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ABSTRACT

Laser processing and microstructural evolution in alloy systems involve coupled heat transfer,
phase transformation, diffusion, interfacial reactions, and meltpool dynamics. In this dissertation,
the laser-microstructure (.£-.#) interface is treated as a dynamic region where thermal history,
composition, free-energy landscape, and morphology evolve together. The main objective is to
represent, quantify, compress, reconstruct, and predict this interface using thermodynamically in-
formed computational and data-driven models.

The dissertation develops a computational framework based on phase-field modeling, thermody-
namic tensor representation, and physics-informed machine learning. Across the studied alloy sys-
tems, microstructural evolution is analyzed through phase-field simulations and represented using
physically meaningful descriptors. Building on these simulations, this evolution is further encoded
as high-dimensional tensor data, enabling tensor sparsification, decomposition, and reconstruction
while preserving essential morphological and interfacial information. This establishes the Ther-
modynamic Tensor Representation as a compact and physically meaningful form for storing and
reconstructing simulation-based microstructure data.

The second part extends the framework toward laser-processed alloy systems. In the multicom-
ponent Cu,(Ti-6Al-4V), system, finite-element heat-transfer simulations and phase-field modeling
are used to describe laser-induced Ti,Cu intermetallic growth in the matrix. In the 7i-Au system,
a non-isothermal multiphase-field model is developed to resolve meltpool formation, TizAu inter-
metallic evolution, interdiffusion, and the interaction between thermal and chemical fronts. The
model includes temperature- and composition-dependent free-energy functions, KKS-type phase-
equilibrium constraints, and coupled heat-transfer and fluid-flow effects. In the unary Au system,
different laser beam profiles and free-energy descriptions are compared to study their influence on
meltpool morphology, phase evolution, and Marangoni-driven flow.

The final part develops machine learning models for computational acceleration. Conv-LSTM
models predict multi-generational microstructural evolution in binary alloy systems, including Pd-
Rh and Cu-Mn examples, while U-Net-based MicroTwin and FlowTwin models predict phase and
velocity fields from temperature data in laser-processed Au. The predictions are evaluated using
interface-sensitive descriptors such as microstructural similarity, shape index, blob detection, melt-
pool geometry, and velocity fields.

Overall, the dissertation shows that the .Z-.# interface can be described through a thermodynam-
ically grounded tensor framework supported by multiphysics simulations and physics-informed
learning models. The developed methodology provides a route Toward Digital Twin construction
for laser-processed multicomponent alloys.
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STRESZCZENIE

Procesy laserowego obrobki materialéw prowadza do ztozonych zmian mikrostrukturalnych wy-
nikajacych ze wspétoddzialywania transportu ciepta, przemian fazowych, dyfuzji sktadnikéw sto-
powych, reakcji migdzyfazowych oraz zjawisk zachodzacych w jeziorku ciektego metalu. Zro-
zumienie mechanizméw odpowiedzialnych za przebieg tych proceséw oraz ich iloSciowy opis
maja kluczowe znaczenie dla projektowania nowoczesnych materialéw 1 technologii wytwarzania.
Gtéwnym celem rozprawy bylo opracowanie metod opisu, analizy i prognozowania ewolucji mi-
krostruktury podczas laserowej obrobki stopéw metali z wykorzystaniem modeli obliczeniowych,
obliczen termodynamicznych oraz metod uczenia maszynowego. Szczeg6lng uwage po§wigcono
opracowaniu termodynamicznego modelu tensorowego umozliwiajacego efektywne odwzorowa-
nie, przechowywanie oraz odtwarzanie informacji o ewolucji mikrostruktury i jej wykorzystanie
w modelach predykcyjnych. W pierwszej czgsci pracy rozwinigto metodyke oparta na modelowa-
niu pola fazowego oraz termodynamicznym modelu tensorowym. Wyniki symulacji mikrostruk-
tury zapisano w postaci wielowymiarowych struktur danych, ktére poddano procesom redukcji,
dekompozycji i rekonstrukcji przy zachowaniu najwazniejszych cech morfologicznych oraz infor-
macji o granicach migdzyfazowych. Pozwolito to na opracowanie zwartego i fizycznie uzasad-
nionego sposobu reprezentacji danych generowanych w obliczeniach wielkoskalowych. W dalszej
czgsci rozprawy opracowana metodyke zastosowano do analizy stopéw poddawanych obrébcee la-
serowej. Dla uktadu Cuy(Ti-6Al-4V)y, przeprowadzono modelowanie wymiany ciepta oraz wzro-
stu faz migdzymetalicznych indukowanych oddziatywaniem wiazki laserowej. Dla uktadu 7i-Au
opracowano nieizotermiczny wielofazowy model umozliwiajacy opis tworzenia jeziorka cieklego
metalu, wzrostu fazy Tiz Au, proceséw dyfuzji oraz wzajemnego oddziatywania pdl cieplnych i ob-
szarOw chemicznych. W ukladzie Au przeanalizowano wplyw parametréw wiazki laserowej oraz
opisu termodynamicznego materialu na geometri¢ jeziorka, przebieg przemian fazowych i prze-
pltywy wywotane efektem Marangoniego. Ostatnig czg$¢ pracy poSwigcono wykorzystaniu metod
uczenia maszynowego do przyspieszenia obliczen. Opracowane modele Conv-LSTM umozliwity
prognozowanie ewolucji mikrostruktury w wybranych uktadach stopowych, natomiast modele Mi-
croTwin i FlowTwin bazujace na architekturze U-Net pozwolily na przewidywanie rozktadéw faz
oraz pdl predkosci na podstawie danych temperaturowych. Trafnos$¢ prognoz oceniano z wykorzy-
staniem parametrow opisujacych podobienistwo mikrostruktur, geometri¢ jeziorka cieklego metalu
oraz charakterystyke pol przeptywu. Uzyskane wyniki potwierdzaja mozliwos¢ integracji modeli
wielofizycznych, obliczefi termodynamicznych oraz algorytméw uczenia maszynowego w ramach
jednolitego Srodowiska obliczeniowego. Opracowana metodyka stanowi podstawe do budowy cy-
frowych bliZniakéw proceséw laserowego przetwarzania wielosktadnikowych stopéw metali.

1l
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CHAPTER I

INTRODUCTION

This chapter introduces the fundamentals of laser-microstructure (.£’-.#) interaction in multicom-
ponent alloys and establishes the context of this work. It outlines how laser processing influences
microstructural evolution, why interface behavior governs material properties, and why its quan-
tification remains challenging under coupled thermal and chemical conditions.

To address these challenges, the need for computational frameworks that connect high-fidelity
multiphysics modeling with scalable predictive approaches is highlighted. The concept of a Dig-
ital Twin is introduced as a pathway for near real-time prediction of microstructure evolution.
Multiphysics phase-field modeling is presented as a physically consistent approach, along with
its computational limitations. A thermodynamically consistent tensor-based representation is then
introduced to enable structured handling of microstructural data and its integration with machine
learning. The chapter concludes with the formulation of the problem addressed in this dissertation.
In this dissertation, the term .Z-.# interface is used as the central connecting concept across all
included articles. It refers not only to a geometrical phase boundary, but to the coupled zone
where laser-induced thermal history is converted into microstructural change through composition-
dependent thermodynamics, diffusion, phase transformation, interfacial motion, and meltpool flow.
The Thermodynamic Tensor Model provides the structured representation of this evolving informa-
tion, while machine learning provides the predictive route required for Digital Twin development.
Therefore, the dissertation links the five published articles through a single guiding question of
how laser-induced microstructural interface evolution can be represented, quantified, compressed,

and predicted in a physically meaningful form.

1.1 Lasers in additive manufacturing

Laser-based additive manufacturing relies on localized thermal energy to induce melting and so-
lidification [4-9]. The interaction between a moving laser heat source and the material generates a
transient meltpool, whose geometry and evolution depend on processing parameters such as laser
power, scan speed, beam profile, and composition of the alloy [5, 10, 11].

As illustrated in Figure 1.1 (Article IV), variations in scan speed and irradiance alter both meltpool
shape and intermetallic growth. Figures 1.1 (a-b) show differences in IMC morphology with scan
speed, while Figure 1.1 (c-d) quantify intermetallic compounds’ (IMC) thickness, meltpool depth,
and surface width under varying irradiance. These variations directly influence thermal gradients,

which govern phase transformation and interfacial evolution. Even small changes in processing



conditions lead to significant differences in meltpool geometry and microstructure, highlighting
the strong coupling between laser parameters and material response [4, 5].
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Figure 1.1 Multiphysics phase-field simulation of laser processing in a 7i-Au system. (a-b) Phase
evolution showing intermetallic (IMC) growth under different scan speeds (5 nm/ms and 4 nm/ms).
(c) Time evolution of average IMC thickness for two irradiance levels (150 and 134.6 kW / cm?).
(d) Meltpool depth and surface width as functions of time under the same irradiance conditions [4].

1.2 Multicomponent alloys, microstructure, and interface

Multicomponent alloys, as considered in this work, consist of two or more interacting chemical
species whose spatial redistribution under thermal processing governs phase evolution and interfa-
cial reactions. In systems such as 7i-Cr, Ti-Au, and Cuy(Ti-6Al-4V),, the presence of multiple el-
ements enables the formation of intermetallic compounds, and phase transformations during laser
processing, making the microstructural response inherently composition dependent [2, 4].

A microstructure is not a static arrangement of phases, but a thermodynamically unstable config-
uration that evolves in time toward equilibrium [12]. Within the diffuse-interface framework, it
is represented using phase-field variables that vary continuously in space and time, capturing the
evolution of composition, phase distribution, and morphology under coupled thermal and chemi-
cal driving forces [13—18]. In the multicomponent systems considered in this work, this evolving
microstructure manifests through the formation and interaction of distinct phases such as LIQUID,
Face-Centered Cubic (FCC), Hexagonal Closed-Packed (HCP), and IMCs. These IMCs include

phases such as TipCu and Ti3 Au, which nucleate and grow at interfaces under non-isothermal con-



ditions [2, 4]. The spatial distribution, morphology, and connectivity of these phases define the
microstructure and its evolution during laser processing.

The interface is the region separating distinct phases, characterized by a finite thickness in diffuse-
interface descriptions. In the phase-field framework, it is defined as a narrow region where the
phase-field variables vary continuously between their equilibrium values in neighboring phases,
rather than forming a sharp boundary [12]. The evolution of the interface is therefore not tracked
explicitly but is implicitly determined by the temporal evolution of these phase-field variables,
which govern the shape, position, and motion of the interface over time. Physically, this region
is where interdiffusion, phase transformation, and interfacial energy effects occur simultaneously
[4, 19-22]. Under laser processing, strong thermal gradients and non-equilibrium conditions drive
rapid interface migration, controlling the formation and growth of intermetallic phases and the
resulting microstructural morphology.

As shown in Figure 1.2 (Article IT), intermetallic grains grow under laser surface alloying. Fig-
ure (a) shows uniform growth from homogeneous initial morphology, while (b) shows heteroge-
neous growth where larger grains grow faster due to differences in initial morphology. The spatio-
temporal evolution of such grains, heterogeneous growth, and shrinkage, has been extensively
studied using phase-field modeling approaches [4]. Experimental investigations further confirm
the formation and growth of intermetallic phases such as Tip;Cu during laser processing [2]. Simi-
larly, TizAu formation in 7i-Au systems exhibit significantly increased hardness compared to pure
Ti and steel alloys [23, 24].

These observations show that microstructure and interface evolution directly govern material prop-
erties. Interfaces act as active regions where diffusion and phase transformation occur simultane-
ously, and their morphology, thickness, and dynamics determine the resulting mechanical behavior
of the material. Therefore, understanding and quantifying the evolution of interfaces in multicom-

ponent systems is essential for controlling properties in laser-based manufacturing.

1.3 Challenges in quantification of interface evolution

Despite its importance, quantifying interface evolution remains challenging due to the coupled and
nonlinear nature of heat transfer, diffusion, phase transformation, and morphology [25-27]. Phase-
field modeling provides a thermodynamically consistent framework for simulating these processes
[4, 19], capturing microstructural evolution with high spatial and temporal resolution. However, its
computational cost limits its application to large-scale and real-time scenarios [28, 29].

Data-driven approaches offer computational efficiency and rapid prediction capabilities. For exam-

ple, RNN-, GRU-, and LSTM-based models have been used to predict microstructural evolution
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Figure 1.2 Time-resolved evolution of intermetallic grains under laser surface alloying. (a) Uni-
form growth from homogeneous initial morphology. (b) Heterogeneous growth showing non-linear
grain evolution influenced by initial morphology, highlighting interface-driven microstructural dy-
namics [2].

[30], and PredRNN has been applied to FeCrCo systems [31]. Despite these advances, such ap-
proaches operate in reduced representations, leading to loss of spatial and interfacial information

[3]. This creates a gap between high-fidelity simulations and scalable predictive models.

1.4 Digital Twins in materials manufacturing

The concept of a Digital Twin provides a pathway to bridge detailed physical modeling with pre-
dictive capability. In materials manufacturing, a Digital Twin represents a computational system
capable of predicting microstructural evolution under varying processing conditions. As shown in
Figure 1.3, the framework developed in this work integrates multiphysics simulations, tensor-based
representation, and machine learning models [5]. Phase-field simulations generate thermodynam-
ically consistent datasets, which are encoded into tensor form and used to train predictive models

capable of estimating meltpool geometry, phase distribution, and velocity fields [5].
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Figure 1.3 Conceptual Digital Twin framework integrating multiphysics simulations, tensor-based
data representation, and machine learning models for prediction and feedback control of mi-

crostructure evolution. Phase-field data are used to train predictive models, which operate on sim-
ulation or real-time inputs to estimate meltpool behavior and enable adaptive process control [5].

This integration enables rapid prediction while maintaining physical consistency. The inclusion of
feedback mechanisms further allows adaptive control of process parameters such as laser power,

scan speed, and beam characteristics, forming the basis of a scalable Digital Twin framework [5].

1.5 Computational models

Accurate modeling of .Z-.# interaction requires a multiphysics framework that integrates heat
transfer, diffusion, meltpool flow, and phase transformation. Phase-field modeling provides a ther-
modynamically consistent approach based on free-energy formulations [32-34]. In non-isothermal
systems, temperature- and composition-dependent free-energy functionals govern phase stability
and transformation kinetics [4, 35, 36]. The evolution of conserved and non-conserved variables
is described through convection-diffusion and Allen-Cahn type equations [33, 37]. These models
have been successfully applied to simulate meltpool dynamics, interdiffusion, and intermetallic
growth [2, 4]. However, their computational cost remains a major limitation for large-scale and

real-time applications.

1.6 Complexity of high dimensional data

To bridge the gap between high-fidelity simulations and scalable predictive models, a structured
representation of microstructural evolution is required [28]. In this work, a thermodynamically
consistent tensor-based representation, referred to as the “Thermodynamic Tensor Model”, is in-

troduced. Microstructural evolution is governed by coupled spatio-temporal fields such as compo-



sition distribution, temperature, phase-fraction, and thermodynamic potentials derived from Gibbs
free energy formulations [4, 5]. These fields evolve continuously and are strongly interdependent.
The tensor framework encodes these fields into a multi-dimensional structure, preserving spatial
and temporal correlations. Tensor decomposition and reconstruction enable efficient handling of
large datasets while retaining essential interface features [1]. This provides a structured represen-

tation suitable for predictive modeling.

1.7 Problem statement

The preceding sections show that the central difficulty in laser processing of compositionally com-
plex alloys (CCAs) is not only the simulation of temperature or phase evolution, but the consistent
quantification of the .Z’-.# interface where thermal input, chemical redistribution, and phase trans-
formation meet. Phase-field models can resolve this physics with high fidelity, but their compu-
tational cost makes repeated exploration of processing and composition space impractical. At the
same time, data-driven models can accelerate prediction, but they often lose the thermodynamic
and interfacial meaning required for reliable interpretation.

Therefore, the scientific problem addressed in this dissertation is the absence of a unified frame-
work that can preserve the physical content of multiphysics simulations, transform high-dimensional
microstructural fields into compact tensor representations, and use this information for scalable
prediction of interface evolution. This problem is especially important for multi-principal element
alloys (MPEAs), where the same laser condition may produce different microstructural responses
because composition modifies the free-energy landscape, diffusion kinetics, interfacial energy, and
meltpool morphology.

This gap arises from several specific limitations in current computational and data-driven ap-

proaches, outlined below.

(i) Interface evolution is difficult to quantify under coupled laser conditions
The .Z-.# interface evolves through the simultaneous action of heat transfer, chemical dif-
fusion, phase transformation, and meltpool flow. Existing approaches often describe these
phenomena separately, which makes it difficult to quantify how thermal history, phase-front

motion, and compositional redistribution jointly control interface evolution.

(i) High-fidelity phase-field simulations are computationally expensive
Multiphysics phase-field models can capture laser-induced melting, solidification, interdif-
fusion, and intermetallic growth, but their repeated use over different laser parameters, com-
positions, and thermodynamic conditions is computationally demanding. This limits their
direct use for rapid process exploration and Digital Twin oriented prediction.
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(iv)

v)

High-dimensional microstructural data lack compact physical representation
Phase-field simulations generate large spatio-temporal datasets containing temperature, phase,
composition, velocity, and interface information. Without a compact tensor-based represen-
tation, these datasets remain difficult to store, transfer, reconstruct, compare, and use as

structured inputs for predictive modeling.

Thermodynamic consistency is weakly connected to machine learning prediction

Data-driven models can predict microstructural fields rapidly, but many reduced-order or
image-based approaches do not explicitly preserve the thermodynamic meaning of phase sta-
bility, free-energy differences, interface motion, and composition-dependent driving forces.

This weakens their reliability when applied beyond a narrow training condition.

Digital Twin frameworks require a stronger bridge between physics and prediction

A practical Digital Twin for laser-processed multicomponent alloys requires more than fast
prediction. It must connect laser parameters, thermodynamic tensors, multiphysics phase-
field outputs, interface descriptors, and surrogate models within a single interpretable work-

flow. Such a bridge is still missing for composition-sensitive laser-microstructure interaction.



CHAPTER 11

OBJECTIVES

The limitations discussed in Chapter I show that accurate quantification of .Z-.# interaction re-
quires the integration of multiple approaches. Multiphysics phase-field simulations provide phys-
ically consistent descriptions of meltpool evolution, interdiffusion, and interfacial phase growth
[4, 5], but their computational cost limits scalability. Experimental studies confirm the occurrence
of complex interfacial reactions and microstructural transformations, yet they do not provide com-
plete spatio-temporal descriptions of the underlying mechanisms [2]. Machine learning models
enable rapid prediction, but their reliability depends on physically meaningful and thermodynam-
ically consistent data representations [1, 3, 5]. Therefore, the objectives of this dissertation are
defined to connect physics-based modeling, tensor-based representation, and machine learning into
a unified framework that enables scalable prediction and supports the development of Digital Twin

methodologies for multicomponent alloy systems.

2.1 Main objective

The main objective of this dissertation is to develop a unified, thermodynamically consistent
framework for quantifying and predicting laser-microstructure interface evolution in multi-
component alloys by integrating multiphysics phase-field modeling, tensor-based data representa-

tion, and machine learning, enabling scalable Digital Twin systems.

2.2 Specific objectives

(i) Development of thermodynamic tensor representation for microstructural evolution
To construct a structured tensor representation of spatio-temporal microstructural fields, in-
cluding phase distribution, temperature, and composition, enabling efficient storage, recon-

struction, and integration with data-driven models.

(i1)) Formulation of multiphysics non-isothermal phase-field models
To develop thermodynamically consistent phase-field models for simulating meltpool evolu-

tion, interdiffusion, and phase transformation under non-isothermal conditions.

(iii) Quantitative characterization of interface evolution
To establish methods for quantifying microstructural interfaces through measurable descrip-
tors such as meltpool depth and width, intermetallic layer thickness, phase fraction, and
interface-sensitive metrics including shape, and similarity index, using spatio-temporal sim-

ulation data and experimental validation.



(iv)

v)

(vi)

Development of physics-informed machine learning models
To design and implement machine learning architectures, including Conv-LSTM and U-Net,
for predicting microstructural evolution and meltpool behavior while preserving spatial and

interfacial features.

Integration toward a Digital Twin framework
To combine multiphysics simulations, tensor representations, and machine learning models
into a scalable framework for rapid prediction of .Z’-.# interaction, forming the basis of a

computational Digital Twin system.

Extension to materials informatics and property prediction
To apply the developed framework to structure-property prediction and data-driven materials

design in multicomponent alloy systems.



CHAPTER 111

SCIENTIFIC PROBLEM STATEMENT

3.1 State of the art

Laser-based additive manufacturing of multicomponent alloys involves coupled interactions be-
tween thermal fields, chemical diffusion, and phase transformations, which govern meltpool dy-
namics, interdiffusion, and intermetallic formation at microstructural interfaces [38—40]. Multi-
physics phase-field modeling provides a thermodynamically consistent framework to resolve these
processes, enabling spatio-temporal prediction of phase evolution [41]. Recent non-isothermal
multiphase-field models capture meltpool-intermetallic interactions, temperature-dependent phase
stability, and interfacial growth kinetics [29]. For example, Article I'V shows that variations in laser
irradiance and scan speed significantly affect meltpool geometry and intermetallic grain thickness,
while Article V demonstrates that different beam profiles, even under identical laser power and
radius, lead to distinct heat distributions and microstructural pathways. These results align with
experimental observations of intermetallic formation, such as TioCu and TizAu, driven by thermo-
dynamic forces [2, 38].

Together, these studies show that laser-induced microstructural evolution can be described through
coupled fields rather than through isolated process parameters. In Article I'V, the non-isothermal
multiphase-field formulation resolves the spatio-temporal evolution of temperature, phase state,
composition, meltpool geometry, and interfacial growth under a defined laser-processing window.
In Article V, the physics-informed learning framework further predicts phase and velocity fields
from temperature data, while retaining the influence of thermodynamic driving force, heat-source
type, and meltpool-flow response.

Despite their accuracy, phase-field models remain computationally expensive, limiting large-scale
and real-time applications [42, 43]. Machine learning approaches, including RNN, GRU, and
LSTM models, have been introduced to accelerate prediction [30, 31]. However, these methods
typically rely on reduced or latent representations, which do not preserve interface-level informa-
tion and lack thermodynamic consistency, limiting generalization across systems [3]. To address
this, manifest-space prediction has been proposed, where microstructure evolution is learned di-
rectly in the spatio-temporal domain. Article III and Article V demonstrate this using Conv-LSTM
and U-Net architectures, enabling multi-generational prediction of microstructure and meltpool be-
havior while preserving spatial fidelity.

In parallel, tensor-based representations have been explored for handling high-dimensional mi-

crostructural data [28]. Techniques such as sparsification and reconstruction enable compression
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of spatio-temporal datasets while retaining structural information [1, 44]. However, their integra-
tion with thermodynamically consistent simulations and predictive models remains limited. Sim-
ilarly, materials informatics approaches show potential for predicting structure-property relation-
ships [45, 46], but are often decoupled from process-level microstructural evolution. Therefore,
despite advances in modeling, learning, and data representation, existing approaches remain frag-
mented, lacking a unified framework that combines thermodynamic consistency, interface-level

quantification, and scalable prediction.

3.2 Title definition

The title of this dissertation reflects the integration of interface physics, structured data represen-
tation, and predictive modeling. The Laser-Microstructure Interface is the evolving boundary
between phases under laser-induced thermal fields, where interdiffusion, phase transformation, and
intermetallic growth occur simultaneously, governed by temperature- and composition-dependent
free-energy functionals [2, 4, 5]. The Thermodynamic Tensor Model represents microstructural
evolution as a structured spatio-temporal dataset, where phase distribution, temperature, compo-
sition, and thermodynamic descriptors are encoded into a multi-dimensional tensor framework,
preserving the coupling between thermal, chemical, and interfacial processes [1, 5]. The Digital
Twin is defined as a computational framework capable of predicting microstructural evolution un-
der varying processing conditions by integrating multiphysics modeling, tensor representation, and
machine learning [3, 5]. Together, these components define a unified framework for quantifying

and predicting laser-induced microstructural evolution in multicomponent alloys.

3.3 Main hypothesis

The central hypothesis of this dissertation is that a thermodynamic tensor representation can pre-
serve thermodynamic, spatial, and interfacial information sufficiently to enable accurate machine-
learning prediction of laser-induced microstructural evolution in multicomponent alloys, thereby
supporting the development of digital-twin frameworks for quantifying laser-microstructure inter-

actions.
3.4 Specific hypothesis

(I) Thermodynamic consistency enables accurate interface evolution
Accurate prediction of interfacial and microstructural evolution requires temperature- and

composition-dependent free-energy formulations in multiphysics phase-field models.

(I) Tensor representation preserves interface-level information
Representing spatio-temporal microstructural evolution in tensor form preserves spatial and

11



(I10)

av)

V)

interfacial features more effectively than reduced representations, enabling improved recon-

struction and learning of interface dynamics.

Manifest-space learning enables predictive evolution
Machine learning models trained on thermodynamically consistent tensor data can predict
multi-generational microstructural evolution and meltpool behavior directly in the spatio-

temporal domain while preserving interface characteristics.

Integrated framework enables scalable digital twin development
Integrating multiphysics modeling, tensor representation, and machine learning enables scal-

able prediction of .Z’-.# interaction under varying processing conditions in near real-time.

Coupled physics-data framework improves process-structure understanding
Combining physics-based simulations with data-driven models improves prediction and in-

terpretation of process-structure relationships in multicomponent alloys.
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CHAPTER IV

LASER-MICROSTRUCTURE INTERFACE AND INTERACTION

This chapter presents the central scientific theme of the dissertation by bringing together the phys-
ical, thermodynamic, representational, and predictive components developed across the included
studies. While Chapters 1-3 established the background, objectives, and scientific hypotheses,
the present chapter explains how laser-induced thermal fields, interfacial phase evolution, ther-
modynamic driving forces, tensor-based representation, and machine learning prediction collec-
tively define the laser-microstructure (.Z-.#') interface problem addressed in this thesis. The
discussion begins with the laser as the external driver of heat deposition and process vari-
ability, then proceeds to microstructure as the evolving material response, followed by the
integrated methodological framework based on multiphysics phase-field modeling, thermo-
dynamic tensor representation, and physics-informed learning, and finally synthesizes the
findings to establish the route from interface physics to Digital Twin prediction. The chapter
further identifies the major determinants controlling interface evolution and formulates the quanti-
tative descriptors used to characterize meltpool behavior, intermetallic growth, phase distribution,

and interface-sensitive morphological evolution.

4.1 Laser (%)

The laser is the initiating element of the entire .Z’-.# interaction problem. In the framework
developed in this dissertation, it is not treated merely as a source of heat, but as a primary cause
that determines how energy is deposited into the materials, how temperature gradients evolve in
space and time, and how the materials subsequently responds through melting, diffusion, phase
transformation, and interface motion [4]. The significance of . in this context lies in the fact that
even when the material system remains unchanged, variation in laser parameters such as power,
irradiance, scan speed, and beam profile can produce substantially different meltpool geometries,
interfacial reaction zones, and phase evolution pathways [4, 5].

The laser must therefore be understood at three connected levels. First, it acts as the source of tran-
sient thermal loading. Second, it defines the process window within which interfacial reactions be-
come thermodynamically and kinetically possible. Third, it governs the quality and complexity of
the data that later enters the machine learning stages of the Digital Twin framework. This interpre-
tation is consistent with the multiphysics studies of unary Au, Ti-Au, and Cu,(Ti-6Al-4V), systems,
where the imposed laser conditions directly altered meltpool depth, meltpool width, phase-front

propagation, and microstructural transformation pathways [2, 4, 5].
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4.1.1 Thermal history and meltpool formation

Laser-induced microstructural evolution begins with the spatially localized deposition of energy
into the material domain. This deposition gives rise to rapid temperature rise, transient thermal
gradients, and local melting, which together establish the conditions under which phase transfor-
mation and interfacial diffusion take place. In the numerical frameworks used throughout this
work, the thermal field is governed by the transient heat-transfer equation with an external laser

source term. In its general form, the heat-transfer problem is expressed as [2, 4, 5]:

pi(T)C, i(T) (%—Z +i- VT) =V (kini{T)VT) + Qaser Equation 4.1

where p;, Cp;, and k;;,; represent the density, specific heat capacity, and thermal conductivity of
phase ‘i, respectively, all expressed as temperature-dependent quantities denoted by (7). The
term i represents the local velocity field within the meltpool, and Q. denotes the externally
imposed laser heat source, which varies depending on beam profile and processing conditions.
This equation defines the thermal component of the .Z’-.# interaction by governing the evolution
of the temperature field. The general simulation setup of laser processing is illustrated in Figure
4.1(a), where a moving laser source traverses the top surface of the computational domain with
a predefined scan speed. Different beam configurations, including Gaussian, Flat-Top, Ring, and
Bessel, are shown in Figure 4.1(b), highlighting that even for identical power input, the resulting
intensity distribution varies significantly across the domain [5]. The thermal field generated by this
moving heat source defines the thermal history of the system. Thermal history is understood as
the time-dependent sequence of heating, melting, dwell, and cooling experienced locally within
the material. Since microstructural processes such as interdiffusion, phase nucleation, and grain
growth are strongly temperature dependent, the thermal history acts as the direct link between the
externally applied laser input and the internal material response.

In Article II, this thermal description is used to model the transient temperature field in the Cu,(7i-
6Al-4V), system during laser surface alloying. The simulation setup and comparison with exper-
imental cross-section are shown in Figure 4.2. The thermal model enables reconstruction of the
temperature evolution at the interface, which cannot be directly resolved experimentally, and ex-

plains the thermodynamic activation of 7i; Cu intermetallic formation.
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Figure 4.1 (a) Schematics diagram of 2D computational domain setup illustrating the laser-induced
phase evolution. (b) Visualization of four different laser beam profiles: Gaussian, Flat-Top, Ring
and Bessel with 3D representation of intensity map and top-view intensity distribution [5].
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Figure 4.2 (a) Schematics of laser surface alloying with Flat-Top laser beam profile. (b) Two-
layer computational mesh of Ti6Al4V substrate and Cu powder bed. (c) Comparison between
computational domain and experimental melt-zone cross-section [2].

In Article IV, the thermal history is directly coupled with phase evolution in the Ti-Au system,
where LIQUID, HCP, FCC, and TizAu-IMC phases evolve simultaneously under non-isothermal
conditions. The temperature distribution at a fixed simulation time for different scan speeds is
shown in Figure 4.3(a) and (b), together with time-temperature histories at selected spatial points.

These results demonstrate that different locations within the domain experience different thermal
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exposure durations above the melting temperature, leading to heterogeneous phase evolution. Melt-
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Figure 4.3 Temperature distribution and velocity profiles under different laser conditions. (a-b)
Temperature field at 190 ms for scan speeds of 4 and 5 nm/ms at constant irradiation. (c-d) Velocity
magnitude inside LIQUID phase for different irradiance levels at constant scan speed [4].

pool formation is the most direct manifestation of this thermal history. The meltpool defines the
liquid region in which diffusion, phase mobility, and interfacial reactions are significantly enhanced
compared to the surrounding solid. As shown in Figure 4.3(¢) and (d), the meltpool geometry and
flow behavior depend strongly on laser conditions. Higher irradiance leads to increased meltpool
depth and width, as well as higher velocity magnitude within the LIQUID phase. In the presented
results, the maximum velocity is approximately doubled (12 nm/ms) under higher irradiance con-
ditions, indicating stronger convective transport within the meltpool.

The meltpool therefore defines the spatial domain in which interfacial reactions occur and controls
the kinetics of these reactions through fluid flow and enhanced diffusion. In the Cu,(Ti-6Al-4V),
system, it determines the region where 7i,Cu form, while in the 7i-Au and unary Au systems, it
governs the evolution of phase fronts that are later used as inputs for predictive models such as

MicroTwin and FlowTwin [2, 4, 5].

4.1.2 Process parameters

The effect of the laser on microstructure does not arise from heat input alone, but from the com-
bined action of multiple processing parameters. Among these, irradiance, scan speed, and beam
profile are the most influential variables considered in this work. In the 7i-Au study (Article IV),

higher irradiance produced a deeper meltpool and a thicker 7i3Au intermetallic grains, demon-
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strating that interface evolution is highly sensitive to the energy density imposed by the laser [4].
Specifically, the meltpool depth increased from 158 nm to 180 nm, while IMC thickness increased
to 364 nm under maximum heat-flux conditions (max Q) of 150 kW /cm? at 4 nm/ms. This is
illustrated in Figure 4.4, where (a) shows the accelerated increase in IMC thickness under higher
irradiance, and (b) shows the corresponding increase in meltpool dimensions (maximum horizon-
tal span: Xq, and maximum vertical depth: z,,,,), with solid lines representing 150 kW / cm? and

dashed lines 134.6 kW /cm?.

(a)

4007 150.0 kW

cm?

— - 134.6 KW
om

— Zmax [nm]

=
)
=]

300 0 100 200 300

0 100 200 E
(c) t [ms] — time [ms] —

0n®

V [nm/ms]

[
d
-. °
.- -

—— 1300 NN —

<4=500nm =p

Figure 4.4 In (a) graph quantifying the effect of higher (150 kW /cm?) and lower (134.6 kW /cm?)
irradiance level in temporal evolution of IMC layer thickness at constant scan speed of 5 nm/ms
is presented. Similarly (b) shows the meltpool’s maximum horizontal span (X,,,,) and maximum
vertical depth (z,,4x) at two level of irradiance. In (c) the phase evolution under two different laser
scan speed at a constant irradiance of 150 kW /cm? is presented. The top row presents results with
laser scan speed of 5 nm/ms at simulation time 40 ms and 200 ms whereas bottom row represents
phase morphology with scan speed of 4 nm/ms at same simulation time [4].

