Base

Material experi
Production

O©CONOOOOGO S WN=

. Participant
. Designer
@ son

Figure 1. Map of the design process comprising methodological stages of
co-creation, digital fabrication, and materialization
Abbreviation: AlI: Artificial intelligence.

Digital
fabrication

Materialization

Co-creation

>
2 :
o (] £
5 % 3
= = £ v
o (2] ©
Data Al 3D Modeling
Open-ended Midjourney Rhino
surveys Grasshopper

Figure 2. Methodology of the co-creation process
Abbreviations: 3D: Three-dimensional; AI: Artificial intelligence.

that was most relevant to the shared memory, requiring
participants to disclose its main features or qualities
and explain how that object could be used to address an
experience of discrimination. Question two explored the
context in which the discrimination experience took place,
asking participants to describe the physical environment,
the inner feelings caused by the aggressor, and their
feelings toward the aggressor. The final question focused
on the materiality of the experience, asking participants to
identify the type of waste that was most relevant in such
a context. The survey was also structured in a way that
the output responses’ syntactic morphology would relate
to the typical syntax of a text-to-image generative Al art
prompt.” Following the conventional order of subject,
verb, and predicate, this prompt structure loosely framed
the data collected from each participants narrative. The
data provided by participants are summarized in Table 1.

2.1.2. Text to image: Meaning beyond representation

After collecting and organizing data on each participant’s
experience, a series of prompts was created to visually
translate these experiential narratives. This was
undertaken in the Midjourney text-to-image generative
AT model (version 5), which also allows for specifying a
representational style as input data. In this case, however,
such stylistic specification was intentionally excluded to
avoid visually biasing the graphical results. In addition,
Midjourney also allows for the insertion of descriptive
prompt modifiers, such as “4K” or “16K) to simulate
high fidelity or fine detail, as well as the customization
of parameters, such as “--v” for version control, “--ar”
for aspect ratio, and “—s,” where “s” stands for lower and
higher values to control how faithful to the prompt the Al
tool will process the information. For each participant’s
narrative, the prompt was iteratively modified. The
following example shows one of these prompt iterations:
“A black transgender sentient, delicate being feeling rage,
anger, shame, repulsion, and abjection when destroying a
burning wooden pulpit, 8K --v 5 --ar 9:16 --s 100

The objective of using Al in this creative exploration
was to leverage the generative potential of AI techniques
and tools, understood here in the Heideggerian sense of
technology.***" This concept originates from the field of
philosophy, critiquing the common and current use of
technology as framed by a modern mindset of resource
optimization and control. When not enframed, technology
may act as a form of poetic bringing-forth or an art-like
revelation that cooperates with the world by uncovering
processes and meanings beyond utility.

(a) Image creation and selection
A comprehensive set of images was produced for each
experience, after which participants were requested
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to select the images that most accurately represented
their own narrative, as illustrated by Figures 3-5.
The number of images was a variable parameter,
and its resulting numeric value depended on each
participant’s personal decision.

Image merging

The image merging stage was designed to, on one
hand, integrate each set into a single composite
abstract image, and on the other hand, to minimize
any representational characteristics that might suggest
a fixed meaning, thereby moving away from symbolic
signification. To achieve this, the Photomerge technique
in Adobe Photoshop version 14 was applied to integrate
overlapping regions across the images. Figure 6 displays
the process of merging the images for each participant,
where similar features among images within each set are
identified and seamlessly joined. This process resulted
in three composite images, as shown in Figure 7.

(b)

2.1.3. Image to geometry: Digital conversion

Once the images from each set were merged, the next
step involved assigning them a third dimension. This

Table 1. Summary of participants’ data collected in surveys

two-dimensional-to-3D conversion was performed in
Rhinoceros version 7 using algorithmic modeling with
the Grasshopper 3D plug-in (version 1.0.007), employing
a simple algorithmic definition, that is, a visual script
made from connecting parameters and components
(patches of code) to generate and manipulate geometry
parametrically without traditional code scripting
(Figure 8).First, the algorithmic definition was used to
define an 800 x 450 mm? mesh, of which normal vectors
were extracted for each patch. The normal vector’s
amplitude of each patch was equated to the merged
images from the participants using the “Image Sampler”
component. This component is capable of identifying
color or brightness values from any given image and
applying them to control design parameters. Given the
mesh size and subdivision, the vector’s amplitude was
mapped to the corresponding brightness-scale control
values of each image to define the final mesh topology
across different displacement heights. With displacement
intervals of 50 mm within a domain of 50 to 350 mm,
and a maximum height of 30 mm, brightness values
of 0 produced minimal Z-displacement (50 mm),

Parameters Predicate
Verb Object Object’s features Social context Emotional response
Participant A Release/loosen Hair Curly and coiled Racism on a school bus route Confusion, rage, hatred, revolt
Participant B Burn Pulpit Tall, aggressive, Transphobia at a Pentecostal Shame, humiliation, dishonor, smallness,
dark, and slender Evangelical Church anger, rage, disgust, repulsion
Participant C Crush and Plastic Rigid Xenophobia in a supermarket Inferiority, rejection, exclusion, injustice,
discard bag displeasure, sadness

Figure 3. Participant A. Each panel of the figure shows a generated iteration output that was selected by the participant as the most representative of their

experience.
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Figure 4. Participant B. Each panel of the figure shows a generated iteration output that was selected by the participant as the most representative of their
experience.