Scan speed plays an equally important role because it controls the residence time of the laser over
a given material point. A slower scan speed increases local exposure time and allows greater heat
accumulation, thereby promoting deeper melting and stronger interfacial evolution. A higher scan

speed reduces this interaction time, shortens the thermal exposure window, and may suppress or

limit intermetallic growth. As illustrated in Figure 4.4(c), at a constant irradiance of 150 kW /cm?
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the difference in morphological evolution across different phases is linked to the difference in laser
scan speed. With a lower scan speed of 4 nm/ms the LIQUID phase is observed to dwell longer
compared to that with higher scan speed of 5 nm/ms. This effect is explicit observed in Article
IV, where scan speed and irradiance jointly control the meltpool geometry and relative propagation
of the thermal, and chemical diffusion fronts. In Article II, a laser scan speed of 200 mm/s and
power of 1000 W defined the thermal cycle governing 7i,Cu formation in the Cu,(Ti-6Al-4V),
system, confirming the process window must be resolved quantitatively rather than descriptively.
Beyond power and speed, Article V shows that beam profile itself alters the character of .Z-.#
interaction.

A direct quantitative comparison of laser beam profiles reveals that the heat source shape itself
significantly alters the meltpool morphology and internal dynamics, even under identical power
and scan speed. The Flat-Top beam produces a significantly larger meltpool area (0.016 mm?)
compared to the Ring beam (0.013 mm?), indicating a transition from spatially extended to con-
fined thermal interaction. In terms of thermal intensity, the Gaussian beam reaches a higher peak
temperature (3062 K) than the Bessel beam (2749 K), reflecting stronger energy localization in
the Gaussian profile. Similarly, the internal meltpool dynamics differ markedly across beam types:
the Bessel beam generates a maximum velocity of 84.65 um/s, whereas the Ring beam produces
only 20.37 um/s, demonstrating a substantial reduction in convective transport [5]. The influence
of both beam profile and free energy formulation on the thermal response is summarized in Ta-
ble 4.1, where the maximum temperature attained under different beam profiles is compared for
TDB-based (Fy) and fitted (Fg) free-energy formulations. The consistently higher temperatures
predicted by Fg across all beam types indicate an overestimation of thermal intensity relative to the
thermodynamically consistent Fy, formulation, reinforcing the sensitivity of .Z-.# interaction to
the choice of free-energy description.

Table 4.1 Maximum temperature attained in unary Au system under different laser beam profiles
(Gaussian, Flat-Top, Ring, Bessel) for two free-energy formulations: thermodynamically consis-
tent TDB-based (Fy,) and fitted (Fg). The comparison highlights the combined influence of beam
energy distribution and thermodynamic description on the thermal response, with Fy consistently
predicting higher peak temperatures across all beam types [5].

Gaussian Flat-Top Ring Bessel
Fy 2996 K 2966 K 1883 K 2441 K
Fo 3062 K 3029 K 2180 K 2749 K
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4.1.3 Meltpool’s kinematic lag

One of the strongest conceptual advances this thesis presents is that the laser does not generate
identical thermal and phase responses. In many simplified computational treatments, the formation
of the meltpool is assumed to occur instantaneously once the temperature crosses the melting point
[21,29, 47]. Article IV and Article V shows that this assumption is physically inadequate, because
the thermal diffusion front and the phase (mass) diffusion front do not move together. The TDB-
based free-energy formulation (Fy,) of Article V reproduced the physically meaningful lag between
thermal advance and phase transformation, whereas simplified fitted forms (Fg) tended to blur this
distinction. This behavior is shown in Figure 4.5, where under Fg the isotherm front (1337 K) and
meltpool phase front overlap (4.5(a-b)), whereas under Fy, a clear separation appears between the
isotherm (dotted lines) and the LIQUID phase boundary (red contours) for the same beam profiles
(4.5(c-d)).

Flat Top Ring

Figure 4.5 Illustration of comparison in temperature distribution and LIQUID phase evolution for
Flat-Top and Ring beams with two different free-energy formulations. Subplot (a) and (b) rep-
resents results from fitted free-energy formulation where the lead-lag dynamics between isotherm
front and phase front share the same contour line. Similarly, subplot (c¢) and (d) highlights the lead-
lag dynamics between thermal and phase front which is observed in simulation with TDB based
free-energy expression. The red contour line represents the LIQUID phase whereas the dashed line
with 1337 K marking represents the thermal front with melting point of the Au-rich FCC phase [S].

In Article IV a related interpretation is developed from the perspective of coupled heat and chem-
ical diffusion. There, the relative propagation of the heat-transfer front and the chemical-diffusion
front is quantified using the positional time lag (¢,,,) and dimensionless Lewis number (Le)
based interpretation, showing that heat transport is faster than interfacial chemical diffusion. This
is shown in Figure 4.6(a-b) where the evolution of the thermal front (7) and phase front (&) under

Oumax (150 kW /cm? at 4 nm/ms) and Qi (134.6 kW /cm? at 5 nm/ms) conditions, consistently
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showing the thermal front leading the phase boundary. The corresponding quantification is plotted
in Figure 4.6(c) through the variation of Le across different scan speeds and irradiance levels, and

in Figure 4.6(d-e) through the spatial distribution of ¢, under Omin and Oy conditions. The
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Figure 4.6 Visualization of lead-lag dynamics between thermal, and phase fronts with correspond-
ing Lewis number (Le) values and positional time lag between two fronts. Subplot (a) and (b)
represents the evolution of thermal front (7) and phase front (2) under Qi and Q. respectively.
The Le calculated at the displayed laser position is presented within the sub-figures. In (¢) the plot
illustrating the Le evolving temporally over the simulation time for four different configurations of
laser irradiance level and scan speed is presented. Graphs (d) and (e) display the positional time
lags (8tp5) between thermal front (7) and phase front () against the computational domain’s hor-
izontal dimension at two different heat flux levels [4].

Lewis number provides a compact way to interpret this difference as: Le = o/D, where o [m?/s]
is the thermal diffusivity and D [m?/s] is mass diffusivity. A large value implies that thermal
signal propagates faster than the compositional response, meaning that the laser creates a mov-
ing thermodynamic opportunity before the microstructure can fully reorganize to exploit it. The
shape, thickness, and stability of the interface therefore depend not only on the magnitude of laser
input, but also on the material’s microstructure dictating this dynamics between thermal and dif-
fusion fronts. Laser’s irradiance, scan speed, and beam profile define the thermal history in the
material; that thermal history establishes the meltpool; and the meltpool, together with the associ-
ated phase-front lag and transport asymmetry, governs the conditions under which diffusion, phase
transformation, and grain growth become possible. Therefore, the ‘laser’ in .Z-.# interaction is
not a background process variable but the primary driver that determines the boundary condition

of interface evolution [2, 4, 5].
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4.2 Microstructure (.#)

Microstructure is defined as a set of spatially and temporally evolving field variables describing the
local thermodynamic state of the material. For a unary system with ‘i’ phases, it can be expressed
as Ai(x,t) = {1 (x,1),M2(x,1), ..., Mu(x,2) }, while for a multicomponent system with ‘j’ elements,
it extends to .7 j(x,t) = {c1(x,1),c2(x,1), ..., calx,2), M1 (x,2),M2(x,1), ..., Nu(x,2) }, where c; are
composition fields and 7); are phase-field order parameters. If the laser defines the external en-
ergy input, the microstructure represents the internal material response, evolving under coupled
thermal, chemical, and interfacial driving forces. Laser irradiation induces rapid and localized
changes in temperature and composition, leading to phase transformation, interdiffusion, and inter-
face migration, where phase boundaries continuously migrate, deform, and sometimes disappear.
Within this dissertation, microstructure is interpreted across three connected levels: as a physi-
cal field described by phase and composition variables; as a thermodynamic system governed by
bulk and interfacial free energy functions that control phase stability and interface motion; and
as a quantifiable structure characterized through geometric and informatics-based descriptors, in-
cluding phase fraction, morphology, intermetallic thickness, microstructure-similarity index, and

tensorized spatio-temporal representations [1, 3, 4].

4.2.1 Spatio-temporal field variables

The phase-field approach used throughout the included works represents microstructure as a con-
tinuous field rather than a collection of sharp interfaces. This is essential because the laser-treated
systems undergo local melting, phase transformation, phase separation, and interfacial reaction
under non-equilibrium conditions. A sharp-interface treatment would not be able to capture the
continuous redistribution of composition and the gradual motion of phase boundaries with suffi-
cient numerical stability [12].

In the simplest form, the evolving microstructure is described through a conserved variable, usually
compositions (¢j), and non-conserved order parameters (7;). The conserved variable describes
chemical redistribution, while the non-conserved variable describes phase identity. This framework
is illustrated in Figure 4.7: (a) shows phase separation in the 7i-Cr system (Article I) through
composition evolution; (b) shows coupled composition and order-parameter’s evolution in the 7i-
Au system under laser processing (Article I'V), where distinct regions of LIQUID, FCC, IMC grains
(G1,Ga, G3, Gy), and HCP phases grow; (¢) shows order-parameter based phase evolution in the
unary Au system with LIQUID and FCC phases (Article V); and (d) show composition evolution

in the Co,CryFe Ni( a multi-principal element alloy under Gaussian laser beam (Authors’

l—x—y—z)

own work).
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Figure 4.7 Phase field simulation results across different studies presented in the dissertation. In
(a) the phase separation of 7i-Cr alloy system is visualized at six different time stamps repre-
senting the compositional distribution of Cr inside the computational domain [1]. The conserved
variable (composition) evolution in laser processing of 7i-Au system is depicted in (b) within the
four different phases and intermetallic grains [4]. (c¢) Highlights the non-conserved variable (order-
parameters) in phase field modeling representing the two distinct phases: LIQUID and FCC in
unary Au system undergoing phase transformation [S]. Subplots in (d) shows the composition evo-
lution during the laser processing of multicomponent CoxCryFe Ni(;_,_,_ alloy system under the
Gaussian beam with power 370 W and scan speed 0.5 m/s (Authors’ own work).

The evolution of conserved and non-conserved phase-field variables is governed by partial differ-

ential equations. The conserved variable follows the multiphase convection-diffusion equation:

dc af . .
o =V. [M(T) (%)}—M-VC Equation 4.2

where c¢ is the composition field, M(T) is the temperature dependent mobility, f is the bulk free
energy density, and i is velocity of meltpool whenever applicable. Due to the transient nature
of meltpool, a thermal gradient within it creates Marangoni convection which must be accounted
for to capture the fluid flow accurately within the meltpool. The expression for thermo-capillary

convection coupled with Navier-Stokes equation governing the velocity profile is:
7 OLIQUID = —2HYystii — VYst Equation 4.3

where o7;0up 1s Cauchy stress tensor for LIQUID phase at free surface, H is the mean surface

22



curvature, ¥st is the temperature dependent surface tension. Similarly, the temporal evolution of

non-conserved phase-field variable (order-parameter) is governed by the Allen-Cahn equation:

an _ af af .
5 L(n) {ani \% <3V77i)} Equation 4.4

where 7; represent the order-parameters and L(T') is the temperature-dependent interface mo-
bility. Here a thermodynamically consistent interpolation function [48] is required when mul-
tiphase coexists within the diffuse interface to swiftly interpolate the related material properties
between the relevant phases. The interpolation here is not just a mathematical convenience; it
ensures that temperature-dependent properties and phase-dependent free-energy contribution tran-
sition smoothly across the interface instead of undergoing unphysical discontinuities.

These governing equations: heat-transfer, multiphase convection-diffusion, Allen-Cahn, Navier-
Stokes, along with temperature- and composition-dependent material properties, are coupled into
a multiphysics framework that determines microstructure evolution through the underlying free-
energy landscape, rather than prescribing it geometrically. The interface is thus treated as a finite-
width region, whose morphology emerges from the competition between bulk thermodynamic driv-
ing forces and interfacial energy penalties. The results presented in this dissertation are obtained by
solving these coupled equations using the Finite Element Method (FEM) within the open source
Multiphysics Object-Oriented Simulation Environment (MOOSE) framework [49, 50]. The

corresponding data and code are available at: https://github.com/subediupadesh

4.2.2 Free-energy landscapes

While multicomponent system’s microstructure is defined through composition and phase-field
variables, these fields alone do not determine which configurations are stable or how they evolve.
A thermodynamic descriptor is required to assign an energetic measure to each possible microstruc-
tural state and to provide the driving forces for its transformation. Among thermodynamic quanti-
ties, free energy is uniquely suited for this role, as it is formulated as a functional of state variables
(such as H, T, and S). For multiphase and multicomponent formulation, ‘G’ has composition and
phase dependencies. Accordingly, microstructure evolution is governed by gradients of the total
free-energy functional under kinetic constraints. The phase-field equations translate this functional
into spatio-temporal structural evolution, determining phase stability, interface motion, and the for-
mation of meltpools, decomposition patterns, or intermetallic layers under laser processing. The
total free energy is expressed as the sum of bulk and interfacial contributions, where the bulk en-
ergy is defined as a weighted combination of phase-specific Gibbs free energies, and the interfacial
energy represents the excess energy associated with the diffuse transition between phases (refer
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Article IV for detailed formulation).

In the generic binary-alloy system used for the data generation to train the Convolutional-LSTM
model (refer Article III), the Gibbs free-energy landscape is represented through a double-well
function, allowing systematic variation of driving-force parameters and therefore generation of
diverse microstructural evolution scenarios for machine learning [3]. The free-energy function
is expressed as: G = ®t(c — ceq)* + B(c — Ceq) + Y(c — ceq)* + 8, based on this expression free-
energy landscapes for Cu-Mn and Pd-Rh systems are visualized in Figure 4.8(a), the same subplot

illustrates the data generation pipeline for machine learning.
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Figure 4.8 Subplot (a) illustrates the Gibbs free energy landscape for Cu-Mn and Pd-Rh alloy
system along with the method used to create the phase decomposition dataset to train the ma-
chine learning model via multiple simulations setup in [3]. Similarly, in (b) the 2D and 3D
visualization of temperature-composition dependent free energy plots for 7i-Au system are pre-
sented [4]. The visual comparison between polynomial fitted and TDB file extracted free en-
ergy expression is presented in (c) from the study of unary Au phase transformation [5]. Sub-
plot (d) represents Gibbs free energy landscape and phase stability of the 7i-Cr binary alloy.
The left plot shows the Gibbs free energy curve at 700 K with local and global minima corre-
sponding to Cr-rich and Ti-rich equilibrium tendencies, while the right graph presents the Ti-
Cr phase diagram showing the HCP + LAVES dual-phase region that supports phase separation
[1]. (e) Visualization of the thermodynamic data tensor and phase-transformation driving force
for laser-processed CoxCryFe;Ni(j_,_,_; alloy. The plot on the left shows the composition- and
temperature-dependent Gibbs free energies of LIQUID and FCC phases, while the hierarchical
sunburst chart maps the corresponding transformation driving force (Authors’ own work).
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Similarly, in Ti-Au system (Article I'V), temperature- and composition-dependent Gibbs free en-
ergy functions for each of the phases are generated by fitting the free-energy data points from
Thermodynamic Database (TDB) file [S1]. The 2D and 3D representation of Gibbs free-energy
landscape used for the study is visualized in Figure 4.8(b). These free energy functions capture the
thermodynamic driving forces for the evolution of intermetallic phases such as 7i3Au under vary-
ing thermal conditions [4]. In unary Au system (Article V), comparison between fitted (Fg) and
TDB-based (Fy) free energy formulations demonstrates that accurate representation of free energy
is essential for capturing phase-front dynamics and lag behavior [5]. The plot for Fg and Fy, Gibbs
free energy landscape is illustrated in Figure 4.8(c).

In system involving compositional heterogeneity, such as 7i-Cr (Article I), the free energy for-
mulation includes both chemical and elastic contributions with the chemical free energy fitted as
a composition-dependent function. Where the elastic strain energy arises due to lattice mismatch
between phases and influences the morphology of phase-separated regions. The addition of free en-
ergy from elastic response is an important aspect because it explicitly couples phase stability with
it, allowing the representation of elasto-chemical evolution data in tensor form [1]. The chemical
free energy contribution is shown in Figure 4.8(d) at 700 K identifies two thermodynamic minima,
indicating the tendency of the system to separate into Ti-rich and Cr-rich regions. The global min-
imum occurs near Cr composition 0.053, while the local minimum appears near Cr composition
0.983, with corresponding free-energy values of approximately -25 kJ/mol and -21.5 kJ /mol, re-
spectively. This thermodynamic behavior is consistent with the 7i-Cr phase diagram, where the
coexistence of Ti-rich HCP and Cr-rich LAVES phases confirms the phase separation. Therefore,
the free-energy landscape provides the driving force basis for modeling the evolution of Ti-Cr
microstructure using the phase-field approach [1]. For the multicomponent system such as CoCr-
FeNi, the Gibbs free energy is represented as a higher-order thermodynamic tensor corresponding
to specific alloy composition, temperature, and phase free-energy state. Direct visualization of
this high-dimensional tensor is difficult therefore, the parallel-coordinate plot as shown in Fig-
ure 4.8(e), provides a compact projection of the thermodynamic space, while the sunburst chart

translates selected tensor entries into the net driving force.

4.2.3 Interfacial reaction, and intermetallic growth

The microstructural interface becomes especially important when two chemically distinct regions
are brought into thermal contact under laser irradiation. In such systems, the interface is not merely
separating existing phases; it becomes the site of interdiffusion, reaction, and formation of new

products. This is dominant situation in the Cu,(Ti-6Al-4V), and Ti-Au studies.
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In the Cu,(Ti-6Al-4V), system, laser surface alloying introduces Cu into the near-surface region of
the Ti-6Al-4V substrate, and the interface responds the formation of 7i, Cu intermetallic compounds
[2]. The combined experimental and computational analysis showed that at an average temperature
of 1250 K, the free-energy of the IMC phase is lower than that of the matrix phase, indicating that
Tir Cu growth is thermodynamically favorable in the region close to the treated surface. The result-
ing IMC precipitates do not grow as uniform layers only; they nucleate and evolve with irregular
size, heterogenous distribution, and curvature-dependent interaction with neighboring grains [2].
This result is clearly visible in Figure 1.2 where the growth of IMC grain follows a homogeneous
or heterogenous path depends upon the initial grain morphology at nucleation.

The Ti-Au system reveals a more strongly coupled interfacial evolution. There, the intermetallic
phase TizAu forms through the reaction: 377+ Au — TizAu. The formation enthalpy of 7izAu
1s negative across a wide temperature range, indicating thermodynamic favorability [4]. Under
laser irradiation, the interface experiences simultaneous heating, local melting, interdiffusion, and
competition between HCP, FCC, LIQUID, and IMC phase. As a result, the 7izAu grain does
not grow in isolation; its evolution is coupled to the meltpool and to the local temperature- and
composition-dependent free-energy hierarchy. The numerical modeling of IMC grain growth is
further verified by the experimental work performed by Bialas et al. [38]. Figure 4.9 illustrates the
similarity between experimental microstructural image (4.9(a)) with Ti3Au intermetallics formed
due to laser treatment of Au-coated Ti film to the phase-field laser processing simulation generated

result in Figure 4.9(b) in Ti-Au system.

Figure 4.9 (a) Experimental image showcasing the microstructural morphology of TizAu IMC
grains highlighted inside the magenta box formed as the result of laser treatment of Au-coated Ti
film post cooling [38]. ¢ Multiphase-field simulation snapshot illustrating the IMC grain evolution
as the result of laser processing in Ti-Au system highlighting the formation and growth of irregular
and distinct IMC grains aligning the simulation result with experimental findings [4].

In the 7i-Cr system, the physical scenario is different, because the key process is phase separation
rather than laser-induced intermetallic formation. Even so, the underlying theme is consistent:
the microstructure evolves because phase instability drives the materials towards coexisting lower-

energy states. The HCP-LAVES separation pattern generated in Article I provides the basis for
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the later tensor representation, demonstrating that even when the system does not form a laser-
produced IMC layer, the interface-rich morphology itself can be encoded and reconstructed as

structured microstructural informatics [1].
4.2.4 Morphological and interface-sensitive data

Microstructure in this dissertation is not restricted to phase identity alone. It is also quantified
through geometry and morphology. This is necessary because the scientific problem of the thesis
is not only to simulate whether a phase exists, but to quantify how interface evolves in shape, size,
continuity, and temporal progression. For this reason, the microstructure is characterized through
descriptors such as meltpool area, width, depth, IMC thickness, phase-area fraction, shape index,

blob features, and microstructural similarity index [3-5].
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Figure 4.10 Shape index analysis detects and compares microstructural phase-interface in Pd-Rh
and Cu-Mn alloy system between ground truth (GT) and model-predicted (PD) microstructural
frames. In Pd-Rh (a), predictions show extra interfacial regions (at shape index value o; = 0) and
in Cu-Mn (b), predictions lag with missing interfaces. Twin histograms (c) reveal sharper phase
separation in Pd-Rh versus broader interfaces in Cu-Mn [4].

Article IV quantifies microstructure through the evolving areas of the individual phases, the thick-
ness of the TizAu intermetallic layer, the depth and width of the meltpool under different irradi-

ance, and scan-speed conditions (illustrated in Figure 4.4(a-b)). Article V quantifies meltpool
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morphology and flow by using temperature fields to predict phase shape and flow velocity within
the meltpool. Article II links microstructural evolution to experimental cross-sectional evidence
and shows that the irregular morphology of 7i,Cu grains is not a secondary detail but a defining
characteristic of the laser-interface response.

Article III directly addresses interface-sensitive morphological interpretation by moving beyond
pixel-wise similarity and employing metrics such as microstructural similarity index (Lszys), gray
histogram, blob detection, and shape index to preserve interfacial information. This is illustrated in
Figure 4.10 (a-b), where the predicted microstructure (PD) appears visually similar to the phase-
field ground truth (GT), yet differences become evident when analyzed through curvature-based
shape index, which isolates interface regions. Further quantification is provided in 4.10(¢) through
pixel intensity distributions, revealing measurable differences in phase morphology and feature
distribution between GT and predicted frames. These descriptors collectively enable an interface-

aware characterization of microstructure beyond visual resemblance.
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Figure 4.11 (a) Elastic effects uneffected microstructural shapshot. (b) Deformation from elastic
strain (¢* = 0.1 in a, 0 in ). (¢) Tucker decomposition reconstruction (at 10% sparsity) preserves
composition and deformation. Spider chart (d) and (e) represents the microstructural similarity
index (uszpr) showing Tucker method (z7) excels over CP () [4].
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Article I provides the final representational layer, where the evolving microstructure are converted
into a dense tensor, sparsified, decomposed, and reconstructed, demonstrating the microstructure
can be handled not only as a physical field but also as a structured data object without losing the
essential interfacial content [1]. As shown in Figure 4.11, the tensor sparsification, decomposition
and reconstruction can play a pivotal role in reducing the microstructural data size up to 90% with
reconstruction accuracy over 94% using the Tucker decomposition technique while preserving the
compositional and elastic-deformation information.

The discussion here shows that microstructure, within this framework, is the thermodynamic and
morphological response to laser-controlled energy input. It evolves through coupled composition
fields, order parameters, interfacial energies, and temperature-dependent material properties, and it
manifests itself as changing phase fractions, meltpool shapes, intermetallic products, and interface
morphologies. Because these structural states are both physically meaningful and computationally
representable, they can be simulated through multiphysics phase-field models, encoded through

tensor-based formats, and later predicted through machine learning architectures [1-5].

4.3 Methodology

The methodology developed in this dissertation provides the structural bridge between the physical
processes governing .-/ interaction and the computational framework required for their quan-
tification and prediction. As summarized in Figure 4.12, the framework begins with multiphysics
phase-field modeling in Eulerian frame, where composition, temperature, phase-field, velocity,
and pressure fields are solved together under laser irradiation. The model separates material re-
sponse into bulk thermodynamic properties, interfacial parameters, and laser heat-source terms,
while using thermodynamically consistent interpolation to transfer bulk properties across diffuse
interfaces. This is essential because the .Z-.# interface is governed by coupled thermal, chemical,
kinetic, and interfacial processes that cannot be captured through isolated modeling or purely data-
driven approaches. The methodological framework consists of three interconnected layers. The
first layer is multiphysics phase-field modeling, which generates thermodynamically consistent
spatio-temporal microstructural data under laser irradiation. The second layer is thermodynamic
tensor modeling, which encodes the high-dimensional simulation outputs into structured formats
suitable for efficient storage, reconstruction, and learning. The third layer is the physics-informed
machine learning framework, which uses the tensorized data to predict microstructural evolution,
meltpool behavior, and interface dynamics. Together, these layers form the basis of a scalable

computational framework that supports Digital Twin development for .Z’-.# interaction [5].

29



/m %

, th ~
e ST 5]
<)

4
o
«4<§+2}%§
V) 4y 3

33 ssian - 1 m
A +-IV'KiIL%ﬁiiiIQ?

’- mZ V0 /&
\\\ P asum <

Qlaser
Source

Figure 4.12 Graphical overview of the multiphysics phase-field methodology for laser-induced mi-
crostructure evolution in compositionally complex alloys. The framework combines field variables,
bulk thermodynamic properties, interfacial parameters, laser heat-source terms, and thermodynam-
ically consistent interpolation to generate physics-based data for tensor modeling, machine learn-
ing, and Digital Twin development. (Authors’ own work)

4.3.1 Multiphysics modeling

The first stage of the methodology is the generation of high-fidelity microstructural evolution data
through coupled physics simulations. These simulations form the foundation of the entire frame-
work because they provide physically consistent descriptions of temperature evolution, phase trans-
formation, interface motion, meltpool-flow dynamics.

Across the included studies, the phase-field method is used to model both conserved and non-
conserved fields. The composition field evolves through diffusion-driven processes, while the
phase field evolves according to thermodynamic driving forces derived from bulk and interfa-
cial free-energy functions. In the 7i-Cr system Article I, this approach captures phase separation
and elastic effects, generating microstructures with heterogeneous morphology and compositional
variation. In the multicomponent Cu,(7i-6Al-4V), system Article II, finite-element heat-transfer
analysis and phase-field modeling are combined to describe laser-induced Ti;Cu intermetallic
growth in the Ti-6Al-4V matrix. In the 7i-Au system Article IV, the framework is extended to
a non-isothermal, multiphase environment where LIQUID, FCC, HCP, and IMC phases coexist

and evolve simultaneously under laser irradiation. In the unary Au system Article V, the model
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further incorporates meltpool dynamics, laser beam profile variation, and flow behavior including
Marangoni convection, allowing the simulation of both phase evolution and velocity fields.

The governing partial differential equations for heat transfer, phase evolution, diffusion, and fluid
flow, together with temperature- and composition-dependent material properties, are tightly cou-
pled and solved using the Finite Element Method within the MOOSE framework [49, 50]. This
enables a consistent multiphysics description of the .Z-.# interaction across phase-separating,
interdiffusing, and laser-processed alloy systems.

The key strength of the multiphysics framework lies in its thermodynamic consistency, where evo-
lution is governed by temperature- and composition-dependent free-energy functions. This enables
physically grounded phase transformations and interfacial reactions, including the growth of 7i; Cu
and TizAu phases, as well as the lead-lag dynamics between thermal and phase fronts. As a result,
the simulations produce not only geometric microstructure but a coupled spatio-temporal dataset
comprising temperature, composition, phase distribution, and interface evolution. However, this
level of physical fidelity comes with a significant computational cost, often referred to as the curse
of dimensionality [28, 52]. The resulting high-dimensional datasets are difficult to store, analyze,

and integrate into predictive models, motivating the second stage of the methodology.

4.3.2 Tensor Model

The second stage of the methodology addresses the representation of high-dimensional microstruc-
tural evolution data in a structured and computationally efficient form. The microstructural data
obtained from phase-field simulations are encoded as multi-dimensional tensors that retain spatial,
temporal, and physical correlations. In this formulation, microstructure is treated as a data object
defined over space and time, with additional dimensions corresponding to physical variables such
as phase, temperature, and composition. This unified representation preserves continuity across
fields, unlike conventional approaches that store simulation outputs as independent snapshots.

In the 7i-Cr system (Article I), this approach is implemented through tensor sparsification, de-
composition, and reconstruction. The simulation data are first organized as dense spatio-temporal
tensors, which are then sparsified to reduce data size. Decomposition is performed using Canonical
Polyadic (CP) and Tucker methods (Figure 4.13 (a-b)), followed by reconstruction using conjugate
gradient optimization. The results show up to 28-fold data reduction can be achieved while retain-
ing approximately 94% of the microstructural information, with Tucker decomposition providing
higher reconstruction fidelity at lower data densities. An important aspect of this representation
is that the encoded data originate from free-energy-driven evolution and therefore retains physical

meaning. This allows the tensor to act as a bridge between simulation and predictive modeling,
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Figure 4.13 Schematics illustrate tensor decomposition and reconstruction from dense phase-field
simulation tensor to sparse variants (10%, 15%, 20% of original size). (a) CP decomposition
factors input .7¢ into rank-r matrices A”. (b) Tucker decomposition breaks 77 into factor matrices
A,B,C and a core tensor I, similarly optimized. Rightmost column shows reconstructed slices
(top: CP; bottom:Tucker) optimized iteratively via conjugate gradient method [1].

rather than as a purely mathematical data structure. The resulting “Thermodynamic Tensor Model”

provides a consistent framework for data storage, reconstruction, and subsequent learning tasks.

4.3.3 Physics-informed Conv-LSTM and U-Net frameworks

The third stage of the methodology focuses on machine learning models trained on tensorized out-
puts from multiphysics simulations. The purpose is to reduce the computational cost of predicting
microstructural evolution while retaining the physical information carried by temperature, phase,
composition, and interface fields. Three models are used in this dissertation: Conv-LSTM, U-Net,

and an Attention-regularized surrogate model.

Figure 4.14 A complex model architecture featuring intertwined Convolutional and LSTM layers,
forming a unique Conv-LSTM neural network. The model takes three consecutive frames from
a microstructural evolution sequence as input and predicts the fourth frame, matching input di-
mensions. It processes multiple microstructural sequences in batches simultaneously, generating
corresponding batches of the next frame as a 3D layer of convolved predictions [3].
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Figure 4.15 A schematic illustrating multi-generational microstructural prediction using a trained
Conv-LSTM model. In generation zero (GEN 0), three phase-field-simulated frames are used to
predict the fourth frame. In GEN 1, two simulated frames and one predicted frame are used to
predict the next step. In GEN 2, the input further shifts to one simulated frame and two predicted
frames. By GEN 3, all inputs are fully replaced by previously predicted frames, and the model
predicts subsequent microstructural evolution without direct simulation input [3].

The Conv-LSTM framework (Article III) is used for spatio-temporal prediction of microstructure
evolution. In this model, phase-field simulation frames are treated as ordered temporal inputs,
and the network predicts the next microstructural state while preserving spatial morphology, as
shown in Figure 4.14. Its multi-generational form, presented in Figure 4.15, progressively re-
places simulation-generated inputs with model-predicted frames. This tests whether the model
can continue the evolution beyond the original simulation sequence without rapidly losing inter-
facial information. The prediction quality is summarized in Table 4.2, where the microstructural
similarity index (Wssy) remains high across four generations for Au-Pt, Cu-Mn, and Pd-Rh alloy
systems. Because the prediction is performed directly in the physical image space, the output can
be evaluated using interface-sensitive descriptors such as gy, shape index, and blob detection.

Table 4.2 gy indices for Conv-LSTM predicted microstructures across four generations for dif-
ferent alloy systems (Au-Pt, Cu-Mn, Pd-Rh). The comparison demonstrates the ability of the model
to preserve interfacial features during multi-generational prediction in manifest space [3].

LsIM Au-Pt Cu-Mn Pd-Rh
GEN 0 0.9943 0.917 0.976
GEN 1 0.9874 0.871 0.958
GEN 2 0.9806 0.829 0.941
GEN 3 0.9676 0.792 0.916
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The U-Net framework (Article V) is used for phase and meltpool velocity prediction. As shown
in Figure 4.16, the first model (PhaseNet), maps the temperature field to the phase distribution,
while the second model (VelNet), uses temperature and predicted phase information to estimate
the meltpool velocity field. This two-step structure connects laser-induced thermal history with
both phase morphology and meltpool flow. Unlike a purely statistical mapping, the inputs and
outputs are generated from coupled phase-field simulations, so the learned relation remains tied to

the thermodynamic and kinetic behavior of the modeled system.
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Figure 4.16 Schematic of the customized multi-step U-Net architectures for phase and velocity
prediction. PhaseNet predicts phase distribution from temperature input, while VelNet predicts
meltpool velocity using temperature and predicted phase. Both share an encoder-decoder structure,
differing in input channels and training objectives [5].

Beyond the Conv-LSTM and U-Net models, the same methodology also provides a pathway to-
ward attention-based physics-informed prediction frameworks, as conceptually summarized in Fig-
ure 4.17. In this perspective, the prediction of a new laser-processing condition can be treated as
a weighted information-transfer problem, where existing physics-based simulations guide the re-
sponse at a target condition. The role of attention is not to replace the governing physics, but to
organize available simulation data according to process similarity and thermodynamic relevance.
Such a direction is consistent with the broader aim of this dissertation: to move from isolated
phase-field simulations toward reusable, data-efficient, and physically interpretable Digital Twin

components for .Z-.# interaction.
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Figure 4.17 Perspective workflow for attention-based physics-informed prediction of laser-induced
microstructural response. (a) Available simulation cases and a target processing condition are nor-
malized and projected into a common comparison space. (b) Query and key projections provide a
basis for estimating similarity between source and target conditions. (¢) Source-to-target relevance
can be visualized through weighted connections. (d) The position of target and source cases in
process-parameter space supports locality-based comparison. (e) Final weights combine attention-
based relevance with process-parameter proximity, providing a possible route for rapid prediction
without repeating full multiphysics simulations. (Authors’ own work)

4.3.4 Towards Digital Twins of materials models

The final stage integrates the physics-based, tensor-based, and machine learning components into a
unified framework for predicting .#’-.# interaction. The phase-field model generates high-fidelity
data that captures the underlying process physics, which is then organized into tensor form for
efficient storage and transformation. This tensorized data is used to train machine learning models
that learn the relationship between input fields, such as temperature, and output fields, such as
phase distribution and meltpool velocity. Once trained, these models can predict microstructural
evolution under new processing conditions without requiring full multiphysics simulations.

This framework is illustrated in Figure 4.18, where the Virtual Digital Twin consists of two hier-
archical models: MicroTwin, which predicts meltpool morphology and phase from temperature,
and FlowTwin, which uses this information to estimate velocity fields. Trained in phase-field data,
the models operate on temperature inputs obtained from simulations. The predicted outputs are
visualized and incorporated into a feedback loop that adjusts laser parameters through a WebApp
interface, enabling real-time monitoring and control. The computational efficiency of this frame-
work is summarized in Table 4.3, where the inference time is compared across different computing

platforms, including embedded hardware (Raspberry Pi 4), workstation-level systems, and cloud-
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based deployment. The results demonstrate that the model achieves sub-second prediction times

across all platforms, confirming its suitability for real-time Digital Twin applications.
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Figure 4.18 Flowchart of the Virtual Digital Twin framework for real-time melt-pool prediction
and control using U-Net models via WebApp interface. Phase-field simulations provide training
data for MicroTwin (PhaseNet), which predicts phase from temperature, and FlowTwin (VelNet),
which predicts velocity using temperature and MicroTwin outputs [5].

Table 4.3 Comparison of inference time for the Virtual Digital Twin framework across different
computing platforms showing sub-second prediction times for phase and velocity estimation [S].

Inference Time
Raspberry Pi 4 ~0.265 s
Dell Precision 7920 Tower ~0.192 s
Cloud Computing via Streamlit ~0.397 s
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This integrated framework combines physical fidelity from phase-field modeling, data efficiency
from tensor representation, and predictive capability from machine learning. It establishes a consis-
tent flow of information across stages, where laser parameters define the thermal field, the thermal
field drives phase evolution, and the resulting microstructure is used for predictive modeling. As
a result, the framework functions as a scalable Digital Twin for .Z-.# interaction, maintaining

consistency with the underlying thermodynamic behavior.

4.4 Hierarchical determinants of .Z-.# Interaction

The Z-.# interface evolves under the combined influence of external processing conditions and
internal material response. Rather than treating all factors equally, a reduced set of dominant
determinants that directly govern interface behavior. Based on the integrated framework developed
in this work, these are grouped into three categories: (i) laser-side, (ii) material response, and (iii)

interface-level in between. This classification emphasizes causality over description.

4.4.1 Laser-side control variables

Laser parameters define how energy is introduced into the system. Irradiance sets the magnitude
of thermal input and determines meltpool size and reaction extent. Scan speed controls interaction
time, governing the duration of thermally activated processes. Beam profile defines spatial distri-
bution of energy, shaping thermal gradients and meltpool geometry. These variables act jointly to
define the effective process window within which interfacial evolution occurs [4, 5].

Across the included studies, the specific laser variables differ depending on the alloy system, and
intended physical response. The laser-side process window is defined using discrete combinations
of laser power, irradiance, scan speed, and beam radius used to generate thermal, phase, velocity,
and composition fields. A few laser-side parameter values used in the study are listed in Table 4.4.

Table 4.4 Laser power, irradiance, scan speed, and beam radius values used for the phase-field
simulations and machine learning modeling [2, 4, 5].

Parameter Values
Laser power, P (mW) 25
Laser Irradiance, [ (kW/cm2) 0.244, 0.269, 150, 134.6
Scan speed, v (mm/s) 0.03, 200
Beam radius, r (um) 0.12, 70, 122.5

A useful interpretation is that laser parameters define the accessible thermodynamic space. They
determine the temperature-time conditions that can be reached and, consequently, which transfor-

mations are possible, without uniquely fixing the resulting microstructure.
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4.4.2 Microstructure response variables

Material variables govern how the alloy system responds to the imposed thermal conditions. These
variables include composition, thermodynamic stability, diffusion kinetics, and interfacial mobil-
ity. Composition defines the possible phase pathways, while the free-energy landscape determines
which phases are thermodynamically favorable. In systems such as 7i-Au (Article IV) and Cu,(7Ti-
6Al-4V), (Article II), intermetallic formation is therefore controlled by the combined effect of
chemical composition, free-energy stability, and laser-induced thermal history. However, thermo-
dynamic stability alone is not sufficient to determine the final microstructure, because diffusion
kinetics limit whether a phase can form and grow within the available thermal exposure time. This
introduces an important constraint in .Z-.# interaction: thermal and chemical processes operate
on different timescales. Heat transport is generally faster than mass diffusion, which creates a
mismatch between the thermal front, phase front, and chemical diffusion front. This lag affects
the location, extent, and morphology of interfacial reactions during laser processing [4]. Material
variables therefore act as microstructure-side filters on the imposed laser input, determining which

transformations can occur within the accessible processing window.

4.4.3 Numerically fingerprinting the interfacial dynamics

Interfacial evolution emerges from the coupled action of thermodynamic driving forces and diffu-
sion kinetics, rather than purely geometric considerations. A key descriptor identified in this work
is the lead-lag dynamics between thermal and phase fronts. Because phase evolution requires both
thermodynamic driving force and mass transport, the phase boundary does not instantaneously fol-
low the thermal field, resulting in a spatial and temporal offset that defines the effective interface
position [4, 5]. This lag is a fundamental characteristic of non-isothermal microstructure evolution
and directly influences meltpool-microstructure interaction. Its manifestation at the interface is
reflected through geometric features such as curvature, thickness, and connectivity, which govern
whether the morphology evolves smoothly or develops instabilities.

To quantify this behavior, the interface is characterized using geometric and image-based descrip-
tors such as phase area, interface thickness, shape index, blob structures, and microstructural
similarity index [1, 3]. These descriptors provide measurable representations of morphology while

preserving spatial information at the interface level.

4.5 Multi-level quantification of .Z’-.# Interface

The central objective of this dissertation is not only to simulate or predict microstructure evolution,

but to quantify the Z-.# interface in a consistent and physically grounded manner. Quantifi-
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cation here refers to the ability to represent, measure, compare, and predict interface behavior
across processing conditions and material systems. This requires a framework that connects ther-
modynamic variables, spatial morphology, and data-driven descriptors within a unified structure.
The approach developed in this work defines interface quantification across four interconnected
levels: (1) thermodynamic representation, (ii) field variables, (iii) geometric descriptors, and (iv)
data-driven similarity measures. These levels form a hierarchy in which physical processes are

progressively transformed into measurable quantities suitable for analysis and prediction.

4.5.1 Thermodynamic representation of the interface

At the most fundamental level, the interface is defined through thermodynamic fields derived from
free-energy formulations. Bulk and interfacial free-energy densities govern phase stability and
interface motion, while temperature and composition define the local thermodynamic state. In
multiphase systems, the interface emerges as a region where competing phases evolve under a
temperature-dependent free-energy landscape driven by energy gradients. This provides a physi-
cally consistent definition of the interface, but it is not directly measurable.

This thermodynamic definition is realized through continuous field variables obtained from phase-
field simulations, including temperature, composition, phase fraction, and velocity. In this frame-
work, the interface is a diffuse region, and its position is quantified through the spatial evolution of
order parameters or phase fractions. This enables extraction of quantities such as meltpool bound-
aries, phase-front trajectories, and temporal effects including the positional lag between thermal
and phase fronts.

For practical quantification, these fields are reduced to geometric and morphological descriptors
such as meltpool depth and width, intermetallic layer thickness, phase fractions, and grain mor-
phology [4, 5]. These descriptors link process conditions to microstructural outcomes and capture
variations in interface geometry. In addition, local features such as curvature, grain boundaries,
and spatial phase distribution distinguish microstructures with similar global characteristics but
different interfacial structures. At the highest level of abstraction, the interface is encoded using
data-driven descriptors that preserve spatial and structural information. These include microstruc-
tural similarity index, blob detection, (Article I), grayscale histogram features, and shape index
(Article III). Unlike purely geometric measures, these descriptors capture both global agreement

and local interfacial features, enabling rigorous comparison and evaluation of predictive models.

4.5.2 Tensor-based quantification and ML approaches

The tensor-based representation provides a unified structure for encoding microstructural evolution
while preserving spatial, temporal, and physical correlations. The interface is implicitly embedded
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within this representation through the evolving field variables. Tensor decomposition and recon-
struction enable efficient handling of large datasets while retaining essential interfacial features
[1]. The fidelity of this representation is evaluated using metrics such as root mean square error
and microstructural similarity index, which quantify the preservation of interface morphology.
Building on this representation, machine learning models are used to predict interface evolution.
Tensor-encoded data serve as inputs to predictive frameworks, such as U-Net architectures, where
temperature fields are mapped to phase distribution and velocity fields [3, 5]. This establishes a
direct link between thermal input and microstructural response, enabling prediction of interface
dynamics under varying conditions.

The overall framework integrates multiple levels of representation into a unified pathway from
thermodynamic driving forces to predictive modeling of interfacial behavior, with each level con-

tributing a distinct role in interface quantification:

(i) Thermodynamic representation defines the driving forces for interface evolution
(i1) Field variables define its spatial and temporal evolution
(iii)) Geometric descriptors define its measurable morphology
(iv) Data descriptors enable comparison and evaluation

(v) Tensor representation enables efficient storage and transformation

(vi) Machine learning enables prediction under new conditions
4.6 Major Findings

This section consolidates the key findings of the integrated framework developed in this chapter
and aligns them with the scientific hypothesis defined in Chapter III. The main finding is that
interface evolution can be quantified only when laser processing, thermal history, composition-
dependent thermodynamics, morphology, tensor representation, and predictive learning are treated

as a connected information pathway rather than as separate modeling outputs.

4.6.1 Kinematics of interface attributes

The multiphysics phase-field simulations show that .Z’-.# interaction is governed by coupled ther-
mal, chemical, and interfacial processes. The thermal field defines meltpool geometry and transfor-
mation conditions, while the free-energy landscape controls phase stability and interface motion. In
both 7i-Au and Cu,(Ti-6Al-4V), systems, intermetallic formation is driven by the coupled influence
of temperature and composition under non-isothermal conditions.

A key finding is the sensitivity of interface evolution to the formulation of the free-energy function.
TDB-based free-energy expressions produce a gradual and physically consistent increase in driving
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force (ramp-up rate ‘A’), whereas fitted expressions exhibit a steeper response at elevated temper-
atures, leading to accelerated non-physical phase evolution. This difference alters transformation
rates, interface propagation, and meltpool morphology. As presented in Article V, TDB-based for-
mulations capture realistic evolution pace, while fitted models overestimate temporal progression.
Additionally, a consistent lead-lag between thermal and phase fronts is observed, confirming that
heat transfer and phase transformation operate on different timescales. This lag, arising from the
disparity between thermal and chemical diffusion, directly influences interface location and growth

[4, 5]. It demonstrates that interface evolution cannot be inferred from temperature fields alone.

4.6.2 Compact representation of .7;;,p, and A7 ycal

The tensor-based representation shows that high-dimensional microstructural data can be com-
pressed and reconstructed while preserving essential spatial and interfacial features. Sparsification
and decomposition achieve significant data reduction with minimal loss of structural information.
Tucker decomposition consistently yields higher reconstruction fidelity than CP decomposition,
particularly at moderate sparsity levels. These results confirm that tensor representation retains
both global morphology and local interface characteristics, allowing microstructure to be treated

as a structured spatio-temporal dataset rather than independent snapshots [1].

4.6.3 Portable information at manifest space

The machine learning frameworks predict microstructural evolution and meltpool behavior with
high accuracy while preserving spatial fidelity. The Conv-LSTM model enables multi-generational
prediction of microstructure evolution, maintaining interface morphology as verified by microstruc-
tural similarity index, blob detection, and shape-based metrics. The U-Net framework extends this
capability by mapping temperature fields directly to phase distribution and velocity. A key result
is that prediction is performed in physically interpretable manifest space rather than latent repre-
sentations. This ensures that interface features remain measurable and comparable, linking model

predictions directly to physical microstructure [3, 5].

4.6.4 _£-.7# information retention

The integration of multiphysics modeling, tensor representation, and machine learning establishes
a consistent framework for both simulation and prediction of .Z-.# interaction. This framework
preserves the flow of information from laser parameters to thermal fields, from thermal fields to mi-
crostructure, and from microstructure to predictive models. It demonstrates the key characteristics
of a Digital Twin system: physical consistency, data efficiency, and predictive capability. The use

of tensor representation ensures that multiphysics information is retained during the transition from
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simulation to learning, enabling scalable and physically grounded prediction of interface behavior.
Beyond predictive capability, the framework supports near real-time autonomous inference, where
microstructural response is continuously estimated from temperature inputs without requiring re-
peated multiphysics simulations. The demonstrated sub-second inference times and deployment
across embedded, workstation, and cloud platforms indicate that the system operates beyond a
purely conceptual stage and approaches a functional Digital Twin implementation [5]. This po-
sitions the framework within an intermediate Technological Readiness Level (TRL), where core
components are validated in a controlled computational environment and integrated into a feedback-
enabled predictive pipeline. Within this setting, the framework provides a foundation for condi-
tional automation in additive manufacturing, enabling adaptive control based on real-time inputs
such as temperature, meltpool morphology, and phase evolution through continuous prediction
and feedback, supported by phase-field simulations and machine learning architectures as the core

building blocks for data-driven process control.

4.7 Integrated outcomes

The findings presented in this chapter demonstrate that the .Z’-.# interface can be systematically
represented, quantified, and predicted through an integrated framework combining thermodynamic
modeling, tensor representation, multiphysics simulation, and machine learning. This directly ad-
dresses the objectives defined in Chapter II: multiphysics simulations capture the governing ther-
mal, chemical, and interfacial processes; tensor representation provides a structured form for mi-
crostructural evolution data; and machine learning enables scalable prediction while preserving
spatial and interface-level information.

At a broader level, the results show that the interface is not an isolated geometrical feature, but a
dynamic outcome of coupled thermal input, material response, and local morphology. By linking
these components within a consistent framework, the dissertation converts complex microstructural
evolution into measurable, compressible, reconstructable, and predictive quantities. This estab-
lishes the methodological basis for treating laser-induced microstructure evolution as a physically

meaningful information pathway rather than as separate simulation outputs.
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CHAPTER V

CONCLUSIONS AND FUTURE OUTLOOKS

5.1 Conclusion

This dissertation addressed the problem of representing, quantifying, compressing, reconstructing,
and predicting the laser-microstructure (.£’-.#) interface in alloy systems. The work showed that
this interface is not only a geometrical boundary between phases, but a dynamic region where
thermal history, composition, free-energy landscape, diffusion, interfacial reactions, and meltpool
flow jointly determine microstructural evolution.

The phase-field studies demonstrated that laser-induced interface evolution is governed by coupled
thermal, chemical, and interfacial processes. In the Cu,(Ti-6Al-4V), and Ti-Au systems, the com-
bination of finite-element heat-transfer analysis, non-isothermal phase-field modeling, and ther-
modynamic free-energy descriptions showed that intermetallic formation depends on local thermal
exposure, composition, and diffusion kinetics. The observed mismatch between thermal and phase
fronts confirmed that temperature fields alone are insufficient to describe interface motion during
laser processing.

The tensor-based part of the work showed that microstructural evolution can be converted into a
structured and compact representation without losing essential interfacial information. By applying
sparsification, decomposition, and reconstruction, the Thermodynamic Tensor Representation en-
abled high-dimensional microstructural data to be treated as a portable object for storage, analysis,
and prediction while preserving global morphology and local interface features.

The machine learning studies established that microstructural evolution can be predicted directly
in manifest space. Conv-LSTM models enabled multi-generational prediction of evolving mi-
crostructures, while U-Net based MicroTwin and FlowTwin models connected thermal fields to
phase and velocity responses in laser-processed meltpool systems. These models retained spatial
interpretability and allowed prediction quality to be evaluated through interface-sensitive descrip-
tors rather than only global error metrics.

Overall, the dissertation establishes a computational route toward Digital Twin development for
laser-processed multicomponent alloys. The main contribution is the integration of thermodynami-
cally consistent simulation, tensor-based microstructural representation, and physics-informed pre-
diction into a single framework for describing the .Z-.# interface. The five included publications
together demonstrate that microstructural evolution can be analyzed not only as a sequence of
simulation images, but as a physically meaningful information pathway linking laser input, ther-

modynamic response, interface morphology, and predictive learning.
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5.2 Future outlook

The results of this dissertation provide a foundation for extending thermodynamic tensor repre-
sentation, multiphysics phase-field modeling, and physics-informed learning toward more adaptive
Digital Twin frameworks. The immediate future direction is to increase the scale, transferability,
and practical applicability of the developed methodology. This includes larger simulation domains,
longer processing times, broader process windows, and a wider range of alloy compositions. Such
extensions are important because .Z’-.# interaction is controlled not only by the imposed process
parameters, but also by material-side variables such as thermodynamic stability, diffusion kinetics,
and composition-dependent transport behavior.

A key future direction is the development of composition-aware prediction models for multicom-
ponent alloy processing. In such systems, the microstructural response is not determined only by
laser power, scan speed, or beam shape. Even small differences in initial alloy composition may
alter free-energy stability, meltpool morphology, phase evolution, and interface motion. Therefore,
future models should treat composition as an active input variable rather than a fixed material de-
scriptor. This would allow thermodynamic data, phase-field simulations, and learned mappings to
be combined for rapid exploration of process-composition windows. Current ongoing work ex-
plores this direction by extending the physics-informed learning concept toward multicomponent
laser processing. In this perspective, the model architecture discussed in Figure 4.17 provides a
route for using existing simulation data to estimate the response at new processing conditions.
The prediction problem can be interpreted as a weighted information-transfer task, where available
physics-based simulations guide the response at a target laser condition. This type of approach
is especially relevant for multicomponent alloys, because composition introduces an additional
material-side variable that can modify the effective thermal and microstructural response.

Figure 5.1 presents preliminary results that indicate an outlook toward this future direction. The
current phase-field model and its Al-surrogate are useful for predicting spatio-temporal fields and
meltpool-related properties in medium-entropy alloy systems with principal elements N < 5. How-
ever, the direct extension of such models to high entropy alloys (HEAs) design (N > 6) remains
challenging because the composition state space becomes significantly larger with increasing de-
grees of freedom, even though the temperature state space can be resolved more straightforwardly.
Therefore, the present medium-entropy alloy-based model can serve as a gateway framework for
developing more advanced future models for additively manufactured HEAs once the challenges
associated with composition-space design are addressed. The temperature profiles show that alloy
systems containing the same principal elements, but with small differences in their initial compo-
sition, can produce different thermal responses under comparable laser-processing conditions. The
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peak-temperature variation and meltpool-depth comparison further indicate that composition can
influence the effective thermal history and meltpool morphology. These observations support the
broader conclusion of the dissertation that the .Z-.# interface is governed by both process-side

variables and material-side variables.
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Figure 5.1 Future outlook on composition-aware thermal response and meltpool morphology pre-
diction. An Al-surrogate of a composition-state-space-aware meltpool computation model, devel-
oped for a medium-entropy alloy-type system (N < 5), can serve as a gateway foundation for the
future design of additively manufactured high entropy alloys (N > 6), where N is the number of
principal alloying elements. (a) Temperature profiles along line AB for different laser powers and
scan speeds, compared for two slightly different initial composition states of the same multicom-
ponent alloy system. (b) Temporal peak-temperature variation under different laser conditions. (c)
Meltpool-depth rose diagrams comparing the two initial compositions at constant laser power and
different scan speeds. (Authors’ own work)

Another important future direction is the coupling of simulation-driven models with experimental
sensing and uncertainty quantification. The machine learning models developed in this dissertation
are trained primarily on simulation-generated data. Although these data are physically grounded,
experimental process monitoring would introduce additional information related to powder-bed
variability, surface condition, and measurement noise. Integrating such data with thermodynamic
tensor representations would make the Digital Twin framework more robust and closer to practi-
cal laser powder bed fusion applications. The Tensor Model can also be further developed into an
adaptive data structure for active learning. Instead of storing simulation outputs only after computa-
tion, future workflows could use tensor reconstruction error, interface descriptors, and uncertainty
estimates to decide where new phase-field simulations are most needed. In this way, the tensor
representation would become not only a compression and reconstruction tool, but also a guide for

selecting new simulations in high-dimensional process-composition space.
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These future directions do not change the main contribution of the thesis, which is established
through the included published articles. Rather, they show how the completed thermodynamic
tensor and multiphysics learning framework can be extended as machine learning methods and
Digital Twin concepts continue to evolve. A long-term perspective is the development of flexible,
composition-aware, and uncertainty-aware Digital Twin tools in which thermodynamic databases,
phase-field simulations, tensor representations, and learned models operate together to rapidly ex-

plore laser-processing conditions for multicomponent alloys.
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Tailoring the microstructural design of a metastable two-phase Ti-Cr dental implant alloy with the optimal
quantity of Cr-rich LAVES structure requires an integration of computation with informatics. This research
introduces a stepwise process for generating alloy microstructure data using the phase field method, followed
by sparsification and tensor computation techniques to reconstruct a microstructural informatics database for
Ti-Cr alloy. This results in a significant 28-fold reduction in data size. Characterized by inpainting accuracies
of 94.38% (Tucker decomposition) and 90.38% (Canonical Polyadic), the Tucker method is declared as the
superior one in preserving microstructural elastic deformation information. The findings suggest that tensor
computation methods present a robust strategy for accurately reconstructing complex microstructures, offering

valuable insights for the digital manufacturing of Ti-Cr dental implant alloy.

Titanium-based alloys, known for their nearly ideal metallic bioma-
terial characteristics, play a crucial role in contemporary dental implant
applications. Extensive studies highlight the exceptional performance
of 3D printed Titanium implants, showcasing excellence in biocom-
patibility [1,2], corrosion resistance [3,4], stability [5], a favorable
strength-to-weight ratio [6], resistance to wear and fatigue [7], and
hydrophilicity [8], establishing them as the optimal choice for maxillo-
facial [9] and mandible reconstruction [10].

In this context, the Titanium-Chromium (Ti-Cr) binary alloy emerges
as a compelling option for dental implants [11]. Its attributes, such as
improved mechanical performance [12], resistance to high tempera-
ture, oxidation, and excellent biocompatibility [13], position it favor-
ably compared to the potentially toxic Ti-6Al-4V implant material [14].
Furthermore, Ti-Cr, a titanium alloy considered to be bio-inert in na-
ture [11,15], exhibits considerable strength and resistance to mechano-
chemical wear [16] and corrosion within the human body [17]. By
subjecting the Ti-Cr alloy to heat treatment during 3D printing, its mi-
crostructure can be precisely tailored, offering advantages over conven-
tional methods [13]. Mechanical properties such as bending strength,
capability of elastic recoverability [18], and micro-hardness [16] un-
derscore the alloy’s performance, with higher Cr content enhancing its

properties [19,20]. Studies reveal a spinodal decomposition in the Ti-
Cr binary alloy system [21,22], leading to Ti-rich (a) and Cr-rich (f)
phases, providing opportunities for tailored microstructure design in
dental implants through 3D printing.

Building upon this foundation, we present a groundbreaking ap-
proach: designing a microstructural informatics database of the Ti-Cr
phase through the tensor computation method. Our work capitalizes
on a high-dimensional dense microstructural-evolution tensor, recon-
structed from a sparsely populated compositional tensor of the Ti-Cr al-
loy system undergoing phase separation. This innovative method could
facilitate on-the-fly design and development of microstructural evolu-
tion during manufacturing, including but not limited to the 3D printing
process.

The overall computational modeling and data compression tech-
nique, potentially beneficial for digital manufacturing, is schematically
depicted in Fig. 1. Fig. 1a illustrates the simulated phase separation of
the Ti-Cr alloy system using the physics-based Phase Field (PF) method.
This simulation generates microstructural data (X y) to serve as mi-
crostructure (y) informatics in the tensor computation system (Fig. 1b).
For example, the graph in Fig. la obtained from the PF simulation
quantitatively reveals the individual areas of the Ti-rich HCP region
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Fig. 1. The presented workflow delineates the 3D printing process for Titanium-Chromium dental implants, highlighting its proficiency in swiftly producing a
biocompatible, mechanically robust, and corrosion-resistant alloy. (a) Phase-field modeling (PF) revealing phase separation during printing, leading to the formation
of a corrosion-resistant Cr-rich () phase. Microstructure informatics (X,) obtained from PF simulation guide Tensor Computation. The graph in the inset of (a)
presents the temporal evolution of mathematically integrated area of relatively more corrosion resistant LAVES (Cr-rich) microstructure within the metastable
two phase alloy at 700.15 K. With two distinct initial Cr compositional conditions for simulation, denoted as c,,_og (red colored line) and c,,_, 5 (green colored
line), leading to varying growth rates in microstructural area proportions: 0.7744 and 0.436 respectively at the end of the simulation. (b) Illustration of Tucker
tensor decomposition as a computational method, involving factor matrices .A, B, C, and core tensor 7, facilitating microstructure sparsification, decomposition,
and reconstruction (X MR). (c) 3D printing of Ti-Cr dental implants incorporating microstructure-informed tensor modes [U;;I]’ [U)‘:i], [Uf;], alongside PF simulation
characteristics of phase separation temperature (7”") and Chromium-rich phase design (Cgo). (For interpretation of the colors in the figure(s), the reader is referred
to the web version of this article.)

and Cr-rich LAVES region in a domain of 2500 nm? at 700.15 K. Two [44 =V.MV <M — KV2c> [¢))
phase field simulations with different initial Cr compositions, ¢; _og ot de

and ¢, _ 5 resulted in area proportion of 0.7744 and 0.436 respectively, Here, c represents the mole fraction of Chromium (Cr), M is the
making the tailored design of Cr-rich () phase for dental implant possi- mobility (1.4326 x 10729 m5 /Js), and « the gradient energy coefficient
ble. As the LAVES phase offers better corrosion resistance, its area pro- (1.2357 x 1071° J/m). The chemical and elastic energy of the system
portion within the alloy is a determinant of the overall usability in den- are represented by f.,.m(c) and f,;(c) respectively. Chemical energy

tal applications. The methodology involves storing high-dimensional
microstructural evolution informatics as sparse tensors, subsequently
reconstructing them into the original dense form during 3D printing
using the tensor decomposition-reconstruction method. The mapping
of tensor components and dispatching it to the 3D printer controller
can be achieved by encoding the mode of tensor with microstructural
morphology evolution in the spatial direction and data of lattice mis-
match (e*) between « and f crystalline phases as [U' )‘;l] [U;,'Ti], [U::]
represented by Fig. 1c. The representation of microstructural evolution
data in tensor format in our approach results in a substantial decrease

Senem(c) (J/mol) is calculated using system’s Gibbs free energy (G) and
molar volume (V,,,;) of Chromium provided in Equation (2) whereas
elastic energy is given by the Equation (3) [23]. Fig. 2a illustrates the
free energy of the system, fitted as the function of Chromium’s compo-
sition at 700.15 K, obtained from the thermodynamic database (TDB)
[24]. In a binary Ti-Cr alloy it is evident from Fig. 2b that the two
metastable phases namely HCP (Ti-rich a) and LAVES (Cr-rich f) co-
exists at this temperature.

a(ec — ceq)2 + flec —cq) +y(ec — ceq)6 +0

in the memory requirement for storing the oversized PF exodus. Our Fome (€)= o))
study has shown that the file size is reduced from 14.6 GB to only 0.5 chem Vool
GB, showcasing a remarkable 28-fold reduction in data size and enhanc-
ing portability. Furthermore, by incorporating elastic heterogeneity into fule)= 1 cEcP ¢E 3)
the phase separation process, our model successfully replicates the real- ¢ 27U Tk
life scenario of a dental implant alloy undergoing elastic deformation. In the above equation, €,, represents the elastic strain. A symmetry
This phenomenon is effectively captured through tensor reconstruction 9 stiffness tensor le';. 1 15 used to represent the material property of a
methods, adding a valuable layer of realism to the 3D printing of dental region p. In matrix form, this tensor would look like:
implant materials.

The phase separation in the Ti-Cr system, governed by the Cahn- C,, Cpn C; O 0 0
Hilliard Equation (1) and studied via PF method, served as input dataset Cy Cp Gy 0 0 0
for tensor@ecompos%tlon methods. We employeq two type.s of tensgr o Cy Cyp Ci 0 0 0 @
decomposition techniques, namely (i) CP (Canonical Polyadic) and (ii) ijkl —| 0 0 0 Cy O 0
Tucker, to break down high-dimensional microstructural evolution ex- 0 0 0 0 Cs5 O
odus result of PF simulation into factor matrices and core tensors. 0 0 0 0 0 Cg

2
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Fig. 2. (a) Gibbs free energy curve at 700.15K for Ti-Cr binary alloy system, revealing global (A) and local (B) minima at Cr-composition 0.053 and 0.983 with values
of —2.48631 x 10* J/mol and —2.147797 x 10* J/mol. (b) Ti-Cr phase diagram obtained from Thermocalc [25] exhibits dual-phase region of Ti-rich HCP ,; + Cr-rich
LAVESs, suggesting phase separation. (¢) PF simulation of Ti-Cr alloy phase separation performed in MOOSE Framework [26] with each subplot representing
distinct time steps. The dark blue color signifies the Ti-rich HCP phase. The colorbar at the bottom reflects the compositional perspective of Cr-rich Laves phases,
ranging from O (absence) to 1 (complete presence). (d) Schematic of PF simulation result represented in multi-dimensional array making a dense tensor with
temporal dimension presented as the depth of tensor. (e) Schematic of sparse tensor, highlighting eliminated elements (0 values) in spatio-temporal dimensions.

The 3D visualization [27] of Young’s Modulus for Ti and Cr rich
regions is shown in Fig. 3a and 3c with the variation in its value of 140
to 230 GPa for a region and 280 to 440 GPa for f region. Under the
plane stress condition used for PF simulation, the 2D visualization [28]
of Young’s Modulus is presented in Fig. 3b and 3d in the x — y plane.
Since Cr-rich region has greater Young’s modulus, its area fraction in
the total microstructure if larger can enhance the overall strength of the
alloy. As evidenced earlier PF simulations can be run to investigate the
relative area proportions of HCP (a) and LAVES () metastable phases.

Here in « region, C’fl = ng = 196 GPa, C’fz = Cgl = 83 GPa, C‘ﬁ
= Cg’l = 50 GPa, Cg3 = 251 GPa, CL = C(g5 = 52 GPa and Cgﬁ = 56
GPa. Similarly for f§ region, Cf L= ng = C§3 = 499 GPa, sz = Cf3
=cl =c =c, =c, =139GPaand !, = cf, = c/ =102
GPa [29].

The presence of lattice mismatch [30] between the metastable two
phase regions results in production of eigen strains (¢*). The total strain
(e= % [Vu + (Vu)T]) can be expressed as a function of mechanical dis-
placement (u). The following partial differential equation [31,32] repre-
sents the strain-induced mechanical deformation in the metastable two
phase (a + f) microstructures:

0% 7
v V.o,=b %)
Where, b is the body force vector and o, is Cauchy stress.
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2
At steady state, p%‘ =0 and the above equation can be rewritten

as V.o, + b =0. Piola-Kirchhoff stress for the mechanical system is pro-
vided by the following equation [33]:

P
Cljkl

(6)

As per the Khachaturyan theory [34], elastic strain (eZi) can be
defined as the disparity between the overall strain (SZ/) and the eigen-
strain, as expressed in Equation (7). The origin of this eigenstrain arises
from the incongruity between the « and g regions.

el

_ T *
€k =k~

(7)

The coupled set of partial differential equations - Eq. (1) and steady
state Eq. (5) are solved using finite element method (FEM) in MOOSE
Framework [26,35,36]. A value of 0.1 was assigned as the eigenstrain
to the a region, while f region is depicted with ¢* =0.

Two PF simulations were preformed, one devoid of elastic effect and
other incorporating elasticity. The details about the PF simulation setup
are presented in Appendix A of supplementary section.

To incorporate the composition dependent elasticity interpolating
function into PF simulation via Cahn-Hilliard equation, we introduced
the following function to interpolate Ci’;.k, along the interface of a and

B.

1

her = 1+ e-102e—D)

@
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Fig. 3. Three-dimensional representations ((a) and (c)) depict directionally dependent Young’s Modulus in elastically heterogeneous Ti-Cr alloy phases, revealing
variations from 140 GPa to 230 GPa in Ti-rich and 280 GPa to 440 GPa in Cr-rich regions. Complementary two-dimensional schematics ((b) and (d)) in the x — y
plane illustrate Young’s Modulus under plane stress conditions. This knowledge of LAVES phase’s larger modulus as compared to the HCP phase could be used in
the tailored design of metastable two phase Ti-Cr dental implant alloy with enhanced mechanical strength.

P
Cijkl

where:

For ¢ < 0.5 (Ti-rich), h,; = 0, & CIF‘J‘.M,
: ~ p P
rich), h,; ~ 1 and C‘.jkl ~ Cijk,,

where as for ¢ > 0.5 (Cr-

Cija = C(L =M +Ch ©

The diffused interface incorporates h,;, ensuring a smooth transi-
tion of the stiffness tensor. This c-dependent h,, effectively tracks and
interpolates elasticity tensor values in computational domains thereby
enabling the mathematical distinction between « and f regions.