Figure 5. Participant C. Each panel of the figure shows a generated iteration output that was selected by the participant as the most representative of their
experience.

whereas values of 100 produced maximum displacement each input image (Figure 9). From this process, three
(350 mm). This process generated a mesh morphology digital artifacts were obtained, each corresponding to the
whose geometric topography directly corresponded to narrative of a participant, as shown in Figure 10.
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Figure 6. Merging images for each participant’s selected images, accounting for overlapping regions. Images of (A) participant A, (B) participant B, and

(C) participant C.

2.2. Digital fabrication

The production workflow comprised two main stages.
In the fabrication stage, counter-molds were produced
through 3D printing, from which silicon molds were
created to enable an easier extraction of the final pieces. In
the materialization stage, materials were selected, binding
compositions were tested and refined, and the three
narratives were ultimately materialized as artifacts. The
production strategy is illustrated in Figure 11.

2.2.1. Mold fabrication

Once the 3D files of the artifacts were acquired, the next
step involved creating molds to facilitate materialization.

The counter-molds were produced considering
the maximum build volume of the Prusa i3 MK3S+
printer (Czech Republic) (250 x 210 x 210 mm) at the
Product and Service Development Laboratory, Faculty
of Engineering, University of Porto. Each digital artifact
was segmented into 12 parts (200 x 150 x 30 mm each)
(Figure 12) and converted into.STL files for 3D printing
using the Prusa Slicer software (version 2.8.1) (Figure 13).
The 3D printing process was conducted in a polylactic
acid thermoplastic polymer widely used in 3D printing.*
A 1.75 mm red filament (Tucab, Portugal) was used; the
filament color was selected for practical reasons and did
not influence the results. The other parameters were a
layer height of 0.15 mm, an extrusion temperature of
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Figure 8. Algorithmic definition for three-dimensional image conversion

approximately 210°C, a print speed of 60 mm/s, and an
infill 0f 20%. These parameters were selected according to a
performance criterion that balanced low weight, adequate
resolution, and reduced fabrication time. Figure 14 shows
the 3D printing of each of the 12 parts comprising one
artifact.

For the production of the silicon molds, each set of
12 counter-mold parts was arranged on a wooden base
measuring 1,030 x 680 x 25 mm, fitted within a frame
of 1,080 x 730 x 45 mm to contain the silicon. Following
the sequence defined in the design, each module was
bonded to the base and to adjacent parts using a drop of
cyanoacrylate, a fast-acting adhesive. To cover the counter-
molds, an adequate amount of XIAMETER® RTV-4234-T4
(Dow Silicones Corporation, USA) industrial silicon was
mechanically mixed and degassed in a vacuum chamber

Figure 9. Outcome of the Image Sampler component applied to mesh (Protoclick, Portugal)* with a catalyst before being poured
deformation over the assembly (Figure 15).**
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Figure 10. Outcome of three-dimensional mesh deformation. Outcomes of (A) participant A, (B) participant B, and (C) participant C

Fabrication Materialization

Counter-mold

Material
Artifact

N ANAAL

3D printing  Formation Material Scaling up
inPLA  of industrial experimentation of selected
silicon and testing of ~ material
components composition

Figure 11. Methodology of the fabrication process
Abbreviations: 3D: Three-dimensional; PLA: Polylactic acid.

Figure 12. Segmentation of the digital model. (A) The full digital model
before segmentation. (B) The same digital model segmented into 12 parts.

Figure 16 illustrates the silicon mold after it has dried
and been removed from the wooden base. Each mold had
an approximate weight of 13 kg.

2.3. Materialization

The materialization of the artifacts involved the
preliminary development of biomaterials whose primary
constituents were directly related to the materials of each
object identified in the participant interviews. Following
the co-creative agency of the methodology undertaken,
the criteria for selecting these materials were left to the
participants, guided by the final survey question about
materiality. They were hair strands, wood ash, and plastic
bags, as summarized in Table 1. Drawing on principles
from emerging material disciplines, such as biodesign,
biomaterials, and design for a circular economy, preliminary
studies were conducted to develop biomaterial pastes with
varying compositions, building on prior work. Following the
material design guidelines explored in the Master’s program
on Industrial and Product Design at the University of Porto,
which focused on waste materials for the circular economy,'®
the materialization process of the artifacts discussed
in this paper was inspired by a preceding biomaterial
experimentation. The methodological development
of such experimentation assessed a wide range of base
materials (such as used coffee grounds, vegetable peels, and
eggshells), leading to the development of a circular tote bag
made from garlic husks.* Characterization and evaluation
of the biomaterial pastes enabled the development of
a versatile composition capable of incorporating the
three specified materials while meeting criteria such as
dimensional stability, resistance to mildew, and resistance
to mechanical impact. Each composition was poured into
the corresponding mold, thereby assuming the 3D form
equivalent to the previously conceived virtual image.