The originally generated datasets from phase field simulations
Fig. 2c (401 x 401 FEM nodes, At=315) were converted into a tensor
of 50,652,315 elements as depicted in Fig. 2d. This tensorial repre-
sentation (77) efficiently stores high-dimensional microstructural data,
enhancing operational ease and organized access during calculations.
However, the curse of tensorial dimensionality poses several challenges
[37]. Tensor decomposition help in addressing the challenges associ-
ated with high dimensional data representation. In this study, the tensor
formed from the phase field generated dataset was first sparsified in the
proportion of 10% (illustrated in Fig. 2e), 15% and 20%. Then, the
sparse tensor was decomposed via CP and Tucker methods to be subse-
quently reconstructed (Fig. 3¢) using tensor-inpainting technique [38].
The Conjugate Gradient Method (Algorithm 1 in Appendix B) was uti-
lized in the tensor reconstruction procedure.

The results of two tensor decomposition-reconstruction techniques
on three variants of sparse microstructural tensors were analyzed using
four statistical techniques namely: (i) Root Mean Squared Error (RMSE),
(ii) Microstructural Similarity Index gy, (iii) Blob Detection, and
(iv) Shape Index confirming that tensor reconstructed microstructure
images are statistically identical. The detailed explanation and formula-
tion for these four quantification measures is presented in Appendix C.
The model corresponding to 10% sparsification had the lowest RMSE
in CP (RMSE = 0.017) and Tucker (RMS = 0.011). In context of mi-
crostructural similarity, as illustrated in Figure C.1 (Appendix C), the
same 10% sparsity model outperformed other ones. While the CP pro-
cedure yielded a g, of 90.4%, the Tucker method produced result
having pg s as high as 93.0%. For statistical evaluation in blob detec-
tion method via Determinant of Hessian (DoH), Tucker produced the
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better results. For example, in 10% sparsity, Tucker method was char-
acterized by a deviation as low as 0.04 whereas CP had a variation
of more than 0.06. The shape index evaluation (Figure C.3), the local
microstructure curvature comparison between original phase field gen-
erated data and tensor reconstructed data has been accomplished. Both
CP and Tucker reconstructed microstructures resemble to an acceptable
degree with the original data.

It is to be noted that Fig. 4a presents a snapshot of microstruc-
tural evolution in the absence of elastic effects, showcasing undistorted
microstructure in both a and p regions. On the other hand, Fig. 4b
highlights the microstructural deformation induced by eigen strain in
the a region (highlighted with a blue dotted circle emphasizing the
spatial coordinate distortion). Fig. 4c demonstrates the successful ten-
sor decomposition-reconstruction using Tucker method on a sparsely
populated tensor, preserving both compositional data and structural
deformation information caused by elastic effects. The tensor mode
([u ;7;’.], [Uf,i.], [Ufj 1) datafile related to this subplot is available at [39].
Fig. 4d depicts the Von Mises stress observed in the microstructure
due to the elastic effect leading to the deformation (dotted blue cir-
cles in Fig. 4b and 4c highlights the deformed microstructure blobs).
The magnitude of displacement in the microstructure resulting from
this stress is depicted in Fig. 4e. The spider chart in Fig. 4f and 4g
illustrates the microstructural similarity index (yg;,,) values for recon-
struction via Tucker and CP decomposition, with the sparse input tensor
(TIJ(;% ) achieving highest ug,, value of 94.38% and 90.38% respec-
tively. From these investigations, we infer that Tucker decomposition
based reconstruction for model with 10% sparsity resembles the most
original data

In conclusion, our study utilized tensor computation techniques to
explore the phase separation of Ti-Cr binary dental implant alloys,
yielding valuable insights. Employing the phase field method, we gener-
ated a spatio-temporal microstructural dataset, which was represented
as a dense tensor. From this dataset, three sparse tensor categories
were derived with sparsity levels of 10%, 15%, and 20%. The tensor
decomposition via CP and Tucker methods, followed by reconstruc-
tion using the tensor inpainting technique with the conjugate gradi-
ent method, enabled a comprehensive analysis. The quantifier yg;,,
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Fig. 4. Figure (a) presents a microstructural snapshot at a random time step,
unaffected by elastic effects, showcasing undistorted shapes. In (b), microstruc-
ture deformation arises from region-specific elastic strain, with ¢* = 0.1 («
region) and €* =0 (f region), resulting in noticeable shape distortion. (c)
illustrates the reconstructed microstructural snapshot through Tucker decom-
position with 10% sparsity, preserving both compositional data and structural
deformation information effectively. (d) reveals the Von Mises stress induced
by eigen strain in the a region, transforming circular microstructural blobs (in
a) into oval shapes (b and ¢), with stress magnitude ranging from 0 (blue) to
120.1 GPa (red). Microstructural deformation varies from 0 to 1 nm in (e).
The spider chart in (f) depicts pg;,, values for Tucker decomposition, with
the 10% sparse tensor (7'17' ) achieving the highest accuracy at 0.9438, fol-

< 0%” 457
lowed by 15% (7,%,,) and 20% (7, ) sparse tensors with commendable average

Mgy values of 0.9358 and 0.93;2{ respectively. In (g), the ug;,, index for CP
decomposition-reconstruction method across three sparse input tensors demon-
strates that Tucker decomposition, particularly with highly sparse tensors, ex-
cels in microstructure reconstruction, with the 10% sparse tensor achieving the
highest accuracy at 0.9038, followed by the 15% and 20% sparse tensors with

respectable average yg;,, values of 0.9012 and 0.8930, respectively.

demonstrated that 10% sparsity exhibited superior efficiency in ten-
sor decomposition-reconstruction compared to 15% and 20%. Notably,
Tucker decomposition consistently outperformed CP for the microstruc-
tural reconstruction of Ti-Cr dental implant material, with even the
best-case scenario for CP falling short of the worst-case scenario for
Tucker. Furthermore, the root mean square error (RMSE) consistently
favored Tucker, aligning with microstructural similarity patterns. Im-
portantly, the reconstructed microstructure revealed that information
about elastic deformation is totally preserved during the entire proce-
dure of sparsification, decomposition and reconstruction. Consequently,
we assert that tensor computation methods offer a robust and accurate
approach for reconstructing complex microstructural morphologies and
shapes resulting from anisotropic elastic loading. Since the phase field
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computed microstructural information has now been successfully rep-
resented in the form of efficient and lightweight tensors, the tailored
design of the Ti-Cr alloy could be accomplished in future with sufficient
ease. Complete information related to elastic properties and structural
morphologies of metastable two phase alloy can be supplied to a 3D
printer supported with infrastructures of digital manufacturing.

These insights are crucial as control parameters in the digital manu-
facturing of Ti-Cr dental implants alloy.
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The supplementary information for this article is presented in a sin-
gle PDF file, divided into three appendices. Appendix A provides a
description of the computational hardware utilized for conducting the
Phase Field Simulation. Appendix B outlines the two types of Ten-
sor Decomposition Techniques (CP and Tucker decomposition) along
with the algorithm for the Conjugate Gradient Method employed in
this study. This appendix includes 1 Algorithm and 1 figure (Fig B.1).
Appendix C offers detailed information pertaining to Microstructure
Quantification Metrics, including pg;5,, RMSE, Blobs detection, and
Shape Index and three figures (Fig C.1, Fig C.2, Fig C.3).
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The Ti,Cu intermetallics compound possessing an ability to release Cu®* ions has promising antibacterial
properties. This research integrates experimental and computational techniques to delve into the interfacial
intermetallic (IMC) formation within the Ti6Al4V/Cu system. Heat transfer analysis is performed to numerically
outline the thermal history within the microstructure during laser surface alloying (power = 1000 W and scan
speed = 200 mm/s), while the phase field method is employed to describe the Ti,Cu IMC grain growth in the
Ti6Al4V matrix. As the IMC and the matrix phases respectively have free energy minima of -68.52 and -61.35
kJ/mol at T4, =1250.0 K, the growth of Ti,Cu IMC grains at the Ti6Al4V matrix located around the depth
of 5 um from the top surface is thermodynamically favorable. Laser processing can cause the nucleation of IMC
precipitates of irregular sizes and curvature profiles, in which case the curvature driven effects between the
adjacent grains can additionally affect their growth kinetics. Furthermore, microbiological assays underscore
the superior antibacterial efficacy of the Ti6Al4V+Ti,Cu heterostructures as compared to the control (Ti6Al4V)
counterpart.

Interdiffusion
Antibacterial application

1. Introduction

Titanium alloys, particularly Ti6Al4V, have become outstanding
biomedical materials due to their unique properties suitable for med-
ical devices and implants [1-3]. Ti6Al4V exhibits remarkable strength
[4], corrosion resistance [5,6], and biocompatibility [7], making it an
ideal choice for orthopedic implants, cardiovascular implants, dental im-
plants, and other medical devices. The exceptional strength-to-weight
ratio of Ti6bAl4V guarantees structural integrity, concurrently fortified
by its corrosion-resistant attributes, safeguarding against degradation
within the challenging physiological milieu of the human body [8,9].
Furthermore, the biocompatibility of Ti6Al4V facilitates osseointegra-
tion, promoting the integration of the implant with surrounding bone
tissue [10]. These attributes and the ability to be easily shaped and
fabricated contribute to the widespread adoption of Ti6Al4V in various

* Corresponding author.
E-mail address: anil.kunwar@polsl.pl (A. Kunwar).

https://doi.org/10.1016/j.matdes.2024.113312

biomedical applications, enhancing patient outcomes and the longevity
of implants [11,12].

However, despite stringent aseptic measures during replacement
surgeries, titanium alloy implants remain highly susceptible to bacterial
colonization due to several factors. According to Marta and other re-
searchers, contamination from surgical procedures is the leading cause
of bacterial colonization in orthopedic implants [13]. Mirjam M. and
others also reported that Bacterial colonization occurred within 30 min
after dental implant placement. Numerous studies have also shown that
a bloodstream bacterium affects cardiovascular implants [14]. Once
bacteria establish a colony on the implant and form a protective slimy
biofilm, they become resistant to medications and the body’s immune
system, ultimately fostering recurrent infections. This resistance often
necessitates implant removal, causing patient discomfort and compro-
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Fig. 1. The significant antibacterial effectiveness of liberated Cu** ions stems from various mechanisms: Firstly, Cu>* ions interfere with the integrity of bacterial cell
membranes, causing leakage of cellular contents and eventual bacterial death. Secondly, these ions penetrate bacterial cells, disrupting crucial cellular processes such
as respiration and DNA replication, which impairs bacterial viability. Thirdly, Cu** ions promote the production of reactive oxygen species (ROS) within bacterial
cells, inducing oxidative stress and further contributing to bacterial demise. Lastly, Cu>* ions possess the capability to disrupt bacterial biofilms, preventing bacterial

colonization and persistence on surfaces.

mising the structural integrity of implants, hindering the process of os-
seointegration, and, in severe cases, leading to implant failure [15,16].

In the pursuit of augmenting the antibacterial attributes of Ti6Al4V
alloys, researchers have delved into the incorporation of antimicrobial
agents like silver (Ag), copper (Cu), and zinc (Zn) [17,18]. Notably, cop-
per integration has emerged promising due to its effectiveness against
diverse bacterial strains [19]. Significantly, this integration does not
undermine the alloy’s mechanical properties, biocompatibility, or cor-
rosion resistance [20]. Investigations have revealed that titanium alloys
infused with copper exhibit superior wear resistance, heightened hard-
ness, enhanced cell viability, and elevated corrosion resistance when
contrasted with copper-free counterparts [21,22].

Including copper in titanium alloys creates a copper-enriched phase
termed 7'i,Cu, which releases copper ions (Cu**) when exposed to mois-
ture. These liberated Cu?* showcase significant antibacterial effective-
ness, as elucidated by various mechanisms illustrated in Fig. 1. However,
conventional alloying methods such as powder metallurgy and casting
pose challenges in achieving precise alloy compositions and uniform
microstructures [23,24]. Laser surface alloying (LSA) is a promising
technique to overcome these challenges by allowing precise control and
localized incorporation of copper into the titanium alloy [25,26].

Despite significant advancements in laser surface alloying (LSA)
techniques aimed at modifying Ti6Al4V alloys with copper (Cu) to bol-
ster their antibacterial properties, a conspicuous research gap remains
regarding the precise understanding of temperature dynamics through-
out the alloying process. Existing state-of-the-art experiments need more
critical temperature data for a comprehensive analysis of the thermal
evolution involved in the formation and growth of T'i,Cu intermetal-
lic compounds (IMCs) within the alloy matrix. To address this gap,
this research introduces an innovative laser manufacturing pathway to
incorporate copper elements into Ti6Al4V alloys, enhancing their an-
tibacterial performance. Advanced techniques, including Finite Element
Analysis (FEA), were employed to overcome challenges in tempera-
ture measurement during LSA of Ti6Al4V with Cu. The computational
approach leverages thermodynamic principles to accurately simulate
temperature profiles, providing crucial insights into thermal dynamics.
Subsequently, investigations into microstructural evolution, particularly
the formation and growth of T'i, Cu IMCs, were conducted. This involved
integrating phase-field modeling to simulate the microstructural evolu-
tion and distribution of 7T'i,Cu IMCs during laser processing.

Furthermore, microstructural characterization techniques such as X-
ray Diffraction (XRD), Scanning Electron Microscopy (SEM), and Energy
Dispersive Spectroscopy (EDS) were employed to analyze the result-
ing material structure and composition. Additionally, a microbiological
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Table 1
Chemical composition of base ma-
terial, (Ti6Al4V).

Element Al Ti A
Wt% 5.66 92.21 2.13
At% 9.63 88.45 1.92

study was conducted to evaluate the antibacterial efficacy of the Ti-
Al-V-Cu alloys against relevant pathogens. By integrating experimental
observations with computational predictions, this study elucidates the
intricate relationship between processing conditions, thermodynamics,
and microstructural evolution, laying the groundwork for optimized
laser surface alloying processes and enhanced material performance in
biomedical applications.

2. Methodology
2.1. Experimental methods

The current study utilized commercially sourced titanium alloys
(Ti6Al4V) as a substrate. Employing Energy Dispersive X-ray Analysis
(EDS), a meticulous elemental analysis verified the presence of three
alloying elements within the substrate, as outlined in Table 1. Copper
powders, procured with a density of no less than 10.59 g/cm?® were ac-
quired from NMD New Materials Development GmbH and utilized as
the alloying agent. The structural characteristics of the powder parti-
cles was assessed using a Zeiss Evo MA 15 series electron microscope for
scanning (SEM). Fig. 2(c) illustrates the morphological traits of the Cop-
per (Cu) powder. The copper (Cu) powder particles exhibit a dendritic
structural pattern (Fig. 2(d)). Analyzing particle size via a laser-assisted
size analyzer, the ANALYSETTE 22 from Fritsch based in New Jersey,
USA, provided statistical D10, D50, and D90 values of 7.30 um, 18.56
um, and 34.81 pm, respectively, as depicted in Fig. 2(b)). The degree of
particle uniformity, a.k.a. as the dimensionless size span (s), is mathe-
matically computed as s = (D90 — D10)/D50 = 1.5. This value denotes
a notable level of uniformity, presenting a favorable attribute crucial for
the efficacy of the laser alloying process. The TruDisk 3302, a Ytterbium-
doped Yttrium Aluminum Garnet (Yb: YAG) disk laser system capable
of delivering continuous wave (CW) output power up to 3.3 kilowatts
(KW), was employed for the alloying process as shown in Fig. 3(a). The
focused laser spot diameter was approximately 245 pum, maintaining
a consistent distance of 20 mm above the substrate for precise laser
beam placement. To prevent oxidation of molten pools, a controlled in-
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Fig. 2. Cu powder: (a) Raw Cu powder (b) powder particle size distribution plot
showing statistical derivations and computed particle span. (c) SEM image of
pure copper powder (d) magnification of dendrite.

ert argon (Ar) shielding environment was established. Key parameters
governing the laser surface alloying process were comprehensively de-
tailed in Table 2. Notably, a laser scan speed of 200 mm/s was specified,
and a laser power of 1000 watts was utilized to alloy the Cu elements
onto the titanium alloy substrate. Other essential parameters encom-
passed an initial room temperature and a shielding gas flow rate of 118
mm/min. Following the preparation of metal powder slurry using a 4
wt percent polyvinyl alcohol solution (PVA), the application of copper
materials onto the base material was carried out.

The metallographic specimen was sectioned transversely across the
alloyed layer for microstructural analysis and embedded in Bakelite
powder using a precision mounting press for support during grinding
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Table 2
Process parameters during laser processing
and material properties of experimental sam-

ples.
Properties Values
scan speed 200 mm/s
shielding gas flow 118 mm/min
laser power 1000 W
Melting Point of Cu 1358 K
Melting Point of Ti6Al4V 1923 K
absorptance of powder bed 5.0 x 10’ m™!
initial porosity (¢,_o) 0.45

and polishing. The grinding process involved the use of the Tergamin-
30 grinding-polishing machine (Struers, Willich, Germany) and silicon
carbide (SiC) grinding paper with grit sizes of 600 and 1200. The spec-
imen was first ground with 600 grit SiC paper for 2 minutes, followed
by 1200 grit SiC paper for an additional 2 minutes. This systematic
grinding removed surface irregularities and created a smooth, flat sur-
face. Following grinding the specimen underwent a polishing process
using the Tergamin-30 grinding-polishing machine. Appropriate pol-
ishing cloths and diamond suspension or colloidal silica were utilized
to remove fine scratches and achieve a mirror-like finish, essential for
detailed microstructural analysis. To enhance adhesion and eliminate
surface impurities, a chemical etching process was employed using a
reagent composed of 5 ml of Nitric Acid (HNO3), 1.0 ml of Hydroflu-
oric Acid (HF), and 95 ml of purified water. This solution was applied
to the mechanically polished surface for a brief etching duration of 1
minute. After etching, the specimen was thoroughly rinsed with puri-
fied water to remove any residual etchant and dried using warm air to
prevent oxidation or contamination.

Microstructural analysis was conducted utilizing an optical micro-
scope (OM, Zeiss, Oberkochen, Germany) first. A comprehensive X-
ray investigation was conducted on the copper powder, the surface of
Ti6Al4V, and the Ti6Al4V-Cu alloy at a subsurface depth of 0.15 mm.

I,,.x=26.9 kW/mm?

St
Head N HE
HO |, Micro-nano Cul

PVA

particles

(b)

Slurry spray
coating—

Fig. 3. (a) Laser surface alloying system (b) Visualization of flat top [33] (¢) The computational mesh consists of two layers: the lower Ti6Al4V substrate (thickness
= 0.925 mm) and the upper Cu powder bed (thickness = 75 um). (d) computational-experimental cross-section.
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Phase analysis was conducted using an X’pert Pro X-ray diffractometer
(Panalytical, Almelo, Netherlands) equipped with a cobalt lamp X-ray
source. The X-ray diffraction measurements were performed under a
voltage of 40 kV and a current of 30 mA, following the Bragg-Brentano
geometry. The resulting diffractograms were meticulously analyzed us-
ing the X’pert High Score Plus software (version 3.0e) in conjunction
with the Inorganic Crystal Structure Database (ICSD) from Fiz (Karl-
sruhe, Germany). Chemical composition analysis was conducted on spe-
cific regions of the transversely sectioned surface. The distribution of
Ti-Cu intermetallic phases within the cross-section was determined us-
ing an SEM EVO MA10 (Zeiss, Oberkochen, Germany) equipped with an
EDS spectrum analyzer.

In a microbiological study, Gram-negative bacterial strain, Es-
cherichia coli ATCC25922, was cultured overnight. The bacterial con-
centration was adjusted to 1 X 1.0* CFU/ml. A 100 pl aliquot of
this suspension was inoculated into each flat-bottomed 12-well non-
pyrogenic cell culture plate (Biologix Europe) containing 2 ml of sterile
Lysogeny broth (LB). The specimens under investigation were then
placed into the LB and incubated overnight at 37 °C without shaking.
The LIVE/DEAD" BacLight™ Bacterial Viability Kit (Life Technologies,
Thermo Fisher Scientific) was employed to assess bacterial viability
[27,28]. The LIVE/DEAD BacLight™ kit uses SYTO™ 9 stain to label
live bacteria in green and propidium iodide to label dead bacteria in
red. Imaging and analysis were performed using an Olympus FluoView
FV1000 scanning confocal microscope. Images were captured at 400x
magnification, focusing primarily on detecting green and red fluorescent
signals. Fluorescent images were collected with the Olympus FV1000
confocal fluorescent microscope. ImageJ software (Fiji, NIH) was uti-
lized for image analysis, which involved converting grayscale images to
binary and counting the number of pixels corresponding to the stained
bacteria signal relative to the background. Further analysis using Mat-
lab R2022a involved calculating the ratio of the positive signal (white
from stained bacteria cells) to the background.

The collected bacteria were stained using BacLight™ kit in accor-
dance with the protocol of LIVE/DEAD flow cytometry concerning the
microscopy and quantitative assays [29-32]. The Thermo Scientific Var-
ioskan LUX Multimode Microplate Reader measured the signals of live
bacteria, with green-fluorescent SYTO" 9 and red-fluorescent propid-
ium iodide used to distinguish live and dead cells. Absorption/emission
wavelengths were 485/498 nm for live cells and 535/617 nm for dead
cells.

2.2. Numerical methods

2.2.1. Thermal history determination using finite element analysis

Comprehending the transient temperature distribution at the inter-
face of Ti6Al4V and Cu-powder during laser processing holds paramount
importance for orchestrating the kinetics of interdiffusion and the for-
mation of interfacial phases. The Spatial and temporal variations in
temperature profoundly influence microstructural evolution, thereby
determining the ultimate properties of the alloyed surface. Finite Ele-
ment Analysis is a potent tool for simulating the dynamic heat transfer
process during laser irradiation, furnishing a nuanced comprehension of
the temperature dynamics at the interface over time.

The focal point of numerical scrutiny lies within the Ti6Al4V/Cu-
powder interface. The dimensions of the computational domain for this
physical model encompass an 8.0 mm X 5.0 mm X 1.0 mm domain, as
depicted in Fig. 3(c). Cu powder bed layer with an effective thickness
of 75 um is spread on top of the 0.925 mm thick Ti6Al4V substrate.
Though Cu powder is composed of discrete particles, the FEA sub-mesh
for the powder bed is conceptualized as a continuum layer comprising
Cu spheres embedded within an air matrix. For an example, the effective
property (density or thermal conductivity) of the pre-sintered powder
bed layer will be computed as the weighted sum of the property of pow-
der and property of air. The T-dependent porosity (¢) of Cu-powder bed
starts to decrease drastically when temperature starts to increase beyond
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sintering temperature (T,), and becomes zero when the melting temper-
ature (T,,) is reached. At two-phase regime (mushy region) and liquid
regime, the porosity of Cu powder bed can be assumed to be equal to
zero i.e. ¢ = 0.

During the laser surface alloying process of the Ti6Al4V sample with

Cu elements, a fraction of the sample may undergo melting, leading
to the presence of both solid and liquid phases within the computa-
tional domain. The method utilizing apparent or effective heat capacity
to simulate melting in the Ti6A14V/Cu sample was used. This method
was selected for its efficacy in concurrently capturing the intricate ther-
mal dynamics inherent in laser-induced surface alloying processes. The
enthalpy of the j" material layer (whether it be the Cu powder bed or
the Ti6Al4V substrate) at a specific temperature (T) is defined by the
subsequent expression [34].
H,(T) = [ pi(Cpu+ 1,2
In Eqg. (1), the symbols p; and C,; represent the density and specific
heat capacity, respectively, of the i’ phase (solid or liquid) within the
j* layer. L ; denotes the latent heat of fusion of the j* layer, whereas
the fraction of liquid in the material layer j is denoted as f;. While the
enthalpy determination for ternary Ti6Al4V alloys is straight forward, it
will be necessary to simplify the process for computing the enthalpy of
Cu-powder bed. Since, the height and profile of two-phase regions in a
H-T curve for a given phase mainly dominates the accuracy of the finite
element analysis, it is possible to use the porosity value of two-phase
regime for the entire temperature ranges of enthalpy computation for
powder bed. At two phase regime, the T-dependent enthalpy of bulk
Cu is equal to that of Cu-powder bed. The thermodynamic CALPHAD
(Calculation of Phase Diagrams) information for the Ti6Al4V alloy is
acquired from the work of Lindahl et al. [35] whereas that for Cu is ob-
tained from Demin et al. [36]. Enthalpies of Cu and the Ti6Al4V phase
are computed using opencalphad software as a temperature function.
The resulting H(T) values for Cu and Ti6Al4V are illustrated in Fig. 4(c).
Melting points of the respective metal/alloy are delineated along the
lines exhibiting abrupt vertical shifts in the enthalpy curves (1358 K for
Cu and 1923 K for Ti6Al4V). The latent heats of fusion (L f) are quan-
tified by the overall increment in enthalpy magnitude corresponding to
these transitions within the H-T curve’s melting regime.

The laser beam (with a power of 1000 W and a scanning speed of
200mmy/s) is directed onto the upper surface of the computational do-
main, comprising the Cu-powder/Ti6Al4V material system. Initially, the
material system is at a temperature of 298 K, with the Cu powder por-
tion (of the top bed) and the Ti6Al4V base in a solid phase state. Upon
laser exposure (spot diameter: 245 pm), Cu powder primarily captures
thermal flux, initiating heat transfer.

Given the laser heat source (Q),,,) influence on the computational
domain (Fig. 5(a)), the partial differential equation (PDE) for describing
the heat transfer process is given as follows [34]

)dT 6]

G, ( % +iaVT
The transient term is the first term inside the bracket in the left-hand
side of equation (2), expressed as the partial derivative of temperature
(T) w.r.t. time (t). The convection component, which is only signifi-
cant at the meltpool regime, is the second term enclosed in the same
bracket. # in the convection term is the flow velocity, and its varia-
tion in the meltpool is described by the incompressible Navier-Stokes
equations (refer Appendix A.1). On the other hand, the first term at the
right hand side of the equation is the conduction term which is the pri-
mary mode of heat transfer throughout the whole domain. The material
properties, namely apparent heat capacity (a), density (p;) and thermal
conductivity (k) are dependent not only on the structure, composi-
tion of the 4 phases (powder Cu(s) + air, continuous Cu(l), Ti6Al4V(s)
and Ti6Al4V(1)) constituting the computational domain but also on tem-
perature. Though it will be later known that the substrate Ti6Al4V will
always remain solid(s) throughout the entire simulation duration, the

) = kthi,inT + Qluser (2)
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Fig. 4. (a) Thermal conductivity (k,,) as a function of temperature (T) across various materials and phases. (b) T-dependent density (p) of phases. (c) Enthalpies of
Copper and Ti6Al4V are expressed as a function of temperature. (d) Parabolically fitted Gibbs free energy of IMC and BCC phases at 1250 K.
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Fig. 5. The transient thermal distribution profiles (a) for the 3D computational
domain, and (b) along the scanning direction (line at which the center of the
beam spot passes) at t = 0.42, 6.84, 12.8, 21.3, 27.4 and 39.1 ms. The thermal
cycle illustrations in (c) are the temporal evolution of temperature field for the
starting (initial) point and mid-point of the domain located at the scanning path.
The peaks of the curves are when these points are intersected by the center point
of the beam during its journey.

initial model set up will take the material properties of the substrate at
both solid (s) and liquid (1) states. As Eq. (2) is primarily concerned in
the computation of thermal history, and not on microstructure evolu-
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tion; the formation of intermetallic phase is ignored at this stage and
the material properties at the interface are interpolated as the average
values of the properties for the top layer and the substrate.

OH; fot

oT for ’
the H-T curves for top and substrate layers. The thermal conductivity
(ksn,risaiav (j)) and the density prisaiap () of j"" state (j = liquid or solid)
continuum Ti6Al4V substrate can be expressed solely as the functions of
temperature as provided in Appendix A.2 (Table A1, A2) and Figs. 4(a)
and 4(b) respectively. However, the powder bed on the top, has been
approximated as an equivalent continuum material consisting of spher-
ical Cu particles in the matrix of gaseous air [37]. As mentioned earlier,
the proportion of gaseous air within the powder bed is quantified by ¢.
For the powder bed consisting initially of Cu powder, T, = 1173.0 K
and T,, = 1358.0 K. For T < 1173.0 K, porosity is assumed to maintain
its constant initial value of 0.45, and ¢ will start decreasing when T ex-
ceeds the sintering temperature. That is, sintering between Cu powder
particles will result in decrease of porosity. When the powder melts, the
liquid state is assumed to have zero porosity i.e. ¢ = 0atT > 1358.0 K.
For numerical depiction of the different cases of thermal conductivity
property in the powder bed region, the thermal conductivity of con-
tinuum solid Cu(s) is denoted as kf;:”‘, that of continuum liquid phase

Apparent heat capacity, expressed as a = is computed using

Cu(l) as kiilq"id and finally that of continuum gaseous air as k%". The
T-dependence of k%, k"4 and k9ir are presented in Appendix A.1
(Table A1) and Figs. 4(a). Eventually, the thermal conductivity of pow-
der Cu, kf;:mer can be defined by Eq. (3):

KPP = (1 — gp)kbilk 4 gplecir ®3)

So, the effective thermal conductivity of top layer that incorporates the
conductivities of pre-sintered powder, sintered powder and molten Cu
will be holistically represented by the case Eq. (4):

powder .
kth PE=s
_ bulk powder T-T, powder |
kintop = (kth = ki ) (Tm—lis ) +hky, T, =T <T, “4)
liquid
e T,<T

The densities for the powder bed layer in the computational domain are
quantified in the similar way. p?/k of Cu(s), p"'?“¢ of Cu(l) and p®" of
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gaseous air are presented in Appendix 2 (Table A2) and Fig. 4(b). The
powder’s equivalent density is given by Eq. (5). The overall density of
top layer is then expressed by Eq. (6)

ppowder =(- ¢)pbu/k + ¢pair (5)
Ppowder 5
bulk _ powds
Prop = (B2 ) (T =T+ pPoer [ T, <T <T, 6)
m s
Pliquid s 20y

The heat source type for the experimental TruDisk 3302 laser is flat
top. Therefore, irradiation intensity ({,,) of the source term Q,,,, in
Eq. (2) can be expressed by the following super-Gaussian function [38]:

_ AVkPka r\2
" wr2L(1/k) exp[ C<ro> ] @
F(l/k):/t%_le"dt (®)

0

where P represents the laser power, A denotes the efficiency, k is super-
Gaussian order, I'(1/k) represents the gamma function of 1/k expressed
by Eq. (8) and r, stands for the equivalent beam radius. With P = 1000
W, k = 3 (for flat top k > 0), A = 0.9, r;=122.5 pm and C = 2.0, the
distribution of intensity appears as shown in Fig. 1(b). The peak value of
intensity (1), ) for the flat top heat source beam is 26.94 kW/mm?. The
initial position of the beam center is defined by the radial displacement
of point (x, y) relative to the center (x(t), y,) of a itinerant beam. The
velocity of laser scanning, denoted as (V;), is characterized by its defi-
nition V = 9% _ X0=X0_The behavior of fluid motion within the molten
pool is elucidated through the incompressible Navier-Stokes equations.

The outcomes derived from finite element analysis at a designated
power of 1000 W, as depicted in Fig. 5(a), offer an intricate scrutiny of
the spatiotemporal evolution of temperature within the computational
framework. Upon reaching a simulation conclusion at t = 39.1 ms, the
focal point of the laser has traversed the entirety of the Cu-Ti6Al4V com-
putational domain, propelled by a scanning velocity (Vs) of 200 mm/s.
Under these conditions of power and scanning velocity, the apex tem-
perature attains 1250 Kelvin. Despite a protracted duration of t = 39.1
ms for total laser surface alloying, the pivotal interface within the com-
putational realm, subject to 1000 W and 200 mm/s parameters, remains
below the respective melting thresholds of Ti6A14V and Cu. Fig. 5(b) de-
picts the spatial distribution of temperatures across the upper surface of
the domain along the x-axis, synchronized with the lateral movement
of the laser from left to right, showcasing distinct temperature profiles
captured at five discrete time intervals.

Fig. 5(c) delineates the trajectory of temperature variations through-
out the Laser Surface Alloying process. This graphical representation
elucidates the thermal cycle at specific junctures within the interface,
emphasizing the initial and intermediate stages. Initially, a discernible
surge in temperature underscores the rapid absorption of energy from
the laser, culminating in the fusion of the titanium alloy and copper
constituents.

2.2.2. Phase field modeling of heterostructure formation

As highlighted in the previous section, the temperature at the inter-
face between the powder bed and the substrate can reach temperature
larger than 1250.0 K (refer Fig. 5(c)) at some point of time during
application of laser irradiation. At such elevated temperature values, in-
terdiffusion mechanism is very significant to cause the diffusion based
transport of elements Ti, Al, Cu and V in the multiphase system. The
diffusion of Cu elements from top layer (Cu-rich zone) into the sub-
strate transforms the latter into a quaternary Ti-Al-V-Cu system. The
non-uniform and unsteady nature of temperature profile along the sub-
strate geometry (refer Geometrical Figure of FEA) is significant enough
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to cause heterogeneity in the distribution of Cu elements within the sub-
strate. Larger proportion of Cu species is present near the top surface
due to lower radial distance from the moving beam spot, and Cu con-
centration decreases with the increase in depth of the substrate. Owing
to this reality, the computational domain of interest for the phase field
modeling is the substrate microstructure at the vicinity of the initial
powder bed. Due to sintering induced densification, the overall thick-
ness of the initial powder bed will shrink and the distance between
the surface and interface will decrease. For phase field modeling, the
microstructural domain of the bulk substrate Ti-Al-V-Cu alloy that is ef-
fectively at a location well within 5 um from the original interface is
considered. Within this domain of the multicomponent Ti-Al-V-Cu sub-
strate, some sub-regions consisting of relatively larger proportion of Cu
are associated with the nucleation of Ti, Cu,, intermetallics. As will be re-
vealed later from SEM micrographs in Sec. 3, the dominant intermetallic
is Ti, Cu. As these intermetallics are found as discrete phases in the bulk
of substrate, they will be termed as primary Ti, Cu phases. The broader
regions of multicomponent Ti-Al-V-Cu substrate that have not so much
high concentration of Cu remain as Ti-Al-V-Cu alloy.

A simplified phase field model is designed by neglecting the role of
Al and V in the diffusion based properties of Ti-Al-V-Cu alloy. That is
the model will portray the behavior of a binary Ti-Cu system. While
titanium-rich phase exhibits a hexagonal closed-packed (HCP) structure
below 1155 K, it transforms to a body-centered cubic (BCC) phase at el-
evated temperatures [39]. At 1250 K, Ti-rich phase will have a BCC
crystal structure. In this study, two simulations (Case I and Case II)
are carried out in a computational domain of 500 nm x 500 nm which
consists of two phases namely (Ti-rich) BCC and 4 Ti,Cu IMC grains.
Initially, for Case I and Case II, the area of BCC phase is designed to
be 2.1 x 10° nm? and 2.08 x 10° nm? respectively. Whereas the com-
bined area of all IMC grains (G;, G,, G3 and G4) sums up to 0.4 X
10° nm? and 0.42 x 10° nm? for the first and second cases. To track the
spatio-temporal evolution of individual phases, we assign each phase
and grains with a special kind of non-conserved phase field variable
called order parameter (#;) whose value is taken as 1 inside the phase i
and 0 outside the phase. In the binary Ti-Cu system, a single conserved
composition variable “c” (molar fraction of Cu, ¢4y can represent the
whole computational domain’s compositional information. For the two
distinct phases, the local mole fraction of Cu is given by c;.. and c;,,,
for BCC and IMC phases respectively. Fig. 6 illustrates the considered
computational domain of 2-Phase 5-order-parameter system.

A multiphase system needs a thermodynamically accurate function
that can swiftly interpolate the material properties and their character-
istics among the distinct phases across their interface. For this purpose
we employ the function h;(#) introduced by Moelans [40]. Based on the
grains representing each phase, this interpolation function is divided
into two expressions, for the phase with single grain i.e. BCC phase the
function is defined as Expression (9), whereas for the IMC phase with 4
grains, the interpolation function is given by Equation (10) [41].
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The current model is a 2 phase 5 order parameter system, and so
N =5 in the above equations. Another simplification made in this model
is the assumption of equivalent isothermal condition for description of
input material properties. An unsteady temperature profile generated
by laser heating means that the T-dependent material properties have
to evolve with time, and non-uniform thermal distribution causes these
properties to differ along top and bottom locations of the microstruc-
tural domain. Moreover, the Cu species diffusing from the top layer can
start from a location at a very high initial temperature, and during their
journey into the microstructural domain can face situation of reduced
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Fig. 6. The illustration depicts the evolution of compositionally heterogeneous
structures i.e. IMC grains and BCC phase within a computational domain mea-
suring 500 nm X 500 nm for two distinct cases, showcasing the progression at
time intervals of t = 12 ms, t = 875 ms, and t = 5000 ms. The model com-
prises a 2-phase 5-order-parameters system, with the BCC phase denoted by #, in
a light blue-colored region, and four IMC grains labeled as G,, G,, G3, and G, de-
picted in yellow. (a) Demonstrates the phase evolution in Case I, where uniform
IMC grain area is evident at three time points of the simulation. The growth of
IMC grains follows a symmetrical pattern, expanding equally in all directions.
(b) In Case II, characterized by non-uniform initial grain area, the growth of
IMC grains exhibits a non-linear trajectory. Larger grains grow faster and larger
compared to smaller ones. Due to periodic boundary conditions along the x-
direction, grain G; appears on the left side at time t = 5000 ms. (c) The plot
illustrates the evolution of global composition (¢) along the horizontal marked
lines for Case I (orange dotted line) and Case II (blue solid line). Notably, the
composition within the BCC phase is minimal, while inside the IMC, it increases
to 0.33 for both cases. (d) The graph presents the values for the non-conserved
order parameter (#,) associated with the BCC phase along the vertical midpoint
of the computational domain, indicated by the green dotted line and solid ma-
genta line in (a) and (b) respectively. It is observed that for both cases at t =
12 ms, #, initiates with a value of 1 within the light-blue region, subsequently
dropping to 0, indicating a phase shift from BCC to IMC, coinciding with the
emergence of IMC grain G,. The BCC phase reappears at the midpoint, elevat-
ing the magnitude of #, back to 1. The value then decreases within grain G,,
before rising back to 1 near the top end of the computational domain. Due to
the evolving phase, at t = 875 ms, the BCC phase in the middle of the domain
is consumed by IMC grains, as evidenced by the magenta line dropping to zero
and the thinning of the dotted green line at y = 250 nm. Similarly, at t = 5000
ms, a complete disappearance of the magenta and dotted green lines to zero at
y = 250 nm is observed.

temperature. These challenges can be simplified by assuming equivalent
isothermal condition, and a constant temperature of 1250.0 K (depicted
in thermal history image of Fig. T-t) has been selected in the phase field
model. As illustrated in Fig. T-span, this constant temperature of 1250.
K is not only located midway between the peak temperature and mini-
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Table 3
Coefficients of composition-dependent Gibbs
free energy at 1250 K.

Coeff / Phases BCC IMC

A; (J/mol) 634492.7 76756681.3

B; (J/mol) 138293.9 175805.5

C; (J/mol) -53822.5 -68421.6
Table 4

The input parameters and ma-
terial characteristics employed
in the phase field simulation.

Parameters Values
V,, (cm?/mol) 7.11 [45]
6 (nm) 10

¢ (J/m?) 0.5

m (J/m?) 2x107%
& (J/m) 5x107°
M, e (m*/Js) 2x10716
Mpgce (m®/Js) 2x10718
M,, (m3/Js) 2x10714

mum temperature for red curve but also is intersected by the majority
of the curves during the mid-journey of the laser.

The spatio-temporal morphological changes that occur in the mi-
crostructure are primarily driven by the free energies of the system, and
for modeling microstructural evolution we have considered the two ma-
jor energies: bulk chemical free energy (F,,,,) and interfacial energy
(F,,,) expressed as Equation (11)

Eatal = Fchem + Fint = /(fchem + fint)dV an
14

The bulk free energy density (f,,,,) and interfacial free energy den-

sity (f;,,) are further expressed in Equation (12) and (14) respectively.

fchem = Z hifghem = Z
i i

In the above equation, bulk chemical free energy of i’” phase is de-
noted as (fi nem)* The molar volume V,, provided in Table 4 is assumed
to be equal in both phases. The term G;, represents the molar Gibbs
free energy of phase i at T = 1250.0 K, fitted from the thermodynamic
database (TDB) file [42]. For the Ti,Cu IMC, a parabolic composition
dependence is assumed here to achieve a higher order differentiability
of free energy function. The composition dependent Gibbs free energy
function for phase i is expressed in Equation (13).

G,

7 12)

G =Aic—c, ) +Bic—cl)+C 13)

where the coefficients A/, B/, and C/, for BCC and IMC phases are tab-
ulated in Table 3, and Fig. 4d illustrates the parabolic fitted Gibbs free
energy for two phases, red curve representing BCC phase with minimum
free energy value of -61.358 kJ/mol and green curve for IMC phase with
the overall lowest free energy value of -68.522 kJ/mol at a temperature
of 1250 K.

The composition at which the IMC phase reaches equilibrium with
the BCC phase (IMC/BCQ) is given by the projection of tangent point
(green dotted line with arrow at composition axis) to the green curve
(IMC) drawn from the red curve (BCC), whereas for the equilibrium
composition ¢,, for BCC phase to be in equilibrium with IMC phase is
given by the projection of tangent point at red (BCC) curve drawn from
the green (IMC) curve as denoted by dotted red line with arrow pointing
at the composition axis in the Fig. 4d. These equilibrium compositional
points are calculated using a open-source equilibrium point finder We-
bApp [43].
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The interfacial free energy density f;,, can be expressed mathemat-
ically as follows:
K
fim = mfbarrier + E Z(V”i)z 14)
Now, let’s discuss about the quantities associated with f;,,. Quan-
tified in Table 4, the diffused interface width (6[m]) and the interface

energy o[J /m?] are related to model parameters “m” and “k” by follow-
ing expressions:

:6><E 15
m 3 (15)
K =2 x60 16)
T4

The term f,,,;., in Equation (14) is given by the Expression (17),
which is a fourth order Landau polynomial of the phase field variable
[41].

fbarrier=2< (”’ >+}/ZZ’77I +_

The spatio-temporal evolution of conserved variable (“c”) occurs
with a gradient in composition field which is expressed in Equation (18).

==V (X M)V <afb“”‘>

where, M; denotes the Cahn-Hilliard mobility of phase “i”, contingent
upon the diffusivity of phase D;, thermodynamic factors, and grain
boundary mobility M,,, as delineated below.

4 My,
A; J#i
In this work, M, is taken 100 times the bulk phase mobility of IMC
[44].
The evolution of phases along with all the IMC grains dictated by the
diffusion mechanics is given by the following Alan-Cahn type Expression
(20).

(n)*

1 17)

18)

wen

gb>

19

9 9 buik 0fim
— =—L(n,..., -V.— 20
ot (r1:-w1) < on, avn, 20
where L(,...,n1y) = L; is further defined in Equation (21).
N N
2.2
2 2 Linin;
=l g1 ”n
iT TN N 21
2 nim;
i=1 j>1
the term L;; is the interfacial mobility, for the current study of Ti-Cu
binary system it is approximated as Equation (22).
M, +M;
ij= ‘;—m X /l ; j (22)
1
K 2x (Cl ,eq.j - cj,eq,i)(ci,cq,j - Cj,eq,i)

Where M; and M; are the mobilities of i and j" phases respectively,

from Fig. 4d the quantity (c —c ;) is obtained as 0.27.

J.eq.i

3. Discussions

The study reveals the dynamic evolution of IMC and BCC phases
within a 500 nm X 500 nm computational domain under two distinct
scenarios (Case I and Case II). The growth of Ti,Cu IMC grains in the
Ti6Al4V matrix phase is attributed to the lower Gibbs free energy of
the IMC phase (-68.522 kJ/mol) compared to BCC (-61.358 kJ/mol) il-
lustrated in Fig. 4d. In Case I, equality of individual IMC grain area
at t=0 is evident, showcasing symmetrical growth, whereas in Case II,
characterized by non-identical initial individual grain area, the growth
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trajectory exhibits non-linearity, with larger grains expanding faster as
depicted in Fig. 7. The total area of IMC phase (combined areas of G,
G,, G3 and Gy) is nearly same for both cases at t =0. For Case I, each
individual grain is a square of area 0.1E+05 nm? initially (length of
100 nm). However, for Case II, the individual grains have different ar-
eas and aspect ratios initially. The G, of both cases have identical profile
initially. The G, of Case II is a rectangle of smaller area (50 nm X 70
nm) than the square G, of Case I. While G; (100 nm X 165 nm), and Gy
(170 nm X 70 nm) of Case II are rectangles, the corresponding grains in
Case I are squares. While the lengths of these both rectangles (Case II)
are longer than the length of square grains of Case I, the breadth of rect-
angular G is identical to that of the length of square G;. The breadth of
rectangular G5 is smaller than that of square G;. These initial morpholo-
gies of nucleated grains will have a significant impact on the kinetics of
evolution. In context of Case II, besides the driving force related to the
chemical free energy of different phases, the curvature driven growth
[47-50] associated with the grain shape will promote the overall growth
gain the area at the expense of the relatively narrower and smaller G,
grain. Since G; being longer than G, the former will have the largest
area at t = 5000 ms. The length of G; is larger initially, its initial area
is quite large and the periodic boundary condition ensures that it also
grows horizontally at the expense of shorter and narrower G; grain.
However its vertical growth is in a good competition with the grow-
ing G, and G, grains. The grain growth rate (V') due to grain or phase
boundary curvature is V' = —M;;.o7. The net curvature between two ad-

jacent grains or phase is expressed as 7 = % - i In context of Case I,
the identical grain nuclei will offer resistance to the growth of adjacent
IMC grains as they have the same curvature based driving force, and the
net curvature driving force between adjacent IMC grains is zero. Still the
curvature based driving force between grains and matrix phase is non-
zero. The identical grains (Case I) can only grow at the expense of BCC
matrix phase. Hence the presence of additional curvature based driving
force between two non-identical grains helps in the attainment of larger
overall area of IMC phase in context of Case II. Despite comparable ini-
tial IMC phase areas, Case II exhibits a visibly greater rate of IMC phase
growth, reaching a total area twice that of Case I by the end of the sim-
ulation (t=5000 ms) as shown in Fig. 7a. While the total area of Ti,Cu
IMC phase in context of Case I is 1.2E+05 nm?, it is already around
2.08E+05 nm? for Case II. During the laser processmg, the non-uniform
and transient thermal profile can result in the nucleation and growth
of randomly sized and shaped IMC grains. These grains will then grow
into patterned grains as shown in Fig. 9(d). With the analysis of equiva-
lent grain radius Fig. 7b [46], we observed that the growth of IMC grain
is a non-linear process primarily guided by the driving free energy and
surrounding grains. The grain G, of Case I (initial equivalent radius of
around 55 nm) grows continually at the expense of matrix BCC phase
and attains the value of 95.75 nm at t=5000 ms. However, the G, of
Case I expands initially from 33.37 nm equivalent radius to a value of
64.33 nm at t = 3750 nm. However, the curvature driven effect when
it is entirely surrounded by G;, G; and G, leaves its equivalent radius
to a value of 54.52 nm at t=5000 ms. As Case II represents the more re-
alistic condition of laser processed samples, the presence of irregularly
shaped microstructure of IMC grains of Fig. 9(d) is anticipated in the
experimental samples consisting of Ti6Al4V + Ti,Cu heterostructures.
The optical micrographs presented in Fig. 8a to Fig. 8d illustrate sig-
nificant microstructural changes across the fusion zone, heat-affected
region, and matrix resulting from the laser surface alloying. In Fig. 8a
the micrographs reveal the fusion zone where the titanium alloy sur-
face has undergone laser-induced alloying with Cu, showcasing refined
microstructures and the formation of new phases due to the complex
interactions among the laser beam, titanium alloy, and the introduced
copper. Adjacent to this zone, the heat-affected region is visible, where
thermal transformations have occurred without direct melting. The mi-
crostructural characteristics at the fusion boundary, shown in Fig. 8b
highlight marked differences between the fusion zone and the matrix.
Notably, fine-grained structures are observed, particularly in the lower
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Fig. 7. Plots illustrating the temporal evolution of IMC grain areas and equivalent grain radius for two simulation cases. (a) Visualization of IMC grain growth in
Case I (equal initial grain size) and Case II (non-uniform grain size at beginning), although the total initial IMC phase area for both cases are near equal (=~ 0.41
X 10° nm?), the rate of IMC Phase growth for non-uniform grain is visibly greater and by the end of t = 5000 ms, the total IMC area for Case II sums to 2.08 x
10° nm? where as for Case I it is limited to just 1.21 x 10° nm?. (b) A non-linear growth pattern of IMC grain (G3) shown in an equivalent radius form [46]. For Case
I, the grain continuous to grow until the end of the simulation whereas for Case II, grain G, grows for a while and gets squeezed by neighboring grains subsequent

decreasing the area and equivalent radius in the later half of the simulation.

Fig. 8. Optical micrographs of the Ti6Al4V-Cu alloy, showcasing microstructural changes at different magnifications. (a) Overview of the fusion zone and heat-
affected region at low magnification, highlighting the area of laser-induced alloying (b) Detailed view of the fusion boundary and the transition into the matrix (c)

The refined microstructures (d) Depth of alloying.

sections of the fused areas Fig. 8c indicating rapid cooling and swift
solidification following the laser treatment. The presence of these re-
fined grains underscores the successful execution of the alloying process,
evidencing the effective dispersion of copper within the Ti6Al4V ma-
trix. The depth of the alloyed layer indicates the extent of modification
achieved (Fig. 8d).

Fig. 9(a) presents the X-ray diffraction (XRD) analysis of the laser
surface alloyed (LSAed) sample, substrate (Ti6Al4V), and Cu powder.
Notably, three distinct peaks were detected at 20 values of 50.861°,
59.451°, and 89.052°, corresponding to the (111), (002), and (022)
planes of copper, as illustrated in Fig. 9a(i). This observation confirms
the crystalline nature of the resulting particles as cubic nanostructured
copper powder. Such findings are consistent with the research of Jinping
et al. [51] and Sun et al. [52] who identified similar diffraction peaks,
affirming the cubic crystalline structure of copper nanoparticles. The ex-
ceptional properties of Copper Nano powder, including outstanding con-
ductivity, catalytic behavior, excellent compatibility, and antibacterial
characteristics [53,54] make it a promising material for various applica-

tions. Fig. 9a(ii) and Fig. 9a(iii) depict the XRD patterns of Ti6Al4V and
Ti-Al-V-Cu alloys, respectively, revealing predominantly the presence of
the Ti-a phase in both cases and a minor diffraction peak of Ti-f#. More-
over, Fig. 9a(iii) shows the emergence of new peaks. This new peak
indicates the formation of new intermetallic compound (Ti,Cu phases)
due to the super saturation of copper within the Ti-matrix during the
laser surface alloying process. Furthermore, some of the new peaks in
Fig. 9a(iii) exhibit broadening compared to Ti6Al4V sample, which may
be indicative of changes in crystal structure or fine grain size resulting
from the laser surface alloying process.

Laser transitions are observed in the image from the scanning elec-
tron microscope (Fig. 9¢), causing the Cu element to melt together with
the Ti6Al4V material in varying proportions. This results in a laminar
structure, indicated by the gray color lamellar formation, which suggests
the presence of the Ti,Cu intermetallic compound (IMC). The elemen-
tal variations across this area are shown in Fig. 10. A laminar structure
in the Ti6Al4V-Cu alloy aligns with findings from other studies, such
as Z. Sun et al. [55], who observed similar lamellar structures in tita-
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Fig. 9. Results of microstructural characterization: (a) X-ray diffraction profile
of: (i) Cu powder, (ii) Ti6Al4V, (iii) Ti-Al-V-Cu; (b) The SEM micrograph of
Ti6Al4V alloy prior to laser alloying is shown; dark and light regions are a
and f-phases respectively (c); The image in (d) is the magnified view of the
highlighted region of (c).

nium alloys subjected to surface alloying. Specifically, they noted the
formation of a lamellar structure in the microstructural evolution of
Ti6Al4V/Inconel625 gradient coating alloy. Additionally, Fig. 9d high-
lights the presence of w-phase precipitates finely dispersed within the
f-phase, with a distinct correlation to the f-phase orientation. The finer
dimensions of the w-phase are notable, as revealed by Energy Dispersive
Spectroscopy (EDS) spectra of the brighter phase which indicate an ele-
mental composition of approximately 65.62 at.% Ti, 5.71 at.% Al, 1.79
at.% V, and 26.89 at.% Cu.
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The confocal microscopy allowed multidimensional imaging of bac-
terial cells. The images revealed live bacteria stained green with SYTO9
and dead bacteria stained red. Analysis of these images showed a distri-
bution of stained bacteria, with the results expressed as the cumulative
signal from the green and red channels as shown in Fig. 11(a) and 11(b).
The analysis of the LIVE/DEAD® assay results, visualized via micro-
scopic images (Fig. 11(c) and 11(d), demonstrated distinct signals for
live (green) and dead (red) bacterial cells. Quantitative data from the
Varioskan LUX microplate reader indicated the signals of viable bacte-
ria, plotted in corresponding charts. The data provided insights into the
extent of bacterial colonization and viability on the tested materials.

4. Conclusions

The study integrates experimental and computational techniques to
understand the interfacial intermetallic formation within the Ti6Al4V-
Cu system. A laminar structure was observed in scanning electron mi-
croscope images, indicating Ti,Cu intermetallic compound formation.
X-ray diffraction analysis confirms new intermetallic compound for-
mation, validating laser surface alloying’s effectiveness in enhancing
antibacterial properties.

The outcomes derived from FEA under an identified power of 1000
W and scanning velocity of 200 mm/s offer an exhaustive exploration
of the spatiotemporal temperature progression within the computational
domain. Despite an extended duration of laser surface alloying, the in-
terface point subjected to specific parameters remains below the melting
points of Ti6Al4V and Cu. This underscores the effectiveness of the laser
surface alloying process in controlling temperature evolution and pre-
venting excessive melting. Overall, the thermal history determination
using finite element analysis offers valuable insights into the thermal
dynamics and microstructural evolution during the alloying process,
contributing to a broad comprehension of the laser surface alloying pro-
cess and its impact on material properties.

The phase field model provides insights into the temperature distri-
bution, interdiffusion mechanisms, and the transformation of the sub-
strate into a quaternary Ti-Al-V-Cu system. It also reveals the nucleation
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Fig. 10. Energy-dispersive X-ray spectroscopy (EDS) analysis performed on the lamellar structure. The annotated region with purple colored rectangle in the top
left image shows the portion of the microstructure that has been probed by the instrument for the quantitative compositional analysis presented at the bottom left
image. The four remaining images exhibit the EDX mapping for the elements Ti, Al, V and Cu in the total microstructural region of image at top left.
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Fig. 11. Positive indications of viable stained E. coli (appearing as blue signals)
were observed following 24 hours of incubation on the specimens. Fluorescence
microscopy shows live cells (SYTO 9, green) on (a) Ti6Al4V and (b) Ti-Al-V-Cu
samples. The bar charts show the quantified signals of (c¢) live and (d) dead
bacteria. The superior antibacterial performance of the Ti-Al-V-Cu alloy can be
attributed to the presence of the Cu element.

of intermetallic compounds, particularly the primary Ti,Cu phases,
within the substrate. The model’s simplifications, such as neglecting
the role of Al and V in the diffusion-based properties and assuming
equivalent isothermal conditions, contribute to a comprehensive under-
standing of the evolution of primary Ti,Cu intermetallic. Additionally,
the model’s findings shed light on the growth behavior of intermetal-
lic grains and their preferential growth driven by the driving free en-
ergy and surrounding grains. Overall, the phase field model provides
profound insights into the intricate interdiffusion mechanisms and dy-
namics of the Ti-Cu system throughout laser surface alloying.

The microbiological study revealed that Ti-Al-V-Cu exhibited greater
inhibition of bacteria compared to that of control (Ti6Al4V). The study
on developing an advanced biomedical material through laser additive
manufacturing focuses explicitly on the growth of Ti,Cu intermetallic
grains within a Ti6Al4V matrix. This material shows promise for use
in biomedical implants due to its enhanced antibacterial properties, at-
tributed to copper integration into the titanium alloy. The study uses
experimental techniques and computational methods to understand the
temperature dynamics and microstructural evolution during the alloy-
ing process. The resulting material demonstrates superior antibacterial
efficacy against bacterial strains like E. coli. This research contributes
to biomaterials by providing a method to create implants with im-
proved antibacterial performance, which is critical for reducing the risk
of implant-related infections.
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Appendix A
A.1. Theory of fluid flow in meltpool

During laser processing, only a limited volume fraction of the Cu
powder region bed undergoes melting (T > 1358 K) at a given time.
Within this melt pool zone, the fluid flow is characterized by the follow-
ing incompressible Navier-Stokes equations:

V.i=0 (A1)

Ji
ot
Egs. (A1) and (A2) are respectively the continuity and momentum equa-
tions. Velocity (i) and pressure (p) are the velocity and pressure vari-
able. In the present study only portions of the upper region consisting
of Cu powder bed can reach the molten state whereas the Ti6Al4V sub-
strate remains well within the solid state. While the viscosity (v;) is
assumed to decrease exponentially with temperature in liquid state, it is
considered to be an asymptotic viscosity in the mushy zone. At 1358.8
K and 1358.9 K, the portion of powder bed which is in mushy zone has
been assigned viscosity values of 0.83 and 0.44 Pa s respectively. How-
ever, at 1360 K, the liquid viscosity has already been given a highly
reduced value of 2.45 mPa s. The viscosity values for the liquid Cu at
1400 K is 2.2 mPa s. The density of liquid Cu (p(¢,)), and its tempera-
ture dependence is provided through Table A1 of Sec. A.2. The densities
of solid phases are also considered in the Navier-Stokes equation. How-
ever, the assumption of very large viscosity values in solid phases render
the velocity in these phases to have zero magnitudes at all directions.
The term F; in the right hand side of Eq. (A2) is the body force cor-
responding to Boussinesq approximation for natural convection. The
maximum magnitude of velocity obtained for the meltpool in the cur-
rent numerical simulation is 2.23 um/s. In the finite element analysis,
the continuity and momentum equations have been coupled with the
energy equation. The fluid flow inside the meltpool is responsible for
convection heat transfer.

pi — + p(a. V)i = V.[—pI +v,(Vii + (Vi))] + F, (A2)
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Table A1

Materials & Design 246 (2024) 113312

The coefficients in the polynomial terms for the thermal conductivity expression
(Eq. (A3)) are presented along with their units. The thermal conductivities of Solid
Ti6AI4V (k***®) and Liquid Ti6Al4V (kf,‘:”"“’“id) are assigned to the substrate in the
numerical model. The powder bed on the top is represented via the composite functions
of thermal conductivities of Solid Cu (k%'), Liquid Cu (k:;lq"id) and Air (k{").

k, (Units) Solid Liquid Air
Cu Ti6Al4V Cu Ti6Al4V
A, (W/mK?) -1.064 x107! 1.46 x 1072 -1.6 x107* 1.83 x1072 1.71 x10™
B, (W/mK?) 4.0 X107 - 2.51 x107° - -
C, (W/mK) 405.76 -0.32 165.58 —6.66 -7.448 x1073
T..r K 250.0 0.0 1358.0 0.0 0.0
Table A2

The density expression’s polynomial coefficients (Eq. (A4)) are outlined alongside their
respective units. Within the numerical model, the substrate is attributed the densities
of solid Ti6Al4V (pb*s¢59id) and liquid Ti6AI4V (pbese!ia4id) Meanwhile, the powder bed
above is delineated by the densities of solid Cu (p**/¥), liquid Cu (p"%¢), and air (p").

p, (Units) Solid Liquid Air
Cu Ti6Al4V Cu Ti6Al4V
A, (kg/m’K?)  -428x107" 1152 -7.96 x107!  -0.452 3.16 1073
B, (kg/m’K>)  -612x107"  -41197 x10™*  8.69 x10~ - -7.65 x1077
C, (kg/m’Kh) 277 x107 - 2.38x10° - -
D, (kgm*) - -4.25 10 - - -1.94
E, (K™ - 1.0 - - 1.0
F, (kg/m’) 8810 6542.63 7890 4955 11.4
T,,; (K) 300.0 0.0 1330.0 0.0 0.0

A.2. Fitting of temperature dependent p and k,;,

The variability of density and thermal conductivity during laser pro-
cessing underscores the importance of comprehending their tempera-
ture-dependent variations for precise modeling and prediction of ma-
terial behavior. Employing polynomial equations enables capturing the
non-linear relations between temperature and material properties.

ky,=A, (T =T+ B, (T —T)* +C, (A3)
py=A, (T =T+ B, - (T =T’
+C (T, ~Tye)’ + D, - In(E,, - (T = Tpp))
+F, (A4)

egs (A3) and (A4) represent polynomial equations governing thermal
conductivity (k) and density (p) respectively, utilizing temperature (T)
as the independent variable. These equations are structured to capture
the nonlinear relationships between temperature and material proper-
ties, incorporating coefficients whose values are detailed in Tables Al
and A2, along with reference temperatures (7, ). For solid copper Cu
and Ti6Al4V, the reference temperature (7, f) for thermal conductivity
spans from 250K to 1358K, with a distinct range for Ti6Al4V extend-
ing from 1400K to 1800K. Conversely, for liquid phases, the reference
temperatures for Cu and Ti6Al4V shift to 1358K and 1330K respectively,
with Ti6Al4V’s liquid phase extending from 1950K to 2700K. Regarding
density, the reference temperature (7,, ) for solid Cu ranges from 250K
to 1358K, whereas for liquid Cu, it stands at 1330K. For solid Ti6Al4V,
the reference temperature spans from 298K to 1923K, while for its lig-
uid phase, it ranges from 1923K to 2500K. These delineations provide
crucial insights into the temperature-dependent behavior of the thermal
conductivity and density of the materials under investigation.
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Abstract

Predicting multi-generational microstructural evolution in the manifest space using convolutional-LSTM neural network
models is a promising approach towards computational reducibility. Two predictive models were trained, analyzed, and
compared using data generated from varying the driving force in phase-field simulations of phase decomposition in a binary
alloy system. The four consecutive predicted generations exhibited microstructural similarity indices (4g;,,) of 0.994, 0.987,
0.980, and 0.967, respectively, compared to the ground truth computational results. By utilizing blobs, pg;,,, and shape
index features, we validated that the predicted images retain microstructural information down to the interfacial level. The
time-aware data-driven model was applied to rapidly forecast structural changes in Pd-Rh and Cu—Mn engineering alloys.

Keywords Conv-LSTM - Shape Index - Double-well potential - Phase field modeling - Microstructural similarity - Multi

generational prediction

1 Introduction

The microstructural evolution of any material fundamentally
dictates its physical and mechanical properties observed at
the macro-level. Therefore, the spatio-temporal study of
microstructure stands as a paramount requirement for com-
prehending the design and development of new materials
[1]. Understanding a material’s morphological transfor-
mations can directly facilitate the discovery of concealed
microstructural imperfections, which, in sensitive cases, can
lead to possible catastrophic failures [2-7]. In such scenar-
ios, the phase-field method takes the forefront in mesoscale
microstructural studies, enabling the simulation of phe-
nomena such as grain growth [8], crack propagation [9, 10],
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spinodal decomposition [11], and coarsening [12]. Surpass-
ing traditional methods in material design and discovery, the
new era of Industry 4.0 is currently witnessing an upswing,
thanks to state-of-the-art in-silico data-driven approaches. In
this fast-paced and rapidly evolving technological landscape,
leveraging big data informatics to decipher complex micro-
structural evolution is imperative to stay ahead of innova-
tions in materials [13-15].

The phase-field method is undeniably a robust, multi-
faceted, and versatile technique for microstructural simula-
tion16, 17. However, it consumes an astronomical amount
of computational resources to solve the system of nonlinear
coupled partial differential equations (PDEs). This presents
a significant barrier in achieving computational reducibility.
At every next time step of microstructural evolution, phase-
field simulation requires solving complex PDEs with intri-
cate physics and geometry, posing challenges in computation
and convergence criteria.

1.1 Background

A sound understanding and proficiency in microstructural
evolution are critical for materials utilized in essential infra-
structures, such as nuclear reactors, space launch systems,
high-performance locomotives, and life-saving devices like
artificial pacemakers or stents in blood vessels. Even minor
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microstructural imperfections in these devices can lead to
significant property damage or loss of human life. There-
fore, a scientifically robust and physics-backed approach to
spatio-temporal prediction of microstructure is necessary.
Proper and accurate inference of microstructural evolution
enables the timely detection of critical failure points in high-
impact mechanical systems within infrastructure. Phenom-
ena such as the corrosion of alloys in molten salt reactors
[18], high-temperature crack growth in turbine blades [19],
or mechanical strength deterioration in biomedical implants
due to phase transformation [20, 21] can all be assessed and
mitigated early with the aid of physics-informed microstruc-
ture predictive models.

1.2 Existing studies

Numerous researchers have proposed various methods
and models to analyze microstructural patterns and their
temporal transformations. However, the majority of these
approaches lack either adequate situational awareness or a
robust foundation of physics-informed guidance. Further-
more, almost none of the studies have primarily focused on
anticipating interface-focused microstructure evolution.

Recently, Machine Learning (ML) models, particularly
Artificial Neural Networks (ANNs), have emerged as lead-
ing tools in predictive modeling22. Time-aware neural net-
works such as Recurrent Neural Networks (RNNs), Long
Short-Term Memory (LSTM), and Gated Recurrent Units
(GRU) have shown promising results in predicting micro-
structural evolution to some extent [23, 24]. However, most
of these studies that solely rely on standalone vanilla neural
network algorithms are insufficient in predicting quantifi-
able microstructural evolution. Additionally, they often lack
a thermodynamically consistent calculation of driving force
(free energy).

Hu et al. [25] employed simple RNN, GRU, and vanilla
LSTM models as microstructural predictive tools in their
work. Nevertheless, inferring quantitative parameters from
their model proved challenging as the predictions primarily
reside in a ’latent space’. Predictions based on latent space
offer computational ease, but the transformation of high-
dimensional spatial data into a reduced form results in the
loss of essential spatial information present in the micro-
structure. Consequently, any correlations between neighbor-
ing spatial coordinates of microstructures are lost as they are
diminished and flattened into an array of numbers.