2.3.1. Biomaterial experiments

To develop a single composition capable of binding all the
materials used, experimentation began with wood ashes,
which were readily available during the development of
the experiences. Drawing on compositions sourced from
platforms such as Materiom and the Rhode Island School of
Design Nature Lab, and scientific dissemination platforms
including ResearchGate and MDPI, Composition 1
(Table 2) was prepared using plastic molds measuring
230 x 140 x 30 mm, greased with petroleum jelly to
facilitate demolding.
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Figure 13. Preparation of the three-dimensional printing process of each counter-mold using the Prusa Slicer software

Table 2. Substances used in making the compositions

Composition Substance Amount
Composition 1 Water 300 mL
Sodium alginate 45¢
Wood ashes 60g
Glycerin 6 mL
Gelatin 15¢
Composition 2 Water 150 mL
Sodium bicarbonate 4g
Sugar 8g
Wood ashes 60g
Gelatin 60g
Composition 3 Water 100 mL
Glycerin 12mL
Sodium bicarbonate 4g
Wood ashes 120 g
Gelatin 30¢g

The liquid substances were combined in a container,
while the solid substances were aggregated in a separate
one. Both were then combined, without fusing, using heat,
and poured into a single container to be air-dried. Figure 17
displays the result of the experiment using Composition 1,
where the material’s fragility and prolonged drying time
rendered it unsuitable for the project.

Composition 2 was also inspired by the sources cited
above and developed accordingly (Table 2). The preparation
process followed the same procedure as before, in which
liquid and solid substances were combined separately
before mixing. However, in this and the subsequent
compositions, heat fusion was applied using a FLAMA
(Portugal) 8170FL gas stove for 270 s at an approximate

power of 6,800 W. Figure 18 presents the result of the
experiment using Composition 2. The material was
considered unsuitable for large-scale applications due to
its dimensional and shape instability.

The third test composition differs from the previous
one by omitting sugar and by adjusting the quantities of the
other binding agents (Table 2). Figure 19 shows the result
of Composition 3. The resulting material demonstrated
relative dimensional stability, mechanical and mold
resistance, reduced drying time, and ease of demolding,
making it suitable for replication with the other substances
identified in Table 1, “object” column. It is also relevant
to highlight the role of each component: gelatin as a
thickening agent, cornstarch as a material commonly used
in the production of gums and bioplastics, glycerin as a
plasticizer, and sodium bicarbonate as a fungicidal agent.
Accordingly, Composition 3 was used in the following
experiments, considering  substance  replacement.
Therefore, the following experiment replaced wood ashes
with an equivalent amount of shredded plastic bags, while
the subsequent experiment utilized hair as the primary
substance. Respectively, Figures 20 and 21 present the results
of an experiment that exhibited consistent characteristics
when compared to the preceding experiment, undertaken
with wood ashes.

This multivalent composition, adaptable across different
materials, was therefore deemed suitable for large-scale
application in the materialization of the artifacts. Table 3
offers a summary of the experiments conducted until
arriving at the multivalent formula.

2.3.2. Biomaterial to artifact

Scaling the composition was necessary to achieve an
adequate volume for producing the final artifacts. This
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Figure 14. Set of 12 counter-mold parts produced through three-dimensional printing being poured over the assembly (Figure 15).**

was carried out in direct proportion to the volume of the
artifacts, with quantities calculated in the Rhinoceros 3D
modeling software (version 7). Using the amount of water
as the reference parameter for scale-up, the volume of each
artifact was set at approximately 2,000 mL, corresponding
to a 20-fold increase in compositional scale. Table 4 shows
the formulation.

Following this scaling procedure, the three artifacts
were produced by casting the pastes into the molds,
allowing them to cure for 12 h before demolding.