Furthermore, it is important to note that the predictions
made within these latent spaces are not readily understand-
able to end-users and require additional computational
steps to convert them into human-interpretable 2D image
vectors. Moreover, the lack of quantification measures
in these works exacerbates the challenge of dimension-
ality. The robustness of any machine learning model is
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determined by the quantification metrics for its predicted
results; a higher numerical resemblance of predicted
results to that of the ground truth indicates a reliable and
better-performing model. A work by Farizhandi et al.
[26] uses PredRNN to predict microstructure changes in
the FeCrCo system, but their study lacks a comprehen-
sive analysis of generational prediction behavior across
different model architectures, and the limited range of
quantification techniques employed further undermines
its reliability. Ahmad et al. [27], in their study, cleverly
compressed microstructural data to enhance computational
efficiency, representing the spatial information of micro-
structures in their nascent form using auto-encoders and
ConvLSTM. However, their work lacks error quantifica-
tion at the interface level of the predicted microstructure.
In the phase-field method, interface informatics play a cru-
cial role, as the method itself is a numerical approach to
simulate and track the microstructural evolution of phase
boundaries and interfaces over time. Quantifying micro-
structural morphology at interfaces provides valuable
insights into understanding the sensitivity of the phase-
field model and its key parameters controlling microstruc-
tural evolution.

1.3 Computer-learned interface pattern:
the solution

To address the challenges related to prediction, quantifica-
tion, and model application, we propose a spatio-temporal
multi-generational prediction toolkit for microstructures,
employing Convolutional LSTM. This toolkit aims to pro-
ficiently decode the spatio-temporal progression of micro-
structural interfaces by intricately combining two cutting-
edge machine learning models: Convolutional layers and
LSTM neural networks. By integrating these tools, our
toolkit strives to achieve computational reducibility in the
analysis of microstructural evolution.

Conv-LSTM offers a two-fold solution to the major chal-
lenges faced in contemporary microstructural prediction
methods. Firstly, it eliminates the need for dimensional
reduction detours by enabling the direct implementation
of high-dimensional spatial microstructural data into the
model, thereby providing a more comprehensive represen-
tation of microstructure within the prediction process. Sec-
ondly, and perhaps most importantly, Conv-LSTM facilitates
the prediction of microstructural images in manifest spaces,
rather than latent spaces, enabling direct quantitative analy-
sis of predicted microstructures. Additionally, by leveraging
one of the key features of Conv-LSTM, its ability to incorpo-
rate multi-dimensional, multi-channel input, we can expedite
predictions across multiple future time steps, making it a
multi-generational prediction tool.
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In Sect. 3, it is explained in detail about how we employed
specialized algorithms to track, detect, and differenti-
ate interfacial patterns in microstructures, quantifying the
comparison between the model-predicted and simulation-
generated results.

2 Method

To prognosticate the spatio-temporal microstructural evo-
lution in a generic binary (A-B) alloy system, driven by
Gibbs Free energy (ranging from —10* J/mol), we syn-
ergistically combined two state-of-the-art, Artificial
Intelligence Algorithms: Convolutional Neural Networks
(CNNs) and Long Short Term Memory (LSTM) neural
networks. The integration of these two algorithms resulted
in our functional prediction model, Conv-LSTM.

Our study challenges the practice of converting high-
resolution two-dimensional simulation results into a non-
user-friendly latent space for dimensional reduction and
microstructure prediction. We argue that such transfor-
mations are unproductive and cumbersome, leading to
information loss. The transformation process diminishes
resolution by reducing the information present in high-
dimensional microstructure data. Moreover, since predic-
tion also occurs within the latent space, hindering user
understandability, it undermines and discards the very
essence of spatial data. Lastly, the retrieval of predicted
outcomes from a low-dimensional latent space shaped
back as a user-understandable image vector becomes a
daunting task, necessitating secondary models.

Harnessing the capabilities of Convolutional Layers,
we efficiently address the inefficiencies associated with
conventional approaches involving latent spaces. These
layers enable the processing of two-dimensional micro-
structural image vectors through various vector manipula-
tion techniques such as resizing, pooling, and normaliza-
tion, before passing the microstructural data to the LSTM
neural network. The integration of the LSTM network on
top of Convolutional Layers eliminates the need for dimen-
sional transformation through latent space, allowing direct
time-aware prediction of microstructural evolution in high-
dimensional image format. This novel approach not only
enhances the accuracy and usability of the results but also
ensures the preservation of spatial information and the
co-relationship between adjacent microstructural patterns.

Additionally, it is essential to highlight that the signifi-
cant advantage of utilizing Conv-LSTM extends beyond
generational microstructural prediction in high-definition
image format. One of the greatest benefits lies in the
ability to leverage a wide range of image quantification
techniques derived from computer vision research. These
techniques allow us to visually and quantitatively assess
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the machine-predicted microstructural progression. In our
study, we have considered these image quantification tools,
including the Microstructural Similarity Index (ug;,), gray
image histogram for pixel intensity, microstructural blob
detection, and shape curvature index. By incorporating
such quantification methods, we establish our work as a
benchmark model for robust microstructural prediction,
providing a comprehensive and rigorous analysis of multi-
generational predicted results.

2.1 Phase field simulation and spatio-temporal
dataset

Multiple phase field simulations were conducted for a
generic (A;—B;) binary alloy system undergoing phase
decomposition driven by the driving force. Efforts were
made to ensure that its free energies (G;) fall within the
range applicable to real engineering alloys.

The Cahn—Hilliard Eq. (1) was solved using the finite
element method within the MOOSE framework [28-31] to
simulate the decomposition of the alloy system. The simula-
tions were carried out on a 15 nm X 15 nm 2D mesh using
QUAD4 elements.
dc dg(c) _ KV2C>
ot dc

=V -MV < (1)
Here, ‘c’ represents the mole fraction of one of the elements
in the binary alloy system, ‘M’ denotes the mobility of the
same element with units of m’ /Js, and ‘k’ stands for the
gradient energy coefficient with units of J/m. The key term
in the Cahn—Hilliard equation is ‘g(c)’, which represents the
free energy density of the system. Free energy plays a crucial
role in driving the phase separation process by promoting the
growth of compositional fluctuations during phase decom-
position. The numerical value of free energy density can be
calculated using two quantities : (i) the system’s Gibbs free
energy (G), and (ii) the molar volume (V,,,,) of the focused
element, as shown in Eq. (2).

gle) = v (2)

mol

In a binary alloy system, phase decomposition is governed
by the minimization of Gibbs free energy, leading the sys-
tem to evolve through compositional fluctuations to reach
equilibrium at the lowest state of free energy. The Gibbs
free energy curve for the phase decomposition of a binary
alloy exhibits a characteristic double-well structure with two
minima, each representing one of the two distinct coexisting
phases. These minima correspond to the compositions of the
separated phases in a stable equilibrium state, minimizing
the free energy of the entire system. Various expressions
for double-well free energy can be found in the literature
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[32-41] to model phase decomposition or spinodal decom-
position. We introduce the following machine learning
descriptors generating double-well function summarizing
all of these variants to create a large set of microstructural
evolution data and subsequently train the machine learning
model.

G = a(ec — ceq)2 + flec —¢,,) + y(ec — ceq)4 +6 ?3)
While quantitative polynomial equations of different orders
[42] could be used to generalize the double-well free energy
expressions, this study confines itself to a 4th order Eq. (3)
due to its established proximity with known thermody-
namic free energy models such as Ginzburg-Landau and
Flory-Huggins potentials [40, 43, 44]. This expression for
the driving force (G [J/mol]) comprises six different coef-
ficients (a, f, v, 6, €, and ceq) that influence the shape and
structure of the free energy curve. The flexibility of this pol-
ynomial allows for a wide variance in the Gibbs free energy
landscape, which is crucial for generating a diverse dataset
for training the neural network model.

In this expression, the coefficients a, f, y, and 6 share
the same unit as Gibbs free energy, i.e., J/mol, while ¢ and
¢, are unitless parameters. The numerical range for each
of these features (coefficients) is provided in Table 1, and
these variations are purposefully made to ensure a diverse
training dataset obtained from microstructure phase-field
simulations. The impact of variations in these six coeffi-
cients and parameters on the Gibbs free energy landscape is
discussed in detail in Appendix A. To ensure that G attains
realistic values, the coefficient 6 is approximated to have a
magnitude closer to the global minima of the Au—Pt alloy
system at 1525.15 K. In addition to varying the Gibbs free
energy attributes, features corresponding to fluctuations in
the model were implemented via the initial seed number of
nuclei, as shown in Fig. 1b.

Table 1 Coefficients of free energy expression (3) used as features
for creation of variable phase field simulations so as to create diverse
range of training data

Features Minimum value* Maximum value* Unit

a —8.9128e4 —4.3879¢4 (J/mol)
Ji] —2.0e3 3.0e3 (J/mol)
y 1.15e5 7.0e5 (J/mol)
1) —5.736e3 —4.604e3 (J/mol)
€ 1.2 1.9 -

c 0.5 0.7476 -

eq

* The minimum and maximum values of these variables are statisti-
cally assigned around the central values based upon the CALPHAD
information of the global minima for free energy curve of standard
Au-Pt binary alloy at 1525.15 K
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Using the expression for thermodynamically consistent
and physically realistic Gibbs free energy, we conducted
simulations with different landscapes of the driving force.
The mobility (M) and gradient energy coefficient (k) were
held constant at 2.329 x 1073 m3 /Js and 7.965 x 108 J/m
for all simulations. In Sect. 3.3, we will discuss how the
kinetics of the reaction can be virtually varied by sequenc-
ing images in model training. Leveraging this concept of
virtually varying kinetic parameters, we performed phase-
field simulations while keeping mobility constant. Figure 1a
illustrates the Gibbs free energy curve for one of the simula-
tions conducted at a temperature of 1525.15 K. The simula-
tion results were visualized using ParaView, a visualization
toolkit [45]. The composition tensor at every mesh coordi-
nate for each time step was extracted into a CSV file. These
composition tensors were then used to create image-vector
frames (Fs) measuring 401 x 401 pixels. For computational
efficiency, all image vectors were reshaped to 64 X 64 pixels,
as shown in Fig. 1b.

To train the neural network model, we constructed a large
set of video samples (VS) by grouping 20 frames of image
vectors into a 3D image tensor, where each successive image
vector was 6 frames apart. Each video sequence consisted
of exactly 20 frames. To curate the training-validation data-
set, a dedicated algorithm was developed to generate video
sequences from image-vector frames obtained from six
phase-field simulations, as depicted in Fig. 1c. In total, 1196
image-vector frames were generated from the six simula-
tions, and 3625 different video sequences were constructed
using the algorithm.

This process ensured that our dataset contained a diverse
set of microstructural evolution scenarios, enabling the
Conv-LSTM model to learn and predict the temporal pro-
gression of microstructural features effectively. The gener-
ated video sequences not only captured a broad range of
phase decomposition phenomena but also provided the nec-
essary data for training and validating the predictive model,
as outlined in Sect. 3.3. For the training, validation, and
testing purposes, 80% of the video data sequences were used
for model training, while 10% of the dataset was reserved
for validation and the remaining 10% for testing the trained
model. The separation of data into these subsets was done
to ensure a robust evaluation of the model’s performance
across unseen data, thereby assessing its generalizability and
accuracy in predicting microstructural evolution.

2.2 CNN and LSTM models

Neural networks are complex systems of mathematical and
statistical computational steps designed to approximate
functions using data points. Convolutional Neural Net-
works (CNNs) represent a groundbreaking advancement in
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Fig. 1 Illustration of the phase decomposition in a generic A-B
binary alloy system governed by the Gibbs Free Energy driving force.
a The thermodynamically consistent driving force curve fitting was
performed at a temperature of 1525.15 K using composition-based
TDB files [46] for one of the simulations in the pycalphad 47 Python
library. The curve exhibits two local minima, denoted as composi-
tions A (0.238) and B (0.533), with the global minimum at B, having
a value of —1.31 x 10*J/mol. b A schematic diagram of the Phase
Field simulations conducted in the MOOSE Framework [30]. Simula-
tions varied in driving force and nucleation seed and ran for 5400 s

machine learning, initially introduced by LeCun et al. [48]
in 1995. CNNs are specifically designed to handle high-
dimensional data, such as images or video frames, without
requiring feature reduction techniques like latent spaces
or principal component analysis. In this study, we utilized
CNNss to effectively process phase-field simulation-gener-
ated image-vector frames, allowing us to directly train the
LSTM model.

Figure 2a illustrates the architecture of a three-layered
convolutional network used in our approach. The network
begins with a 5 X 5 kernel, progresses to a 3 X 3 kernel in the
middle layer, and concludes with a 1 X 1 kernel in the final
layer. Each convolutional layer applies its kernel across the
entire image to extract spatial features, such as blobs, voids,
or edges, which are then passed to the subsequent layer.

The choice of kernel sizes is crucial for the network’s
performance. A larger kernel size, such as 5 X 5, is adept at
capturing global features and patterns in high-dimensional
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each. The adaptive time iteration for convergence resulted in different
time steps (At) for each simulation. Image vector data was extracted
from each simulation using ParaView, treating each time step At
simulation result as Image Vectors (Fs). ¢ Image vectors (Fs) were
used to create a large set of video sequences through a custom-devel-
oped algorithm. Each video sequence consists of 20 image frames
(n), curated by changing the starting frame (i”F) and the step to the
next frame (6). Increasing the step size can be considered equivalent
to increasing kinetics, making the reaction faster. Step sizes ranging
from 1 to 15 were considered for the study

data but increases computational time due to a higher num-
ber of associated parameters and may degrade spatial reso-
lution in deeper layers. To balance feature extraction and
computational efficiency, a medium-sized kernel (3 X 3) was
used in the second layer. This kernel size captures important
spatial details while maintaining reasonable computational
demands and minimizing the risk of overfitting by limiting
the number of parameters. The final layer employs a 1 X 1
kernel, which reduces the depth of the image channels, opti-
mizing computational efficiency and memory usage.
Following the convolutional layers, the Long Short Term
Memory (LSTM) network is applied to capture temporal
dependencies and predict future microstructural states.
LSTM networks, introduced by Hochreiter et al. [49], rep-
resents a significant advancement over the traditional Recur-
rent Neural Network (RNN). LSTMs were specifically devel-
oped to address the challenges associated with long-term
dependencies in sequential data, such as the vanishing and
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(a) Convolutional Layer
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Fig.2 Illustration of the components of the Convolutional LSTM
Neural Network. a Three convolutional layers with kernels of sizes
5x%x5,3%3,and 1 X 1, respectively, process frames from Video Sam-
ples (VS). These layers analyze microstructures by convolving ker-
nels around each pixel of the frame and pass condensed information
from one layer to the next for further analysis. b A schematic diagram
of a vanilla LSTM Neural Network capable of intercepting Long-
Term Memory (LTM) or Cell State and Short-Term Memory (STM)
from the previous time period (f — 1). It combines STM and Input
(I/P) at time t, analyzing them through three gates: forget gate (f,),
input gate (i,), and output gate (o,). These gates control the amount

exploding gradient problems that commonly affect stand-
ard RNNs [50]. LSTMs have since become a cornerstone in
time series forecasting [51] and various other applications,
including speech recognition and natural language process-
ing [52].

At the heart of the LSTM architecture is the cell state
or memory cell, which serves as a conduit for information
flow across time steps in the sequence. Information flow in
a cell state is regulated by a series of mechanisms referred
as “gates.” The input gate determines the proportion of new
input to be passed to the cell state, while the forget gate acts
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of information retained and passed to the next time step in the form
of LTM or STM using mathematical expressions defined in Eq. (4).
¢ A complex model architecture featuring intertwined layers of Con-
volutional and LSTM networks, forming a unique ConvLSTM Neural
Network structure. This work’s model architecture takes three frames
(fi_3) of size 64x64 pixels from VS as input and predicts the fourth
frame (f,) in succession with the same pixel dimensions. The model
can handle batches of VS simultaneously, predicting corresponding
batches of the next frame, creating a 3D layer of convolved predic-
tions

as a filter for information from the previous state. The output
gate controls the information to carry from the current cell
state to the final state. This stepwise calculation, filtering,
and passing of information from the previous cell state to
the next is the essence of LSTM.

Figure 2b illustrates the structure of a vanilla LSTM net-
work and its gated mechanisms. The numerical expressions
governing each gate in the network are represented in Eq. (4)
[50], where f,1,,c,, 0,, and h, denote the input gate, forget
gate, cell state, output gate, and final state, respectively, at
time step t. The weights and biases of individual gates and
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states are represented by W and B with subscripts indicat-
ing the gate and time step. Sigmoid (o) and tanh functions
are employed as activation functions within these gates, as
indicated in Fig. 2b with red and yellow curves representing
different gates.

A LSTM layer commences with the forget gate f,
(depicted as a red dotted rectangular box in Fig. 2b). The
sigmoid function is applied to the current input X, and the
Short-Term Memory from the previous time step STM,_,,
yielding a value between 0 and 1. This value is then used to
pointwise multiply with the Long-Term Memory (LTM,_,)
to determine how much information from LTM should be
discarded. Subsequently, LTM is updated by adding a por-
tion of the potential long-term memory generated from
the input gate (represented by the green dotted rectangle
in Fig. 2b). This update occurs in several steps: first, two
operations are performed using X, and STM,_;, where infor-
mation is extracted via the tanh function and a percentage
value is determined with the sigmoid function. In the second
step, the outcomes of these two operations are multiplied
together, resulting in the amount of information added to
LTM. The final stage of the LSTM network involves updat-
ing the short-term memory unit, where a sigmoid function is
applied at the output gate (blue dotted box in Fig. 2b) to X,
and STM,_,, and this result is then multiplied by the outcome
of the tanh function on LTM,. The superscript a in Eq. (4)
indicates that these expressions are for the Vanilla LSTM
network, and o represents the pointwise product.

o= a(W;’ [STM® |, X°] + b;’)
i = [o(W[STM® |, X*] + b))
o(tanh(Wlf’ [STMZ“_],X;X] + b?)]

(4 (4 (4 Mg (4)
LTM® = f*oLTM" | + i*
of = o (WS[STMY . X] + %)
STM} = o} otanhLTM,

2.3 ConvLSTM NN

As discussed in Sect. 2.2, Convolutional Neural Networks
(CNNs) and vanilla Long Short Term Memory (LSTM) net-
works are among the most powerful machine learning tools
available, each serving distinct purposes when used indi-
vidually. CNNs are commonly employed for image data pro-
cessing tasks such as image classification and disease detec-
tion from medical images [53, 54]. However, they lack the
inherent capability to handle temporal information in image
data. In contrast, LSTM networks are designed for predicting
time-dependent phenomena, such as time series forecasting
and voice assistance. Despite this, vanilla LSTMs can only
process data as one-dimensional vectors, which necessitates
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the flattening of any spatial information within input image-
vectors before training.

To combine the strengths of these two algorithms, Shi
et al. [55] introduced a fusion of Convolutional layers with
LSTM neural networks, resulting in the Convolutional-
LSTM (ConvLSTM) Neural Network. The equations used
to describe this hybrid ConvLSTM network are provided
in Eq. (5). In this equation, X,, C,, and H, represent the
inputs, cell output (Long-Term Memory), and hidden states
(Short-Term Memory) at time t, while i,, f,, and o, denote
the input, forget, and output gates, respectively. The sym-
bol © represents the convolutional operator, and o signifies
element-wise multiplication. Weights and biases for opera-
tions in each state and gate are denoted by W and b, with
lowercase subscripts indicating the respective state or gate.
The superscript f§ in Eq. (5) specifically denotes the Convo-
lutional-LSTM network.

In simpler terms, it can be stated that with the advent of
modern algorithms like transformers [56, 57], a plain vanilla
LSTM model has become somewhat outdated. Studies that
employ RNNs or standalone LSTMs [25], using latent space
feature reduction for phase-field prediction, also face the
limitation of not being able to process high-dimensional
spatial image-vector data as input into the network. In this
work, we address this significant issue by implementing the
ConvLSTM NN and successfully predict the evolution of
microstructures by training the model with spatial informa-
tion of microstructures at different time steps in the form of
image-vectors generated from phase field simulations.

w?

B _ B B B B P s
I =o(W,ox! + W) oH! +Wocl +1)

i =o(Wiox/ +W,oH! +Wecl +1)
Cf] =ftﬂOCtﬂ_l + ifﬁanh(WfC OXlﬂ + ch © Hf_l + bf)

of =o(Wh o X! + Wl 0 H. | +WioC! +1!)
Htﬁ = ofotanh(Cf)

®)

A neural network model’s architecture can vary according to
the specific use case and application field. In this work, we
designed the ConvLSTM NN architecture using the built-in
Keras [58] ConvLSTM2D module [59, 60]. We developed
two distinct model architectures for the ConvLSTM NN and
trained both on the same dataset.

The first model, denoted as (1I/P-O/P), takes a single
input frame and predicts the subsequent frame. In contrast,
the second model, denoted as (3I/P-O/P), processes three
successive frames as input and predicts the fourth frame. For

a more detailed discussion of these two model architectures,
refer to Sect. 2.4.
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For both model architectures, the model hyperparameters
are nearly identical except for the input layer.

The loss function is one of the most crucial parameters in
the training of a neural network model, and its selection pri-
marily depends on the type of prediction being made. In our
case, dealing with a binary alloy system with two phases: ¢,
-rich and cp-rich regions where c 4 and cj are the two com-
ponents of the alloy. The phases can be represented by a
single composition variable, c4, since ¢, can be expressed
as 1 — ¢4. The range of this composition variable (c,) var-
ies from O to 1, where a value of 1 indicates a phase rich in
¢, and a value of O indicates a phase poor in c 4. Inside the
bulk region of the microstructure, after phase separation,
the phase is either rich in composition ¢4 (i.e., ¢, = 1) or
cg (i.e., ¢, = 0). However, in the interface region, there is
a compositional gradient from ¢4 to cg (i.e., fromc, = 1to
¢4 = 0) and vice versa. Leveraging this fact, we employed
the Negative Log Loss function, also known as the Binary
Cross Entropy Loss function, in our model. This function
measures the performance of the model by outputting prob-
ability values between 0 and 1, which aligns with the range
of the compositional variable in our system. The expression
for the Negative Log Loss function is given in Eq. (6) [61]

N
1
logloss = —— 2 [yii-10g(y,; + (1 =y, ).log(1 =y, )] (6)

i=1

where, y,; and y ,; are the ground truth and prediction val-
ues, respectively.

Since the prediction task involves identifying phase sepa-
ration in a binary alloy system with a single compositional
variable varying from O to 1, the nature of the prediction
aligns well with a binary classification problem, which is
effectively handled by the log loss function. Additionally,
the log loss function allows the model to output probabili-
ties that represent the likelihood of the phase being rich or
poor in ¢ 4. This probabilistic interpretation is useful for cap-
turing uncertainty and the interfacial region during phase
separation.

2.4 Two architectures study

The final step before commencing neural network training is
to categorize the training data into features and labels. Train-
ing features serve as the inputs to the neural network, while
labels are used to verify the predicted results. Our training
data consists of video sequences composed of image frames,
and the goal is to predict each subsequent frame. Conse-
quently, we treat each following frame as a label, while the
preceding frame(s) serve as features. To achieve this, we
created two different model architectures, denoted as A;:
11/P-O/P and A,: 31/P-O/P.
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The distinction between these two architectures lies in the
number of frames used as features during the training pro-
cess. In A|, each individual frame (f,) in a video sequence
is input into the model to predict the adjacent frame (f,, ).
In contrast, A, uses three consecutive frames from a video
sequence (f;, f,,1, fi,o) as features to predict the fourth frame
(f,4+3), as depicted in Fig. 4. Both models were trained for
25 epochs with a batch size of 15 on a Dell Precision 7920
Tower equipped with 24 cores, 64 GB RAM, and an Intel
Xeon(R) Gold 5220R CPU @ 2.20 GHz x 48. Each model
took slightly over an hour to complete a single iteration, with
the entire training process spanning approximately 28 h. It
is worth noting that the A, architecture required more train-
ing time due to the larger input feature size. The choice of
hyperparameters, including epoch size and batch number,
was made to balance training time, processor performance,
and training progress. The prediction performance of these
two model architectures is discussed comprehensively in
Sect. 3.

3 Results and discussion
3.1 Quantification of microstructure prediction

Quantifying machine-learned predictions essentially
involves comparing the prediction results with the corre-
sponding Ground Truth (GT). In this work, we expanded our
approach from the default neural network metrics of accu-
racy and loss to include advanced image analysis techniques.
One widely used method for image quality assessment is the
Human Visual System (HVS). Although numerically quanti-
fying visual perception is challenging, the HVS can provide
a somewhat robust evaluation for distinguishing between
visual stimuli [62]. However, since HVS is inherently based
on individual perception, which varies according to biology
and vision dynamics, this method can be subjective, incon-
venient, and non-standard [63].

To overcome the limitations of HVS, we employed state-
of-the-art, mathematically consistent error quantification
methods, including the Microstructural Similarity Index
(MSIM) [64], Blobs Detection, Shape Index [65], and Root
Mean Squared Error (RMSE). These quantification tools
were implemented using Python libraries such as OpenCV
[66], scikit-image [67], sewar [68], and pydom [69]. Visu-
alization of the quantitative analysis was performed with
Matplotlib [70], which provided a means to observe and ana-
lyze deviations between the predicted results and the ground
truth. This approach offers an objective method for quantify-
ing physics-based neural network predictions, as opposed to
the subjective nature of HVS. By employing these advanced
metrics, our work establishes a new standard benchmark for
future research. It represents one of the first state-of-the-art
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multi-model machine learning algorithms designed to pre-
dict spatio-temporal microstructural evolution as an image-
tensor using physics-based phase-field simulations.

3.2 Best predictive model selection

Two NN models, A, and A, as discussed in Sect. 2.4, were
trained on the same Video Sequence dataset. These models
differ in architecture: A, uses one frame as input to predict
the subsequent frame, while A, uses three frames as input to
predict the fourth frame. It is expected that these architec-
tural differences will lead to variations in the predictions
made by the two models. To numerically and scientifically
quantify the predictions from these two NN models, we
employed two image quality assessment methods and used
arigorous threshold measure to select the model for further
analysis. The goal of this threshold measurement is to under-
stand the differences in inferred microstructural evolution
between the one-to-one prediction model (A;) and the many-
to-one prediction model (A,). The Root Mean Squared Error
(RMSE), a widely used error metric known for its simplicity
in calculation and ease of interpretation, serves as the initial
method for comparing these two NN models. The RMSE
value between the predicted image frame and the ground
truth (GT) image frame quantifies how far the pixel values
in the predicted frame are from the corresponding pixel val-
ues in the GT frame. In Eq. (7), f;; and f(’iz].) represent the

(a)

—e— GEN-0, Avg: 0.980
- GEN-1, Avg: 0.832

-3 w
N )
08 04S
- | =
0.6 —+— GEN-0, Avg: 0.1
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Fig.3 Prediction result quantification for selection of best model
among two purposed model architectures. a Microstructural similar-
ity index along with root mean squared error comparison of Model
architecture A, for two successive generations (GEN-0, GEN-1) of
predictions, The Left Y-axis represents yg;,, index with a blue shade
color of graph and Right Y-axis represents RMSE value with red
shade of color. The average pg;, and RMSE value for GEN-0 pre-
diction for A, is 0.98 and 0.1 respectively, as we approach to GEN-
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pixel values at spatial coordinates i and j for the GT frame
and predicted frame, respectively, where both frames have
the same pixel dimensions of N x M.

M—-1N-1

2
RMSE = MLN zg Z;, [f(iJ) _f(,i,n] @
i=0 j=

For testing purpose a randomly selected 137 video samples
from testing dataset was taken, which were used to evalu-
ate both neural network (NN) model architectures. Root
Mean Square Error (RMSE) was calculated for each video
sequence, and the resulting RMSE values were plotted
against the video sequence numbers, as shown in Fig. 3a for
model architecture A; and Fig. 3b for model architecture A,.
The average RMSE values across all 137 video sequences
in Prediction Generation Zero (GEN-0) and Prediction Gen-
eration One (GEN-1) were 0.1 and 0.34, respectively, for
architecture A, while for architecture A,, they were 0.06
and 0.09. It is important to note that in this context, GEN-0
prediction refers to predictions made by the NN model using
input solely from the phase field simulation, whereas GEN-1
predictions incorporate inputs derived from GEN-0 predic-
tions as well. For a more detailed discussion on generational
prediction, refer to Sect. 3.3.

The second metric used as a quantifier is the Microstruc-
tural Similarity Index (pg;,). gy, assesses image quality
by comparing similarities in terms of luminance, contrast,

(b)
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A e
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1, MSIM plummets to 0.812 where as RMSE rockets up to 0.34. b
Result of pg;, and RMSE same successive generation for Model
architecture A,. It is observed in prediction result of A, that the drop
and rise of yug;,, and RMSE is not that significant in two generations
as compared to A, indicating the robustness of A, architecture. For
both models the predictions were performed for exact same 137 vali-
dation video-sequences as represented by X-axis in both plots
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and pixel structure between two images. The mathemati-
cal expression to calculate g, is presented in Eq. (8),
originally formulated by Wang et al. [63] as the Structural
Similarity Index (SSIM) to quantify similarities between
two image frames. In this study, we adapted Wang et al.’s
similarity index for the specific purpose of microstructural
quantification, thus naming it the Microstructural Similarity
Index (g;,) [71]. In the equation, f, represents the ground
truth microstructural image frame, and ft’ denotes the pre-
dicted microstructure frame at time ‘t’.

(2/4}( ﬂfl + af)(ZGfJ/ + af,)
MSIM(f;,f;’) — Ji7 J . .

8
(u7 + ﬂf, + ) (] + Mjg/ +ay) ®)

The symbols 4, Hyrs O'fz., and 0;, represent the pixel sample

mean intensities and variances of frames f; and ft’ , respec-
tively, while os denotes the covariance between the two
image frames. The terms a; and a; are constants introduced
to prevent division by zero errors. One crucial condition for
obtaining an accurate MSIM index is that both frames, f, and
f, must have equal pixel sizes of N x M.

Similar to RMSE, we also calculated the MSIM for the
predictions of both models on the 137 validation video
sequences. The MSIM values for each video sequence
are plotted in Fig. 3a, b, categorized into two generations:
GEN-0 and GEN-1, for the two NN model architectures
A, and A,. It is observed that the MSIM index decreases
while the RMSE value increases with each generational step.
Between the two architectures, A; and A,, the latter, which
takes three frames as input, appears to perform better. The
drop in MSIM and the increase in RMSE values in model
architecture A, upon reaching GEN-1 are more significant
than those in architecture A,, suggesting that the second
architecture is more robust and reliable for generational
prediction.

Based on the analysis of the results from the two metrics,
RMSE and MSIM, we decided to select model architecture
A, as our best model and proceed further with this model
for the further investigation.

3.3 Multi-generational prediction with £,

One of the key aspects of any machine learning or pre-
dictive model is to assess and quantify how accurately its
predictions hold over successive time steps. In this work,
which deals with inferring microstructure evolution, we
have assessed generational prediction and quantified the
evolution of microstructure in successive generations of
prediction using various image correlation metrics. These
metrics include the structural similarity index [63, 71, 72],
the ratio of blob detection [73], and the root mean squared
error (RMSE) between predicted and ground truth images.
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As illustrated in Fig. 4a, the first row of the figure shows
the model taking three frames (f}, f,, f3) of image data gen-
erated from the simulation results of the Phase Field Model
produced by the MOOSE Framework, which is driven by the
physics of phase decomposition. The prediction result (f;)
from the model is considered as the generation zero (GEN-0)
prediction with no cross-breeding, where every input (par-
ent) to the model is a physics-backed simulation result. For
the next generation (GEN-1) prediction, we use two frames
(f5. f3) from the simulation results and one frame from the
machine-predicted zeroth generation result (f}) as the parent
image frames (input image frames) to the model. By using
the prediction of the previous generation as the parent for the
next generation, we cross-breed between machine learning
and physics-based results, transitioning from purely phys-
ics-based inference to physics-informed machine learning
methods. In this way, the first-generation prediction result
( fs’) inherits the characteristics of its parent frames ( f,, f3,
and f}). Similarly, for the second-generation result (f),
we use one frame from the simulation result (f3), one from
GEN-0 (f;), and one from GEN-1 (f) as input parents to the
model, which predicts the result as GEN-2 inference ( fé). At
each generation, we progress along a path of computational
reducibility by transitioning more toward machine-predicted
microstructural evolution. On the third generation, GEN-
3, we complete the transition and fully intake three image
frames as parent frames from each prediction result of each
generation: GEN-0: f/, GEN-1: fS’ , and GEN-2: f6’ . The third
and final generation results in frame f7’ , which is the culmi-
nation of predictions built upon previous predictions.

It can be observed that the structural similarity index
drops by a certain fraction in every successive generation
from GEN-0 to GEN-3. This is because each subsequent
predicted generation inherits certain microstructural char-
acteristics from its parent generation, including the differ-
ences between ground truth and the model’s prediction,
thus differing slightly more from the ground truth with each
generation.

The approach of using three frames as features to predict
the next frame allows us to address kinetics. As the model
is trained on a large number of video sample sequences
comprising different simulation parameters, as discussed in
Sect. 2.1, our model architecture A, is capable of predict-
ing successive next frames by intelligently learning the time
step difference At between the three input image frames. To
address the variable kinetics of the reaction, we strategically
curated training video sequences with different frame steps 6
ranging from 1 to 15. In every video sequence, 6 plays a cru-
cial role in determining each subsequent frame of the image
to incorporate. By varying 6 within the range of 1 to 15, we
were able to virtually speed up the phase field simulation’s
kinetic parameters.
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Fig.4 a A flow diagram visualizing multi-generational micro-
structural prediction for architecture A,. The first red colored dot-
ted box-row represents generation zero (GEN 0) prediction where 3
input frames (f;, f,, f3) are supplied to the trained model, to predict
fourth frame f/, at this generation all input frames (15 nm X 15 nm
each) are generated from phase field simulation. On reaching genera-
tion one (GEN 1), i.e. second row green dotted box, two frames (f,,
f3) are taken from phase field result in combination with frame ( fi)
of GEN 0, to predict fifth frame ( fs’) Moving on to generation two
(GEN 2) i.e. blue colored dotted box on third row, we take one frame
(f3) given by simulation alongside two predicted frames (f;, f;) from
GEN 0 and GEN 1 as input, this results in prediction of sixth frame
(ff). At every generation, input to the trained model is shifting from
physics informed phase field generated microstructural image-frames
towards previous image-frames predicted by the model itself on pre-
vious generation. And lastly, at generation three (GEN 3) the magenta

We further investigated the accuracy and robustness of
the selected NN model architecture A, through an in-depth
analysis of the Microstructural Similarity Index (yg;,). Indi-
vidual assessments of the y;,, index for all four generational
predictions were conducted using the validation video sam-
ples, and a comparative radial line graph was plotted, as
shown in Fig. 4b.

It is observed that the similarity index is highest for the
zeroth generation prediction (GEN-0), with an average pg;,,
value of 0.9942 across 137 video samples. A visible pattern
emerges in the graph, indicating that the pg;,, index drops
slightly from 0.9942 in GEN-0 to 0.9874 in GEN-1, further
to 0.9806 in GEN-2, and finally to 0.9672 in GEN-3. We
have concluded that this gradual decrease in the p;,, index
value in every successive generation is due to the inheritance
of microstructural prediction features from one generation
to another. These inherited features can contribute either
constructively or detrimentally, depending on the specific
prediction being made. As our NN model utilizes prior
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colored dotted box at fourth row, we completely shift model’s input
from phase field simulated frames to generational predicted frames
(fy» fi, f;). The outcome of GEN 3 i.e. seventh frame (f;) is purely
a result of nested machine learning framework, hence making it a
prediction based on predictions. At this step we are fully in the terri-
tory of Convolitional LSTM region (right rectangular box of Machine
Learning) leaving the physics backed region (left rectangular box of
Physics) of Phase Field. b Radial line graph of Microstructural Simi-
larity Index (MSIM) of microstructural evolution in four successive
multi-generational prediction among validation video sequences. It
is observed that MSIM value drops on every next generation start-
ing from GEN-0 with average value of 0.9942 to GEN-3 with 0.9672.
This drop in structural similarity index can be considered as a conse-
quence of children generation inheriting prediction inaccuracies from
the parent generation

generational prediction results as input for subsequent gen-
eration predictions, it establishes a parent—child relational
dynamic with feature inheritance between each generational
prediction.

Since, after GEN-3, the model’s predictions become
independent of the input frames generated from the phase
field simulations and rely solely on the results of previous
predictions, this phase is referred to as the ‘prediction-based
prediction’ zone. Our analysis shows that the model achieves
a microstructural similarity index of 90% or higher for up
to the 10th generation of prediction as illustrated in Fig. 12.
This corresponds to an estimated computational time of
273.25 s. Beyond the 10th generation, however, the model’s
accuracy, measured by the microstructural similarity index,
falls below the 90% threshold. Therefore, we do not recom-
mend using the results beyond this point for actual decision-
making processes in failure analysis.
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3.4 Microstructural blobs detection

We further applied a priori algorithm to detect microstruc-
tural blobs present on the alloy surface. Blobs refer to pat-
terns or regions in a microstructure surface with different
compositional properties compared to their surroundings.
Numerically quantifying the blobs present on the surface
can serve as a valuable tool for studying imperfections on
the alloy surface. This approach can be used to detect cracks
in the bulk phase, precipitates in the matrix phase, or voids
in a grain boundary.

The detection of differences in patterns or blobs occurs
when there is a sudden change in pixel intensity (i.e., cross-
ing an edge) while convolving a kernel within an image.
For blob detection, we applied the Laplacian of Gaussian
(LoG) Kernel to both the ground truth (GT) image frame
and the predicted frame. LoG has a well-established his-
tory of being used to detect patterns and blobs in highly
sensitive scientific fields such as medical imaging [74-76].
The expression for LoG calculation is represented by Eq. (9)
[77, 78], where M and N are positional image coordinates
with certain pixel intensities and a specified spatial constant
S,. Another pattern-detecting algorithm is the Difference
of Gaussian (DoG), also represented in Eq. (9). DoG is pri-
marily an approximation of the scale-normalized LoG itself
[79], where S, and S, represent the standard deviations of
two Gaussian functions selected by the user to capture global
and local microstructural details in an image. Figure Sa dis-
plays the application of the LoG and DoG algorithms to a
randomly selected frame from one video sample.

Moreover, our study primarily focused on using the
Laplacian of Gaussian Kernel to analyze the rate of blobs
detected in different frames of predicted images compared

to the ground truth image frame.

.2 _ 1 M? + N? M? + N?

(LoG) : V°G(M,N) = 7[—S§<1 - 2—5(27 exp _T
©))

DoG = LoG(M, N, S,,) — LoG(M,N.,S,,)

We began by implementing the Laplacian of Gaussian
(LoG) Kernel [80] on image-frames from ten randomly
selected validation video samples using the Scikit-Image
library [67]. Similarly, for the same selected video frames,
we conducted predictions for four generations of microstruc-
tural evolution and subsequently applied the LoG Kernel
to them. We chose the ratio of blobs detected in the Phase
Field-generated image-frames compared to that in the NN-
predicted image-frames as the metric to assess the robust-
ness of our model. An ideal prediction model would yield
predicted image frames with an equal number of blobs as
in the ground truth (GT) image-frames, resulting in a ratio
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of blob detection equal to 1. This information allows us to
further analyze our model’s performance in generational
microstructure prediction.

The lower section of Fig. 5 displays the ratio of blobs
detected in ten video samples, each containing 17 frames (a
total of 170 frames), for four generations of microstructure
prediction. In Fig. 5b, it can be observed that GEN-0 exhib-
its the least deviation (+0.032) from the mean (0.98), while
the standard deviation continues to increase with each suc-
cessive generation. Figure 5c corresponds to GEN-1, Fig. 5d
to GEN-2, and, finally, the most significant deviation in the
blobs detection ratio can be observed in the final genera-
tion of the study, GEN-3, as shown in Fig. Se. The increas-
ing deviation in blobs detection over the four generations
suggests that certain generational traits are being carried
over in each generation, and a threshold deviation could be
established, above which we may consider discontinuing
generational prediction. In this case, even though the fourth
generation (GEN-3) has the highest deviation (+0.065) com-
pared to previous generations, the value itself is not particu-
larly significant, making generational analysis an interesting
consideration.

3.5 Histogram of gray pixels

A histogram is a visualization tool used to represent the
frequency of occurrence in a particular subject of study. It
can serve as a quantification measure by comparing the his-
togram graphs between different subjects. A histogram of
gray pixels refers to the distribution of pixel intensity values
in a grayscale image frame. By definition, grayscale image
pixel values range between various shades of gray, with a
maximum value of 255 for white and a minimum of O for
black. Therefore, a histogram of a grayscale image provides
information about the number of occurrences of specific
pixel values in that image. We plotted the histogram chart
to compare the generational predictions of microstructural
evolution with the ground truth image frame, as shown in
Fig. 6a.

In the histogram graph, we can observe that the micro-
structural evolution data exhibits a bimodal distribution.
There are two separate peaks skewed towards opposite ends
of the pixel values (0 and 255), corresponding to two dif-
ferent phases. It can also be inferred that among the four
prediction generations, GEN-0 (red line) provides the most
accurate representation of the ground truth, with the high-
est frequency of pixel values at the opposite ends. This is
followed by GEN-1 (green line), GEN-2 (blue line), and
finally GEN-3 (magenta line). This observation aligns with
our previous quantification measures of yg;,, and blob detec-
tion ratio.
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Fig.5 Graphical comparison between microstructural blobs present
in neural network predicted, and phase field simulation generated
image-frame alongside the quantitative study of multi-generational
blobs detection ratio in ground truth to predicted microstructure. a the
first row consists of ground truth frame 12 (f},) of video sequence
1 (VS,) with no filter, Laplacian of Gaussian (LoG) filter and Dif-
ference of Gaussian (DoG) filter applied on each individual col-
umns, while second row represents same filters applied along each
column for predicted frame 12 ( fl/2) of video sequence 1 (VS,). b
Ratio of blobs detected in image frames of GEN-0 predictions to GT

It is worth noting that there are relatively few cases of
extreme pixel values (0 or 255, black or white) compared
to the frequency of pixel values near black (between 25 and
50) and near white (between 200 and 240). This suggests
that the microstructure is in a transitional phase of decom-
position, where it has yet to fully separate into two opposite
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image frames. GEN-0O shows the least deviation (standard deviation
of 0.032) in detecting blobs in comparison to that of blobs present
in simulation result where as the deviation in detection is found to
increase on every successive generational prediction ¢ GEN-1 with
deviation of 0.041 d GEN-2 with deviation of 0.052 and on reaching
GEN-3 e the final generation considered for this study it is observed
to have the maximum deviation of 0.065 from the mean blobs
detected. For all four generations, image frames are taken from 10
randomly sampled validation video sequences

phases. Histogram analysis can also assist in determining
whether the decomposition reaction is complete or ongoing
by observing the peak frequency of pixel intensity values.
Figure 6b, c present a sample case study for pixel intensity
comparison at specific pixel coordinates between two image
frames, one from the ground truth and the other from GEN-0
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prediction. It is evident that GEN-0 prediction maintains a
well-coordinated result of pixel intensities when compared
between two different positions with opposite intensities.

3.6 Shapeindex (o,)

In the context of surface shape classification, a combina-
tion of Mean Curvature (H) and Gaussian Curvature (K)
is used to categorize a point on the image surface into
distinct shapes such as Elliptical, Hyperbolic, Parabolic,
or Planar. This classification is based on the principal cur-
vatures k; and k,, where K = k k, and H = % [81]. Since
our study focuses on analyzing the interfacial region where
the phase transitions from one to another, we require an
index that can intuitively describe the region where phase
transformation occurs, specifically the diffused interface
region. This index should account for the interfaces and
boundaries of local curvature within the microstructure.
For such an analysis, a single value, dimensionless number
that fulfills the quantification criteria is the Shape Index
(o,) as proposed by Koenderink et al. [65]. They decoupled
the shape from the magnitude of curvedness, making the
surface curvature invariant to changes in scale. The Shape
Index provides a continuous measure of the shape of a
surface at a point, ranging from — 1 to +1. The expression
for calculating the Shape Index is given in Eq. (10) [82].
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where k,; and k, are the maximum and minimum princi-
pal curvatures, calculated as the eigenvalues of the Hessian
matrix.

In this work, we have employed the Shape Index to iden-
tify and locate curvatures in the microstructure by analyzing
distinctive interfacial characteristics. A positive Shape Index
value corresponds to regions with a convex shape, whereas
a negative Shape Index indicates a concave shape. A Shape
Index value of zero (¢, = 0) signifies the presence of an
edge or a transition between different shapes. Since an inter-
face represents a change in metastable phase curvature or a
transition from one phase to another, a Shape Index value of
zero serves as a reference point for correlating the interface
between the predicted microstructure and the ground truth
frame. The calculation of the Hessian matrix and the subse-
quent Shape Index value is performed using the open-source
Python library Scikit-Image. [67].

Figure 7 illustrates the curvature features and interface
regions detected using the shape index target o, = 0. Inter-
face detection is performed for both the ground truth and
predicted frames of the same microstructural frame. The
magenta dots surrounding the microstructure’s interface
denote points that deviate by no more than 0.3 from the
targeted value of 0.
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Shape Index

Fig.7 Shape index could be potentially utilized as a tool for interface
informatics. Microstructural interface detected in ground truth and
predicted image for a randomly selected microstructural frame of a
video sequence using the shape index with target value of 6, = 0. The
difference detected in the magnified part of GT and PD suggest the
predicted microstructural image frame doesn’t have a clearly defined
interface compared to the ground truth and therefore there might be
phase growth corresponding to darker region in future time step. The
magenta dots in the shape index diagram suggests that these regions
are the ones which deviate from the targeted shape index value of 0
no more than 0.3 suggesting that the interfacial region is of smaller

The magnified section inside the dotted circle provides a
closer look at the difference between the interfaces detected
in the ground truth and predicted frames. It is evident that,
in the predicted frame, the interface appears larger, sug-
gesting potential phase growth in that region in future time
steps. The 3D graph in the center displays the intensity of
microstructural pixels in a three-dimensional framework,
with magenta dots marking the interface regions within this
3D space. On the rightmost column, the microstructural
images for both the ground truth and predicted frames are
shown after passing through a Gaussian smoothing kernel.
Gaussian smoothing is applied to reduce and attenuate noise
present in the microstructural image data before determining
the shape index. The Gaussian smoothing of the microstruc-
tural image frame, used for detecting interfaces with a shape
index value of zero, visually provides information related
to interfacial changes. In the figure, a bright spot within the
dark phase at the center of the microstructure is highlighted
by the magenta dots in the shape index diagram.
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width that shown by the magenta dots. The value of 0.3 as cutoff
deviation is chosen for visualization purpose as the dots becomes
finer and difficult to visualize for deviation near to zero value. The
3D intensity graph represents the microstructural pixel intensity rang-
ing from O to 255 in a three dimensional framework with interface
denoted by magenta dots in it. Gaussian smoothing performed for
detection of interface via shape index to attenuate the image noise
present in microstructure frame, this smoothing technique also helps
in finding the sharp change in interface by showing these regions in
contrasting colors such as white in dark background

4 Interface in microstructures of Pd-Rh
and Cu-Mn alloys

We employed the trained model to rapidly forecast micro-
structural changes in two distinct engineering alloy systems:
Pd-Rh and Cu—Mn. Phase field simulations were conducted
for both alloy systems using the MOOSE Framework. The
values of the driving force (G,,,  and G, ) were
determined from thermodynamic data based on CALPHAD
at temperatures of 586.15 and 1196.0 K, respectively. These
temperatures were chosen with reference to phase stability
decomposition studies conducted by Saha et al. [83] and
Garcia et al. [84].

The landscape of the Gibbs free energy curve for both
the Pd—Rh and Cu—Mn alloy systems is dictated by the coef-
ficients of Eq. (3), as shown in Fig. 8a for the Cu—Mn alloy
system and Fig. 8b for the Pd—Rh system. The values of the
six coefficients corresponding to Eq. (3) for the Cu—Mn and
Pd—Rh systems are presented in Table 2.
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Fig.8 a The landscape of double well curve representing Gibbs
free energy for Cu—Mn binary alloy system at 586.15 K with x axis
denoting composition of Mn. The two points A (c,,, =0.432), and B
(cy, =0.930) denotes two minima points in free energy curve, where
global minima of free energy lies at the composition c,,, = 0.432
with a value of G,,;,, = —3.378¢3 J/mol. Similarly, b represents the
free energy curve for Pd—Rh alloy system at 1163 K with two points

1.6 0.60 0.75

A (cp; =0.30) and B (cp; =0.73) representing two wells of double
well curve with a global minima of free energy G,,;,, = —6.893e3 J/
mol at composition c¢p,; = 0.73. ¢ Box plot visualizing the variation in
values of six different coefficients used in Eq. (3) to create the train-
ing data for the model along with the values of same coefficients for
Pd-Rh system (represented in blue diamond shape) and Cu—Mn sys-
tem (represented in red dot)

Table 2 The values of coefficients (features) for Cu—Mn and Pd—Rh binary alloy system that subsequently create the phase field generated input

in the prediction model

Alloy a p y 1) € Coq G,in
(J/mol) (J/mol) (J/mol) (J/mol) (J/mol)

Cu-Mn —4.4232e4 2.8438e3 3.6976e5 —1.339¢3 0.9743 0.68 —3.378e3

Pd-Rh —6.5701e4 —2.2055e3 3.0077e5 —2.568e3 1.527 0.7733 —6.893e3

It is to be noted that the magnitudes of these variables were determined from the CALPHAD information. For binary Cu—Mn alloy «, f, y and
¢, are well within the features range ascribed in training data whereas, 6 and € clearly outside the training data range. Similarly, for Pd-Rh sys-
tem B, 6 and ¢, fall outside the range of training values whereas a, y and e are within the range
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By leveraging the four microstructural analysis tools dis- 4.1 How similar are the learned microstructures?
cussed in Sect. 3, we can quantify the errors at the interface
level of the predicted microstructure in these two engineer- ~ To quantify our model’s predictions in real engineering
ing alloy systems. The Microstructural Similarity Index  alloy systems, we initially analyzed four consecutive gen-
(ugpy) measures differences in contrast, luminance, and  erations of microstructural evolution predictions using the
structure at an interfacial resolution to assess the predicted  ug;,, index. The calculation of the Microstructural Similar-
microstructure in comparison to the ground truth image ity Index (ug,,) was performed for a randomly sampled set

frame. of 100 video sequences generated using our proprietary

Blobs detection is utilized to identify regions in the  algorithm, as discussed in Sect. 2.1, for both alloy systems.
microstructure where there are notable changes in back- Figure 9a displays a linear graph plotting the pg;,, val-
ground contrast, indicating an edge or interface of a micro-  ues for four generations of predictions in the Cu—Mn alloy
structural phase. Additionally, the Shape Index is employed ~ system. The graph illustrates that for the first prediction
to detect the entire region of interfaces present in the micro- generation (GEN-0), the ug;,, value is the highest at 0.917,
structure by targeting a shape index value of ; to 0. but it gradually decreases to 0.871, 0.829, and 0.792 in the

Similarly, the histogram of pixel intensity graph can pro- subsequent three generations. In contrast, for the Pd—Rh
vide insights into prediction accuracy, interfacial width,and  system, as shown in Fig. 9b, the ug,, value for the first
the clear separation of phases in the microstructure. generation is higher at 0.976, and the microstructural

similarity index does not decrease as rapidly for the next
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Fig.9 a Microstructural similarity index (pug,,) plotted for ran- of gaussian kernel. The teal colored line represents first generation
domly samped 100 video sequences in four generations of predicted of prediction and has the least amount of blobs detection deviation
microstructure for Cu—Mn binary alloy system. The consecutive g, where as the yellow, purple and brown colored graph corresponds to
values for four generations are 0.917, 0.871, 0.829 and 0.792 repre- second, third and fourth prediction generation with increasing value

sented by red, green, blue and magenta lines respectively. b Linear of deviation for number of blobs detected. d Ratio of blobs detected
plot of ug;, in generational prediction result of Pd—Rh alloy system by the difference of gaussian kernel for Pd—Rh alloy system in four

for randomly selected 100 video sequences, the four generation of consecutive microstructure prediction generation. Although deviation
prediction are represented by red, gree, blue and magenta colored in blobs detected from ground truth frame to that of predicted frame
lines with pg;, values of 0.976, 0.958, 0.941 and 0.916 respectively. increases from 0.027 to 0.039 from first generation to fourth genera-
¢ The ratio of blobs detected in predicted frame of microstructure to tion, the change in deviation is quite less significant compared to that
that of ground truth frame for four consecutive generation of predic- in Cu—Mn alloy system

tions made by the model for Cu—Mn alloy system using difference
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three generations, with values of 0.958, 0.941, and 0.916,
respectively.

In the preliminary stage of quantifying microstructural
evolution predictions in real engineering alloys, our machine
learning model appears to predict the Pd—Rh alloy system
with greater accuracy than the Cu—Mn system.

4.2 Locating the edges

Upon further investigation of blobs detected in the micro-
structural surface for predicted frames and ground truth
image frames in a randomly sampled set of 140 microstruc-
tural images, using the technique discussed in Sect. 3.4,
some interesting findings emerged. For the Cu—Mn alloy
system, the number of blobs detected in the predicted micro-
structure image matches that of the simulation-generated
frame in the first generation, with a mean ratio exceeding
0.97 and a deviation of 0.071. However, the mean ratio drops
to 0.84 in the second generation and plummets further to 0.5
and 0.36 in the third and fourth generations, as illustrated in
Fig. 9c. This suggests that the model provides fairly accurate
predictions up to the second prediction generation for the
Cu—Mn alloy system.

In contrast, for the Pd—Rh alloy system, the results are
significantly different. The ratio of blobs detected in multiple
prediction generations for Pd-Rh remains consistently high,
with a mean value for blobs detected in the microstructural
surface in all four consecutive generations exceeding 0.95
and a maximum deviation of 0.039 observed at the end of
the fourth generation. This further supports the finding that
the model predicts remarkably well for the Pd-Rh alloy sys-
tem compared to the Cu—Mn system.

Several factors may contribute to our model’s superior
performance in the Pd—Rh alloy system compared to the
Cu—Mn system. One such factor is the value of the driv-
ing force (G,,;,), which is significantly higher for Pd—Rh (-
6893.89 J/mol) compared to Cu—Mn (3378.08 J/mol). This
suggests that the model performs better for alloy systems
with G, ;, values in the range of 10e4.

Additionally, the model’s performance can be correlated
with the landscape of the Gibbs free energy curve for both
alloy systems, as shown in Fig. 9a, b. For an alloy system
where phase separation occurs near the equal composition
region of the constituent elements, the model appears to pre-
dict microstructural evolution more accurately.

4.3 Spatially positioning the region
of microstructural transition: ingenuity
of Shape Index

As discussed in Sect. 3.6, the shape index can be employed

to detect microstructural interfaces by targeting a shape
index value equal to zero. The shape index also assists in
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quantifying differences in microstructural patterns and
changes occurring at phase boundaries. For both the Pd—Rh
alloy and Cu—Mn system, we randomly selected a single
frame of microstructure from the set of video sequences and
compared the results of interface detection in predicted and
ground truth frames.

Figure 10a illustrates the microstructural interface
detected for the Pd—Rh system. In the zoomed area, it is
evident that there is a certain region in the predicted frame
detected as the microstructure interface, indicating the
potential development and growth of a phase boundary in
future time steps.

Similarly, in Fig. 10b, the interface detected for the
Cu-Mn alloy system is shown. The magnified portion high-
lights that the predicted frame still contains a small dark
region acting as a phase interface, while this region is absent
in the ground truth. Using the shape index, we can not only
compare and quantify the phase interface between predicted
and simulation-generated microstructural frames but also
detect regions where interfaces may develop in future time
steps.

4.4 Detecting errors of prediction

The third and final quantification measure used to assess
the model’s performance in two engineering alloy systems
(Pd-Rh and Cu—Mn) is the histogram of pixel intensity.
Figure 10c presents a twin-plot of the histogram of pixel
intensity in randomly selected 100 video frames for both
alloy systems.

It is noticeable that for both the Cu—Mn system and
Pd-Rh system, the histogram curve for the ground truth
microstructural frame peaks at the two extremes of intensity
values, near 0 and near 255, represented by the green and
black solid lines, respectively. However, when examining the
histogram of the first generational predicted frame for the
Cu-Mn system, it becomes evident that the curve deviates
away from the extremes and toward the center for GEN-0
and GEN-3, represented by the teal colored solid line and
yellow dashed line. This deviation may be attributed to the
poor prediction of the bulk microstructure phase along with
wider interfacial region predictions.

Since the microstructural interface represents the region
where there is a change in pixel intensity, transitioning from
white to gray or gray to white microstructural patterns, a
histogram curve with a high number of pixels in the middle
pixel intensity region suggests the presence of a wider inter-
face with less distinct bulk phases. In contrast, for the Pd-Rh
alloy system, the first (red solid line) and fourth (magenta
dotted line) generational predictions closely align with the
ground truth microstructural image, as they do not devi-
ate towards the middle range of pixel intensity and remain
near the extreme values. This further validates the model’s
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Fig. 10 a Detection and comparison of microstructural phase-inter-
face in Pd—Rh engineering alloy system between ground truth image
and model predicted image of a randomly selected microstructural
frame by the application of shape index analysis. The magnified part
denoting the difference in interface detected in ground truth and pre-
dicted frame where, a small extra interfacial region is highlighted in
predicted frame by the shape index. Shape index value ranges from
— 1 to 1 with two extreme denoting either concave or convex micro-
structural pattern, where as shape index of value O denotes the inter-
face or edge in the pattern, hence setting the target of shape index
o, = 0 we are able to detect the microstructural interface in the image
frame. b Similar analysis of interfacial region detected for Cu—Mn
alloy system with a highlight showing an interface in predicted frame
which is absent in ground truth meaning the predicted result is lag-
ging behind. ¢ A twin plot representing the histogram of pixel inten-
sity for predicted and ground truth microstructural frames in two real
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alloy system. The left y-axis represents Cu—Mn alloy system with a
green colored solid line for ground truth frame’s pixel histogram
which lies mostly at the extreme values of intensity 0 and 255 (0 for
black region, 255 for white). The first and fourth generation predic-
tion result is represented by teal solid line and yellow dashed line
which deviates from the extreme intensity value meaning the predic-
tion result has wider interface with not so distinct phase separation.
Meanwhile the right y-axis represents Pd—Rh alloy system with pur-
ple solid line for ground truth microstructural frames that rises at the
two extremities of 0 and 255. The major difference between Cu—Mn
and Pd-Rh system lies in the generational prediction result as the first
and fourth generation denoted by red solid line and magenta dotted
line also mimics the ground truth result by rising near the extremities
meaning the interface width is shorter and there is clear phase separa-
tion in this system
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superior performance for the Pd—Rh alloy system compared
to the Cu—Mn system.

5 Conclusion

In conclusion, this research work establishes a benchmark
model for predicting multi-generational microstructural evo-
lution using state-of-the-art Conv-LSTM neural networks. By
capturing spatio-temporal dependencies with remarkable accu-
racy, the proposed neural network architecture demonstrates
its robustness and computational efficiency in predicting
microstructural changes in binary alloy systems undergoing
phase decomposition. Transitioning from finite element analy-
sis to data-driven machine models for inferring microstruc-
tural behavior, this study successfully achieves the objective
of computational reducibility, yielding high microstructural
similarity indices. It offers a comprehensive insight into the
prediction capabilities of the trained model through various
quantification techniques, including y;,,, blob detection ratio,
histogram-based pixel intensity comparisons, and shape index
differences.

The significance of this research work lies in its contri-
bution to the field of spatio-temporal behavior prediction
of microstructures, where accurate inferences are of utmost
importance for engineering applications. Notably, the model
not only performs well on the testing dataset but also accu-
rately predicts the microstructural evolution and interfacial
changes in real engineering alloys, specifically in the Pd—Rh
and Cu—Mn systems. A comparison between these two binary
alloy systems reveals a superior performance of the model in
predicting the Pd—Rh alloy system, with driving force differ-
ences playing a major role in dictating model accuracy.

These findings demonstrate the potential applications
of these tools in high-risk scenarios to enable early action
in preventing hazards and accidents by predicting material
deterioration at the microstructural level. The combination
of quantitative evaluation metrics with Conv-LSTM model
predictions also paves the way for future research to uncover
previously undiscovered material behaviors, facilitating the
design and optimization of advanced materials. This work
opens up new possibilities in the integration of machine
learning models with image analysis techniques, providing
insights into dynamic and intricate microstructural evolution
behavior. Furthermore, it advances the field of materials sci-
ence and engineering by enabling accurate and efficient pre-
dictions of multiple generations of microstructural patterns.

Subsequent progress and further enhancements of the
current predictive model are possible and can be achieved
by implementing changes in the training dataset, such as
increasing pixel resolution and the number of input micro-
structural image frames. Expanding the range of driving
force parameters, considering a wider range of materials, and
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Table 3 Values of six coefficients taken as initial reference

a p Y 1 € Ceq
(J/mol) (J/mol) (J/mol) (J/mol)
—5.5e4 0 2.75e5 —0.5e3 1.5 0.65

incorporating various microstructural evolution phenomena
in the training set will enhance the model’s predictive capa-
bilities in terms of applicability and generalizability.

In summary, the approach presented in this paper for
predicting multi-generational microstructural evolution
through Conv-LSTM neural networks, coupled with quan-
tification and evaluation metrics, provides a valuable frame-
work for advancing the understanding of material behavior,
design, and optimization across a wide range of engineering
applications.

Appendix: Parametrization of driving force
G

To visualize the effects of coefficient changes on the land-
scape of Gibbs free energy, as governed by Eq. (3), we ini-
tially selected a random set of parametric values as a refer-
ence, as presented in Table 3. In Eq. (3), ‘c’ represents the
composition of an element in the alloy system, while all
other variables are coefficients with specific meanings that
determine certain characteristics of the Gibbs free energy
curve. In the following sections, we individually varied each
of these coefficients and visualized their effects.

Effects of changeina

The coefficient @ determines the amplitude of the double-
well structure in the Gibbs free energy curve. To create min-
ima at two points and promote phase separation, a negative
value of a is necessary. This separation leads to the forma-
tion of distinct phases. As illustrated in Fig. 11a, a higher
value of —5.5¢4 J/mol causes the red curve to dip more than
the green curve.

Variationin g

The f parameter is associated with the slope of the free
energy curve, influencing the stability of separated phases.
When g = 0, both separated phases are equally preferred,
resulting in a symmetrical curve. However, a non-zero
value favors one of the phases, making the free energy
curve asymmetrical. Figure 1a illustrates that at composi-
tion (¢ = 0.533), the concave region of the curve is more
prominent than at composition (¢ = 0.238). Consequently,
the free energy is lowest at this composition, indicating a
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non-zero f value (f = —0.4e4 J/mol) and a preference for the
phase at (c = 0.533). In Fig. 11b, the three different curves
representing variations in the driving force also have differ-
ent f values. The green curve has a positive f value of 5.0e3
J/mol, the magenta curve has a negative g value (—5.0e3 J/
mol), while the dotted black curve is completely symmetric,
with a slope of 0, indicating § = 0. This type of expression
is used in [35]. In summary, the g coefficient in Eq. (3) can
significantly affect the shape of a free energy curve.

Changing y

The coefficient y introduces a higher-order interaction
between the two components of a binary alloy. Similar to
@, it is associated with the quadratic term of the expression,
affecting the depth of the double-well structure, as shown in
Fig. 11c. For a binary alloy system to undergo phase sepa-
ration through phase decomposition, it is necessary for y to
have an opposite sign to that of @. In a thermodynamically
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and physically valid Gibbs free energy of a system, the value
of a must always be negative, making y positive. A positive
y value facilitates phase separation, while an opposite value
hinders the separation process, reducing the double-well
shape to an inverted parabola.

Role of

The term 6 is independent of composition but plays a major
role in accounting for external factors related to the enthalpy
and entropy of the system. It represents a global energy off-
set that does not alter the shape of the energy function or
affect the relative stability or nature of the double-wells.
However, variations in 6 cause the entire curve to shift
vertically, uniformly impacting the overall energy level of
the system. This effect is illustrated in Fig. 11d, where the
magnitude of § determines the vertical position of the free
energy curve.
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Parameter e

The unit-less term € in the equation is associated with the
characteristic range of the composition, its value determines
the width of double-well curvature. As shown in Fig. 11e a
larger value of € (yellow curve with € = 3) means the phase
decomposition is observed in narrower compositional range
whereas for a smaller value (dark blue curve with € = 1.5)
the decomposition occurs over a broader compositional
range. For a realistic phenomenon with non-negative com-
positional values, e should always be greater than zero.

€ inG
The c,, parameter is used as a reference or origin point for
the energy function, the difference between the composi-
tion ¢ and ¢, affects the double-well and energy landscape’s
position, it shifts the horizontal position of the curve without
changing the shape and symmetry of the free energy land-

scape as shown in Fig. 11f.

Superposed effect

Collectively, all the coefficients and parameters of free
energy expression defines the curvature, slope, polynomial
behavior and global energy offset of the system, as a whole
they determine the characteristic nature of the landscape of
energy function and drive the phase separation process.

1.00

0.95

0.90

Hsim —

0.85

0.80

3 5 7

Generations —

9 11

Fig. 12 Microstructural similarity index (g;,) of predicted consecu-
tive 10 generations for model architecture A2 with 3 frames as input
to the model. It is observed that the prediction similarity index is
above 90% for the 10 consecutive generations and only after the 10th
generation the prediction similarity index (accuracy) drops the 90%
bench-mark
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Appendix: Prediction accuracy
beyond GEN-3

After Generation 3, the model’s predictions become com-
pletely independent of the input frames supplied from the
phase field simulations, relying solely on the results of previ-
ous predictions, thus entering the ‘prediction-based predic-
tion’ zone. Our analysis reveals that for model architecture
A2 with 3 frames as input maintains a microstructural simi-
larity index of 90% or higher up to the 10th generation, as
shown in Fig. 12, with an estimated computational time of
273.25 s. However, after the 10th generation, the accuracy of
the model, measured by the microstructural similarity index,
falls below the 90% mark. Consequently, we do not recom-
mend using predictions beyond this generation for critical
decision-making processes in any kind of failure analysis.
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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/subediupades
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This study introduces a combined phase-field multi-physics approach to simulate laser-induced phase trans-
formations and microstructural evolution in the Ti-Au alloy system, which is crucial for advancing additive

g manufacturing processes. By varying laser parameters, such as irradiance and scan speed, we used simulations

Keywords:

Interdiffusion

Laser irradiance
Non-isothermal model
Meltpool-IMC interaction
Lewis number

to quantify phase areas and free energy dynamics, revealing intricate interplays between heat flow and
chemical diffusion. The simulations show that under maximum heat flux conditions (150 kW/cm? at 4 nm/ms),
meltpool depth reached 180 nm, surpassing the 158 nm depth observed at 134.6 kW/cm?. Moreover, the
growth of Ti;Au intermetallic compound (IMC) formed due to the interfacial reaction was studied. IMC layer
thickness peaked at 364 nm under higher irradiance, marking a 25% increase over lower irradiance conditions.
Analysis of Lewis Number revealed that meltpool diffusion occurs more slowly than heat transfer.