3. Results and discussion

Figure 22 presents the results of the materialization of
narratives from participants A, B, and C into design artifacts.
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Figure 15. Silicon mold production. (A) The positioning of artifact
components on a wooden base. (B) The industrial silicon pouring process

Figure 16. Prepared silicon molds ready for use

Figure 17. Experiment using composition 1

The artifacts developed in the presented project
aim to evoke viewers own modes of perception of the
artworks co-created with the participants through the
semiotic potential of the intersection of material, form,
and image in a de-representative esthetics. In doing so,

Figure 18. Experiment using composition 2

Figure 19. Experiment using composition 3

Figure 21. Experiment using hair in composition 3

they avoid symbolic signification or the fixed meanings
of signs imposed by established representational systems.
The artifacts thus propose, at least from a philosophical
standpoint, a poetic provocation to symbolic signification
in the loss of fixed meaning within the subject-object
domain. This is achieved by evoking a form of affect that is
unconditioned by the established sets of symbols familiar
to our common form of world perception.**” Within
this process, combined with biomaterial exploration
and participatory co-creative methodologies, Al is not
intended to be employed as an instrumental tool, but
rather as a mode of revealing something, in line with a
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Figure 22. Biomaterial design artifacts. Outcomes of (A) participant A, (B) participant B, and (C) participant C

Table 3. Summary of biomaterial experiences until arriving
at the multivalent formula

Substances Composition
1 2 3

Base substance

Wood ashes, shredded plastic

bags, or hair
Base solvent

Water (mL) 300 150 100
Thickener agents

Sodium alginate (g) 45 - -

Gelatin (g) 15 60 30

Cornstarch (g) - 30 15

Sugar (g) - 8 -
Plasticizer

Glycerin (mL) 6 - 12
Antifungal agent

Sodium bicarbonate (g) - 4 4

Table 4. Scaled composition of composition 3

Substance Amount
Water 2,000 mL
Base substance 2,400 g
Glycerin 240 mL
Sodium bicarbonate 80¢g
Gelatin 600 g
Cornstarch 300¢g

Heideggerian sense of technology. Accordingly, the act of
poetic creation at the intersection of critical thinking, social

concerns, and technology becomes a space for exploring
perception, stretching beyond the limits of representation.
In such an endeavor, apprehension may potentially move
beyond signification toward another mode of meaning-
making grounded in experience, wherein the intensity of
what is felt by the participant provokes a direct affect in
the viewer.

4, Conclusion

This study explored the intersection of generative Al,
biomaterial experimentation, and participatory and
co-creative methodologies in a practical design project,
providing a tangible way to reimagine lived experiences
shaped by identity-based exclusionary processes. Instead
of focusing on the Al-driven discovery and design of new
technological materials, this study highlighted design as
a mediating process among human experience, critical
thinking, biomaterial exploration, craft practice, and
digital fabrication processes. Through the integration of
co-creation, fabrication, and materialization, the study
used AI as a critical collaborator/mediator between
subjective narratives and tangible speculative artifacts.

During the co-creation stage, participants expressed
their critical perspectives on personal experiences as
visually reimagined scenarios. This was achieved through a
process that included data collection through open-ended
surveys, visualization with text-to-image generative
Al, and the conversion of these into digital objects
using algorithmic 3D modeling. This process granted
participants speculative agency in critically shaping
alternative imaginaries of their lived experiences, showing
how generative AI can potentially enable new forms of
social engagement when aligned with participatory and
co-creative design methodologies. The digital fabrication
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stage converted digital objects into physical counter-molds
using 3D printing. Subsequently, silicon casting from
these counter-molds was employed to facilitate an easier
removal of the final molds, reinforcing the reciprocal
relationship between digital and artisanal creation in
contemporary craft and design. Finally, the materialization
stage established a direct link between biomaterials
and participants’ critical narratives by incorporating
symbolically charged substances (hair, wood ash, and
plastic bags) into exploratory biomaterial compositions.
Grounded in principles of biodesign and circular economy,
these compositions demonstrated the expressive and
affective potential of biomaterials as carriers of identity,
memory, and speculative critique.

The resulting artifacts encourage the viewer to engage
with meaning by inciting a singular interpretation rather
than relying on fixed symbolic representation, using Al
not as a mere tool but as a mode of revealing, which aligns
with Heidegger’s critique of technology. By integrating
generative Al into a co-creative and participatory design
process exploring biomaterials, the project demonstrates
how technological mediation can be used, both critically
and artistically, to support socially engaged, embodied,
and ethically conscious practices of creation.

This study thus contributes to the ongoing
interdisciplinary discussion on digital fabrication,
craft making, AI, and design practices, highlighting
the importance of participation, material agency, and
subjectivity at a time when technological progress
continues to be prioritized over human experience and
social justice, rather than ethically developed alongside
them. This study emphasizes that, despite the era of
prominent technological advancements, there remains
significant value in reconnecting design technologies
with lived narratives, meaning-making, critical thinking,
and speculative imagination. Future work may involve
enhancing the methodological approach by further
increasing participants’ engagement and extending
this approach to wider collective settings, integrating
additional forms of biological or waste materials, and
further investigating how generative Al can enhance
co-creative authorship and biomaterial exploration
within ecologically oriented and socially engaged design
contexts.
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