1. Introduction

Titanium alloys has been ubiquitously used as one of the key
materials in modern manufacturing processes. Mainly due to their
heightened superior qualities such as high-strength-to-weight ratio [1],
lightweight, corrosion resistance [2], enhanced mechanical proper-
ties [3] and bio-compatibility [4,5]. One of them which has gained
significant research attraction is titanium-gold (Ti—Au), which is con-
sidered to have a huge potential in medical sector as bio-implant
material [6]. The inert nature of gold alloyed with superior mechan-
ical properties of titanium gives result into an unique combination of
strength, non-toxicity, corrosion-resistance, high radiopacity as well as
showcasing the shape memory effect [7]. In addition, the improved
integration of alloy with bone tissue makes it highly suitable for bodily
implant resulting in faster and reliable osseointegration [8,9].

In recent study, Svanidze et al. [10] reported that an intermetallic
compound (IMC) of Titanium-Gold (TizAu) exhibits an exceptional
hardness nearly the four times as that of pure Ti or steel alloys.
Similarly, Lukose et al. [11] found that Ti;Au thin film not only shows
high hardness but also an excellent bio-compatibility with viability
level greater than 95% suggesting it as the future of thin film coating
capable of expanding lifetime of bodily implants. In another work by
Kocabas et al. [12], the intermetallics Ti;Au showed a remarkable
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Linkedin: upadesh-s-0b321a15b (U. Subedi).
E-mail address: upadesh.subedi@polsl.pl (U. Subedi).
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enhancement of energy absorption in thin-walled tubes under different
impact loading.

With such incredible physical and mechanical properties, the prac-
tical application of the intermetallics Ti;Au comes to the challenge
of manufacturing it with purity. A few methods have been used to
produce Ti;Au intermetallics samples on small quantities for purely
research purposes such as, Svanidze et al. used arc melting method
with several remelting cycles. Similarly, magnetron sputtering with
a Nano PVD deposition has been used to create Tiz;Au on a TigAl,V
substrate [11,13,14] on a nanoscale. In a study by Bialas et al. [6], the
development of Ti;Au was carried out by electrochemical coating of
titanium on a gold layer with additional heat deposition from laser to
induce the intermetallics at the Ti-Au interface.

The advancement in complex yet miniaturized product development
has lead to a chain reaction in innovation of advanced manufacturing
techniques such as nano-structure fabrication producing nanoparticles,
nano-wires and nano-tubes along with the 3D nano-structures [15].
With an advancement in nano-scale technologies following the em-
pirical Moore’s law [16], the effect of miniaturization in transistors
on an integrated circuit has created a cascade effect on all the as-
pects of modern product-development ecosystem making them smaller,
lighter compact and highly energy efficient [17]. As the product gets
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smaller and compact the need of cutting-edge advanced manufacturing
techniques that can operate in nano-scale with high precision and
accuracy becomes evident. With an extreme control over the pro-
cessing parameters and nano-scale localized energy deposition, laser
technology has evolved as one of the primary method of nano-material
processing. Previously, lasers were preferred choice for a top-down
approach of material processing for material removal and machining
using methods such as ion beam, ion etching, laser ablation while
the nano-fabrication was carried out with bottom-up approach to ob-
tain nano-structures via deposition atoms and molecules with vapor
deposition techniques [18-20]. But lately, with the technological ad-
vancement of nano-scale ultra fast lasers, the pulsed laser deposition,
laser chemical vapor deposition and nano-additive manufacturing has
become possible to fabricate nano-structures of high dimensional accu-
racy [21-23]. The ultra-fast lasers enables nano-scale energy deposition
minimizing thermal effects on surrounding materials and preserves the
nano-structure’s integrity [24]. This approach of precise control over
the temperature fields and heating mechanism enables the nucleation
and growth of nanostructures with a high spatial accuracy [25]. The
latest nano-manufacturing techniques such as: multiphoton polymer-
ization, multiphoton photoreduction, nano-welding, nano-forming has
further shaped the way of fabricating 3D nanostructures with high spa-
tial resolution aiding to the application of laser in nano-scale additive
manufacturing [26]. Deep ultra-violet laser source are used to produce
90 nm-130 nm lines in lithography whereas, femto second pulsed laser
has been used for nano-resolution fabrication with ablation threshold
setting to that of Gaussian beam profile. These ultra-fast lasers have
been used to create nano-features such as pits, voids, strips, ripples,
lines in the nano-scale well below 100 nm in dimensions [15,27]. With
the development of lasers that can accurately and precisely deposit heat
at nano-scale the use of such technology becomes evident in additive
manufacturing of nano-materials with nano-structures. From the laser
deposition of nano-particles to supply the localized thermal energy at
nano-scale enhancing the growth of nano-structures, the application
of latest ultrafast laser devices are going to play a major role in
nano-additive manufacturing.

As the additive manufacturing (AM) technologies have started to
replace the mainstream manufacturing methods and prototype develop-
ment, the different aspects of AM methods can be employed in sectors
requiring rapid, agile and reliable product [28-30]. Additionally, the
real world application of Ti-Au alloys in multi-disciplinary industrial
area such as aerospace, automotive, energy, medical, marine, and
chemical processing is broadening. [3,31-38]. With multiple AM tech-
niques as Selective Laser Melting (SLM) [39], Selective Laser Sintering
(SLA) [40], and Directed Energy Deposition (DED) [41] the window of
possibilities are wide open where one can perform rapid prototyping to
the development of industrial standard highly customized and complex
geometries in within hours. In addition to these versatile technologies,
utilizing the latest machine learning data-driven models and toolk-
its [42-46] the spatial evolution of microstrucurtres, their physical and
mechanical properties can be predicted and pre-calculated, offering an
unprecedented control over the complex design and material properties
to level of the microstructural growth.

As described by Nohrira et al. [7], with specific heat treatment of
Ti-Au binary system, it can produce the Ti;Au intermetallics with de-
sired mechanical properties. And by utilizing a focused energy beam, a
precise, repeatable and high control over the microstructure along with
the mechanical properties can be attained via the additive manufactur-
ing technologies [47,48]. With this insight we extend the horizon of
growth evolution of Ti;Au intermetallics grains with the computational
study of application of laser heat source in this work. With a detailed
analysis of laser processing parameter’s effect on microstructure evo-
lution, our work primarily focus on effects of two variables: laser scan
speeds and laser irradiation on IMC grain growth. Similarly, we explore
the laser-meltpool characteristics, temperature-composition dependent
free-energy driving the phase transitions, thermal history of the system,
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and further proceed to quantify the lead-lag dynamics between chemi-
cal diffusion and heat transfer in-terms of a dimensionless scalar value
called Lewis number [49].

In order to track the growth evolution of microstructure and phase
transitions due to the influence of laser irradiation in the computational
domain, Phase Field (PF) diffused interface model is employed with
multiple physics coupled tightly. A number of PF models and tech-
niques exists in literature such as entropy functional [50], free energy
functional [51,52], and grand potential functional [53] for microstruc-
ture evolution study. Our model consists of phase-field variables evolv-
ing spatio-temporally described by a set of partial differential equations
dictating the changes in system’s phases. And the driving force for
these changes depends upon the free-energy functional, temperature
and composition [54] of individual phases.

Since, PF method serves as an excellent computational tool tracking
the microstructure evolution, it has gained significant attention in
modeling additive manufacturing processes. Phase field modeling of
such process involving the melting, solidification and grain growth can
be established by coupling the heat transfer and fluid flow physics
with it. Gong et al. [55] studied solidification and dendrite growth
during the electron beam additive manufacturing (EBAM) of Ti-6Al-4V
alloy. Although their work claims to show grain growth comparable to
experimental results, their model lacks several essential parameters for
accurately representing the phenomenon. Their binary approximation
of a ternary system and the absence of fluid-flow coupling to the phase-
field model, assuming a flow-less melt pool regime, are significant
limitations. Additionally, their assumption of a uniform temperature
within individual phases makes it a constant temperature model. The
composition dependence of free energy is restricted to two constant
composition values for solid and liquid phases, using a double-well
approximation. Liu et al. [52] combined the phase-field method with
the lattice Boltzmann method to simulate dendrite growth, heat trans-
fer, and fluid flow during the additive manufacturing process involving
Ti-6Al-4V alloy. Despite claiming a tight coupling of the two methods,
their model lacks composition-temperature dependence of the free
energies of the individual phases. For the phase field simulation, two
fixed temperatures are considered: 1878 K for the solid phase and 1928
K for the liquid phase. They further assume constant material properties
throughout the non-isothermal process, and employ a pseudo-binary
approach for modeling a ternary alloy system. A similar approach
for simulating microstructural evolution during the EBAM process of
Ti-6Al-4V alloy is found in the work by Sahoo et al. [56] work. Their
model also uses a binary approximation of a ternary alloy system and
lacks fluid-flow coupling. The constant values for thermophysical prop-
erties reduce the model’s reliability, as thermodynamic processes such
as solidification and phase transition depend on material properties that
fluctuate with temperature. Darabi et al. [57] presented a multi-scale,
multi-physics model of powder bed fusion of Inconel-625. Their model
includes the coupling of elasticity with the phase-field method but
the coupling of thermal history with the phase-field lacks continuous
temperature dependence of free energy. They have used two fixed
temperatures for the molten and solidified phases each, without con-
sideration of flow within the melt pool. Similarly, their work assumes
constant material properties (such as: thermal conductivity, density,
specific heat capacity) within a phase, ignoring the temperature de-
pendence of material properties. The assumption of powder alloy as
a single-component system further overlooks interdiffusion effects and,
the formation and growth of intermetallics. Yang et al. [50] simulated
microstructure evolution during the selective laser sintering (SLS) pro-
cess using phase-field modeling for stainless steel (316L) powder. Their
model does not consider the role of steel alloy’s phase composition
regarding its influencing the evolution pattern. In reality the phase field
model for a binary or multi-component alloy should be different to that
of pure metal [58]. The alloy model is infact the significant expansion
of pure material model as the former must account for the composition
dependence of the alloy phase not only at the bulk but also at the
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interface. In phase field modeling of laser processed alloys, the free
energy term should account for both composition and temperature. Our
present model meticulously blends the compositional and thermal field
to describe the microstructure evolution, thereby becoming novel work
by accounting for the material phase composition in laser processed
non-isothermal condition.

The formation of intermetallics at the Ti-Au interface occurs via the
following exothermic thermo-chemical reaction:

T .
3Ti + Au — Ti;Au, AH;”A"(T)

where, AHfTi3A“(T) is the enthalpy of formation for Ti;Au intermetallic
from the constituent species Ti and Au at temperature T. During laser
processing it is known that the interface experiences temperature fluc-
tuations and so it is necessary to consider the AHfTi3A" for reactions at
different temperatures as following [59,60]:

AH;"3"“(298 K) =-31.39 kJ/mol
4H"M(750 K) = =17.91 kJ/mol
4H ;*(1000 K) = ~10.46 kJ/mol

In all these three temperatures, Ti;Au formation is thermodynami-
cally stable and this interfacial reaction can proceed along the Ti-Au
interface. However, the stability of Ti;Au is guaranteed only below
1350 K (critical temperature) [59,60]. Through the thermochemical
reaction at the interface in a temperature range between 300 K to
1350 K, the Ti;Au intermetallic nucleates and grows subsequently.
After reaching the critical nucleation radius the intermetallic starts
to grow as grains. Our present work describes such growth of the
grains (product of interfacial reactions) under non-isothermal condi-
tions where we present a multi-phase, multi-physics phase-field model
of laser processing for the Ti-Au binary alloy system. Our model fully
couples phase-field equations with heat transfer and fluid flow physics,
offering a unique perspective on the dynamics of phase transition. We
specifically address the dynamic nature of the melt pool and Ti;Au
intermetallic growth at the interface, considering interdiffusion effects.
This study advances previous models by incorporating temperature-
composition-dependent free energy functionals for individual phases
and temperature-dependent material properties. We provide a compre-
hensive study and quantification of dynamic microstructure evolution
and phase transition during laser treatment for a set of key laser
processing parameters (irradiance and scanning speed). Detailed anal-
yses include the evolution of phase areas, melt pool depth and width,
intermetallic grain thickness, and phase stability between the melt pool
and heat-affected zone.

Additionally, we introduce a novel approach to measure the dif-
ference between isotherm front and chemical diffusion by defining
their values in units of time, termed “Positional Time Lag (6t,,,)”. This
phenomenon arises because the heat flow front travels faster than the
melt pool phase front [61]. We further quantify this using the non-
dimensional Lewis Number, which provides a ratio of thermal flow
to chemical diffusion [49]. Our work incorporates these quantities
to study the effects of laser processing parameters on the relative
propagation of heat transfer and chemical diffusion fronts. We employ
the Finite Element Method (FEM) for discretization and conducted
our simulations using the open-source FEM solver MOOSE Frame-
work [62-64], which utilizes the PJFNK (Preconditioned Jacobian-Free
Newton Krylov) solver for iteratively solving coupled non-linear partial
differential equations. Our study leverages the MOOSE framework and
the Phase Field method to simulate interdiffusion effects in multi-
phase, multicomponent systems. We utilize the KKS model [58] to
ensure chemical potential equilibrium at phase boundaries, leading to
improved effectiveness, particularly in multicomponent systems.
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2. Multi-physics multi-phase field formulation

Laser processing in the additive manufacturing process is inherently
unsteady and transient [65]. Designing an accurate computational
model to replicate the intricate events during laser treatment requires
solving coupled partial differential equations governing a set of multi-
physics. In our study, we developed a multi-physics model that couples
phase-field, heat transfer and fluid flow equations to describe the
behavior of phase-field variables, heat deposition and distribution, and
flow dynamics inside the meltpool. In a multi-phase Au-Ti system, the
phase-field variables of interest are composition (a conserved quantity)
and order-parameters (non-conserved quantities) that evolves within
the domain, driven by the system’s free energy. The following sections
discuss the individual physical phenomena, the coupled equations, and
the temperature-dependent material properties associated with each
phase.

2.1. Phase field equations

In a system initially consisting of three phases: Ti-rich HCP (Hexag-
onal Closed Packed) at the bottom, Au-rich FCC (Face Centered Cubic)
solid at the top, and 4 IMC grains at the interface, the introduction of
a laser at the top immediately adds a fourth phase, Au-rich LIQUID,
as illustrated in Fig. 1b. A computational model with dimensions of
1300 nm x 500 nm in the x—z direction was designed for non-isothermal
phase-field modeling. The initial area of each phases taken into consid-
eration are, HCP: 1.3 x 10°> nm?, FCC: 3.4 x 10° nm?, LIQUID: 1 x 10*
nm?. and IMC grains combined: 1.6 x 105 nm?.

The binary Au-Ti phase diagram in Fig. 2a is constructed using the
pyCalphad software [66] and is based on the thermodynamic database
by Luo et al. [67]. In accordance to this diagram the phase structures
that are relevant in the alloy during the laser manufacturing are:
FCC-Al, HCP-A3, TI;Au IMC and LIQUID. In this binary alloy, the
composition of a single element is sufficient to describe the conserved
phase-field variable, as the molar fractions of Au and Ti in a phase sum
to 1. Here, we take the molar fraction of ‘Au’ (¢4¥) as ‘c’ to represent the
composition of the phase, with cycp, epvic, crig and cpee denoting the
molar fraction of Au in HCP, IMC, LIQUID and FCC phases respectively.
For the non-conserved variables representing HCP, FCC, LIQUID and 4
grains of IMC phases we defined a total of 7 order-parameters. These
order parameters are denoted as 5;, where the value is set to 1 if they
are inside their corresponding phase and 0 if outside. In this study, we
define the 7 order-parameters as follows: ; for HCP phase, n,, 73, 14
and #5 for four grains of IMC phase, 74 for LIQUID phase, and #; for
FCC phase. The schematics of our computational domain showcasing
the 4 phases and 7 order-parameter system is shown in Fig. 1b.

In a multi-phase system undergoing laser-induced phase transi-
tions, there is constant interaction between distinct phases at the
interface. This necessitates the use of an interpolation function to
accurately interpolate the temperature-dependent material properties
and characteristics between the co-existing phases. We have employed
a thermodynamically consistent function (#;(n)) introduced by Moe-
lans [68] for the purpose. The corresponding interpolation function for
phases with a single grain (HCP, FCC, and LIQUID), and for the multiple
grains of IMC phase is given by Eq. (1) [54,69].
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Fig. 1. (a) Experimental microstructural image depicting Ti;Au intermetallics (highlighted within magenta rectangle) formed in the aftermath of laser treatment for an Au-coated
Ti film [6]. Captured post-cooling, the highlighted region showcases the formation of Ti;Au intermetallic phase at the expense of Au-rich FCC and Ti-rich HCP phases. The dark
region at the bottom of the image represents HCP region (rich in Titanium). (b) Schematic representation of simulation setup for laser-induced heat treatment in a multiphase
Ti-Au domain (1300 nm X 500 nm) comprising of four distinct phases: Ti-rich HCP, Ti;Au IMC, Au-rich FCC, and LIQUID. A Gaussian laser heat source (depicted by the red
arrow) is dynamically applied to the top layer, initially positioned at a horizontal distance of 125 nm from the left. The scanning speed of the laser is denoted as V,,, and G,
signifies the pth IMC grain. (c) Snapshot, taken at 355.78 ms into simulation, provides a glimpse of ongoing laser treatment (I: 150 kW/cm?; v,,,: 4 nm/ms) with beam already
crossing the right end. Noteworthy in this image is the discernible growth of IMC grains, manifesting in irregular and distinct shapes. This observation aligns with our previous
experimental findings [6], underscoring the accuracy and relevance of the simulation in capturing the dynamic evolution of IMC grains during the laser processing.

In the above equations, N represents the total order parameters, and
i denotes the distinct phases. The order-parameters for HCP, FCC, and
LIQUID is given by the variable #;, while for IMC grains, it is expressed
as n; ;. When an external source of heat is applied to the computa-
tional domain, morphological changes in the microstructure become
evident caused by the system’s free energy driving the transformations.
To numerically model the physical behavior of the microstructure,
we incorporate the total free energy of the system as (F,,,) in our
model. This is achieved by combining the bulk free energy (F,,;) and
interfacial free energy (F;,) as follows:

Foat = Foui + Fig = / ot + FadV @
14

In Eq. (2), the bulk and interfacial energies are expressed in terms of
free energy densities, i.e., energy per unit molar volume. The first term,
bulk free energy density (f,;) incorporates the heat plus chemical
diffusional aspects and is expressed in Eq. (3).

fbulk = Zhifliulk = Z @ 3)
i i m

where terms h; and fl’;u,k represent the interpolation function and
the chemical bulk free energy density of phase ‘/’, respectively. The
molar volume V,, is assumed to be the same for all phases, taken as
10.21 cm3/mol (the V,, of Au) [70]. The notation G,(c, T) denotes
the composition-temperature dependent molar Gibbs free energy of
phase ‘i’. Due to thermal fluctuations induced by the laser within the
computational domain, the molar Gibbs free energy of the system must
accurately reflect thermodynamic changes associated with a variable
temperature field. This necessitates considering both the thermal al-
terations (T) and the composition (¢) to be incorporated in the free
energy expressions as presented in Eq. (4) represented by a higher-order
polynomial function. The 3D visualization of free energy function for
individual phases is shown in Fig. 2e with composition and temperature
represented on x and y axis respectively whereas, color indicating the
value of free energy as a third dimension.

G, = F; [Ale, = i, )" + BT = T.,)" + Ce,T + D] @

where T represents the temperature and c; denotes the composition of
phase ‘. The coefficients F;, A;, B;, C;, D;, a;, b;, ¢!, T! , m and n are
fitted from the thermodynamical database (.TDB file) [71]. The values
and units of these coefficients are presented in Table 1. It is to be noted
that this equation incorporates the effect of both chemical diffusion and

Table 1
Tabulated coefficients of composition-temperature dependent
Gibbs Free Energy, expressed through higher-order polyno-

mial functions across distinct phases.
Phases

Coeff HCP IMC LIQ FCC
F, 1000 1000 11 19
A;(J/mol) 655 2328 30013 208000
B;(J/mol K") 9E-6 2E-5 1E-3 1E-3
C;(J/mol K) 0 0 -0.75 -0.75
D,(J/mol) -6.9 -12.6 -21 -5.8
<ty 0.1 0.2 0.5 0.6
T, 1100 859 1939 593
m 2 2 4 6

n 2 2 2 2

thermal diffusion (mass transfer due to VT) in the multi-phase system.
The cross-effect of T-variable on the spatial distribution of composition
is briefly outlined later in Section 3.

The interfacial free energy density (f;,) in Eq. (2) is mathematically
expressed in Eq. (5).

Sint = M parrier + g Z(Vn,»)z 5)

Here, the model parameter term m and « are associated with the
diffused interface width (6) and interfacial energy o[J, /m?] as described
in the following Egs. (6) and (7).

c
m—GXg (6)
K=%X50’ @

In this work, we take the values of 5 and ¢ as 10 nm and 0.5 J/m?
respectively [72]. The f,,,..- term of Eq. (5) is a Landau polynomial of
the phase field variable in 4th order which is expressed as Eq. (8).

4 2
fz(il)zx ®

The phase-field simulation of laser-induced microstructural transfor-
mation can be simply understood as a mathematical system monitoring
the spatio-temporal changes of conserved (¢) and non-conserved (1)
variables. For the conserved variable (c), its progression is tracked
by Eq. (9).

% =V. (Z " M(T)) ¥ (%) — -V ©)
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Fig. 2. The binary Au-Ti phase diagram in (a) highlights the FCC-A1, HCP-A3, Ti;Au IMC and LIQUID phases, whose free energy values are presented in (f). The graphs (b), (c),
(d) and (e) respectively quantify the T-dependent thermal conductivities, densities, specific heat capacities and mobilities of the phases.

where, M;(T) is the temperature-dependent mobility of the ith phase.
Its value increases exponentially with the rise in temperature (Fig.
2d), directly influencing the phase growth kinetics. The symbol @
vector denotes the velocity of molten alloy in the LIQUID phase. The
Cahn-Hilliard phase mobility M;(T) is related to the bulk chemical dif-
fusion coefficient D,(T), thermodynamic factor A; and grain boundary
mobility (M,,) as follows:

1( ) + Z hyM,, 10)
A J#

Chemical diffusivity of species from higher to lower concentrations
over space and time within the computational domain, influenced by
the temperature and composition gradients governs the evolution of
phases. In this work the two species Au and Ti are assumed to have
the same diffusion coefficient for a given phase 5. So, the diffusivity
of the elements in a given phase ‘i’ is denoted by the symbol D,.
The thermodynamic factor is a second-order partial derivative of bulk
free energy density with respect to the composition, given as A; =
% [68]. The term M,, is interconnected with the grain-boundary
diffﬁsivity (Dgy), phase-specific thermodynamic factors, and the width
of the grain boundary channel (6,,) between two adjacent grains. The
expression for Mgb is given in Eq. (11) [73].

D gbﬁgb

My, =3—5%2 11
7T (A + hyA)S an

M(T) =

Here, the value of §,, is taken as 0.5 nm. For the model’s simplicity,
we have considered M, to be one hundred times the value of IMC bulk

phase’s mobility [74].
The spatio-temporal evolution of the non-conserved phase-field

variable (order-parameters) dictating the phase morphology is ex-
pressed in Eq. (12) [54].

on; O fpui afmr
— =—_L(n,..., -V. 12
o1 () ( on; oV 12
where, L(y;,...,ny) = L; is defined in Eq. (13).
N N
2 2 Ly
i=1 j>1
Li=——F—— 13)
2 X}
i=1 j>1
here, L;; is the interfacial mobility which is assumed to be diffusion-

controlled growth meaning that the growth is limited by the bulk
diffusion which is approximated as Eq. (14).
4m 1

ij=3_KXQ_U as
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The term £;; is a Cahn-Hilliard mobility dependent quantity which

is approximated as:
2O MY ; LIQUID: j : SOLID
L (15)

Q.
M Ete i : SOLID,; j : SOLID,

where M; and M; are the temperature-dependent mobilities of phases
and j respectively. For the LIQUID-SOLID interface the largest mobility
among the interacting phases is taken into consideration. Whereas for
the SOLID-SOLID interface an arithmetic mean of mobilities between
interacting phases is taken as presented in above case equation. (The
SOLID phase in our case represents IMC or HCP or FCC phases).

In Eq. (15), the parameter 7, quantifies how the equilibrium compo-
sitions of three interacting phases (HCP, IMC, and FCC or LIQ) project
onto the composition axis at a given temperature, based on the common
tangent construction in Gibbs free energy diagrams. Mathematically,
7 is the temperature-averaged product of the absolute lengths of two
projection segments along the composition axis (cy,), as given in Eq.
(16) [54,72]. These segments correspond to the equilibrium composi-
tions at the points where the common tangents between HCP & IMC
and IMC & FCC (or IMC & LIQ) phases touch the Gibbs free energy
curves.

N
T, T, T, T,
= % Z} (Cl_;w - Cf,gq.j) ("‘k,qeq,/ - C,-,Zq,k) 1e)
o=

where, i’ & 4’ and j’ & ‘k’ are the interacting phases, T, represents
a specific temperature point at which the equilibrium compositions
of the three phases are considered. In this study the magnitude of
7 is calculated to be 0.1693. The calculation is further explained in
Appendix A at two sample temperature points of 700 K and 1500 K in
Fig. A.1(a) and (b) respectively.

2.2. Energy equation

In a non-isothermal system with laser source depositing the thermal

energy dictating phase changes, the distribution of heat across the
domain is given by Expression (17).
P,-CP,' (% + L_i . VT) = kth.iV2T + Qla.\'er (17)
where temperature and time are represented by ‘T’ and ‘t’, p; denotes
the density of the ith phase. Cp; and k,;,; are the specific heat ca-
pacities and thermal conductivities of respective phases, i is the flow
velocity inside the meltpool. Similarly, Q,,, is the heat deposited
by the laser following a Gaussian beam profile whose mathematical
expression is presented in Eq. (18). The temperature dependence of
material properties (p;, Cp;, k;;,;) are discussed in Section 2.4.

3r2
Ojgser = 1.75 21 exp (——2> (18)
"o

here ‘I’ is the laser irradiance (150 kW/cm? and 134.6 kW/cm?),
similarly, 2 = 6.67 X a,, with the absorption coefficient (a,,) of Au
taken as 8.5 x 107 m~! [6,75] and a nano-scale laser beam radius ro as
120 nm [76]. With the advancement in laser technologies, laser beam
with nano-scale precision are being used in practical application such as
nano-machining, nano-structuring, nano-ablation, hybrid additive and
subtractive processing, crystallization [76-78]. Here, we have chosen
a gaussian beam profile with radius in nano-scale for simplicity of the
model describing the phase transition driven by thermal excitation.

2.3. Continuity and momentum equations
For the study of fluid flow inside the meltpool regime, the follow-

ing sets of Incompressible Navier—Stokes equations in Laplace form
(MOOSE Framework’s Navier-Stokes Module [79]) are coupled with
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the phase-field and heat transfer physics. The conservation of mass is
given by the continuity equation expressed in Eq. (19). Whereas the
conservation of momentum is defined by Eq. (20) [80].

Vi=0 (19)

ou SN -
piE + pi(u'v)u =-Vp+ ”ivzu + Fboussinesq (20)

where, i is the flow velocity, p; and y; are the density and viscosity of
phase ‘i’. Fjyginesq 18 given by Eq. (21) for LIQUID phase.

Fbous:mesq =—pPi& [1 —o(T - TO)] 21)

here Boussinesq effect is observed in only LIQUID phase which is also
associated with the convection heat transfer of Eq. (17), so p; = py o
in Eq. (21), where «; is a constant with value —1.44 [6]. As our study
primarily focuses on phase transition and IMC grain growth under non-
isothermal conditions, we simplify the phase-field model by considering
negligible effects of surface tension in meltpool phase.

2.4. Bulk and interfacial material properties

In this section, the material properties associated with individual
phases is presented. During the simulation, the LIQUID and FCC phases
go through the highest possible temperature fluctuation as a result of
direct contact of laser beam at the top surface of the computational
domain. Hence, temperature dependent material properties: density,
specific heat, thermal conductivity are considered for these two phases
whereas for the IMC and HCP phases these properties are taken as
a fixed values. The expressions describing the temperature-dependent
and constant material properties are presented in Table 2. Whereas
the graphs illustrating the thermal conductivity, density, and specific
heat for the FCC and LIQUID phases are shown in Fig. 2(b), (¢) and
(d), respectively. The temperature dependence of the mobilities for all
four phases is considered and expressed as an Arrhenius-type equation
presented in Table 2, and are plotted in Fig. 2(e). The mobility values in
our simulations are derived from diffusivities by ensuring a reasonable
difference in diffusion coefficients between the LIQUID and SOLID
phases, typically spanning 4 to 8 orders of magnitude [54,72,81]. The
diffusivity data of LIQUID and SOLID phases are found to be largely
scattered in the literatures [54,72,81,82]. In our case, we selected the
range of diffusivities of four phases at Au melting temperature (1337
K) observing the temperature and trend established in [54,82]. Our
values are selected based on the observation of mobilities used in
alloys of both types: low and high melting temperatures. In the Table
‘R’ is the universal gas constant with value 8.31 J/mol K. Similarly,
the expression for viscosity of Au-rich LIQUID phase is given by the
following expression [83]:

2669 )

Hirg = exp (—0.1990 + = (22)

To introduce mushy zone effect, the following Expression (23) is
taken into account for viscosity (u,,;) at the LIQUID-FCC boundary
region:

Haa; =W X 1o X [hpig X hpcc) (23)

where ‘y’ is a constant with value 10 taken for this study. &, ;, and
hpcc are the interpolating function for LIQUID phase and FCC phase
respectively.

2.5. Initial and boundary conditions

The computational domain is set with an initial temperature of 300
K, at normal atmospheric pressure. The initial condition for seven order
parameters (17, 7,, ... ,#;) is shown in Fig. 1(b). The initial compositions
of various phases are assigned randomly to numerical values somewhat
near to their equilibrium values and during the simulation, the free
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Table 2
Temperature dependent material properties.
Properties Phases (i) Expression Reference
19325.28 — 1.44T 4 0T*
Lo Bialas et. al. [6
, rce 19674.6 — 1.2T + 0T? falas et. al. [6]
pi (kg/m*)
me 8202.9 Jain et. al [84]
wer 4504.7 :
Lo 100 +2.73 x 1072T + 0T?
338.9 - 6.93 x 10727 + 0T Bialas et. al. [6]
ky; W/mK) FeC
thi v 91.585
HCP 16.07 Powell et. al. [85]
158 4 2.08 x 107 1.14 x 1072T
Lo + x - exp( x . ) Khvan et. al. [86]
Cn U K)  FC 132 - 11X 1072T +2.5 x 107°T?
P e 428.77 Bialas et. al. [6]
HCP 528.049 Chase et. al. [87]
Lio 2.90 x 10~'5 exp (—3043/RT)
4.88 X 107! exp (=2221/RT)
M 5 FcC
P /s 6.28 x 107! exp (~1123/RT)
Her 3.72 % 107! exp (—1550/RT)

energy equation will finally ensure that the equilibrium condition is
reached. The initial velocity of LIQUID phase 7 is taken to be 0.

Dirichlet boundary condition is applied at the bottom surface of the
domain. In other three sides, the domain is exposed to the ambient air
with convection and radiative heat transfer with coefficients 4.,,, and
Araq €xpressed in Eq. (24).

T
kih% = j'tol(T - Tm’r) 24
where, A, = Ay + Aqq- The convection heat transfer coefficient

Aeony Of air is taken as 15 W/m?K and the radiation heat transfer
coefficient A,,, is expressed as 4,y = e0(T + T,;,)(T? + T2 ) [88]. The
emissivity e of surface is taken as 0.3 and Stefan-Boltzmann constant
6 = 5.67 x 1078J/s m? K*. It is assumed that Au-rich phases (r
and 5;) do not mechanically interact with Ti-rich solid »; at bottom
boundary. Similarly, at top edge, 1, does not interact with 74 and 5,

i.e. mathematically,
0
(%),
on t0p
<%> - <"ﬂ>
on bottom on bottom

This boundary condition is helpful in suppressing the periodicity
effect of microstructures. Natural boundary condition is set for com-
position variable at all edges. No-slip boundary condition is set for
velocity at left, right and bottom edges.

(25)
0

3. Results and discussion

The heat distribution across the specimen during laser processing
plays a crucial role in determining the thermo-physical property of the
material being formed. Specially, the amount of deposited heat in the
system directly influences the physical phenomenons such as melting,
solidification, pore and precipitate formation, grain refinement, ther-
mal distortion, and residual stress induction [89]. Additionally, the
kinetics of these phenomenons namely: convection and diffusion are
also affected by the supplied heat. Given the critical impact of heat dis-
tribution, this research aims to quantify the resulting physical changes
in a computational model by examining two essential laser parameters:
laser irradiance and scan speed. To achieve this, we conducted four
sets of laser processing simulations on a geometrically identical model,
varying the laser irradiance (134.6 kW/cm? and 150 kW/cm?) and scan
speed (4 nm/ms and 5 nm/ms).

We further incorporate the thermo-diffusion term into the phase
field equations to account for the effects of non-isothermal heating
within a finite domain. The presence of a spatial temperature gradient
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necessitates the incorporation of the term VT /T? with the composition
‘¢’ in the diffusion term, aligning with approaches demonstrated by
Kunwar et al. [54], Mohanty et al. [90], and Oyedeji et al. [91]. Oyedeji
et al. quantitatively integrate the driving forces for non-isothermal
chemical and thermal diffusions, incorporating the ‘T-¢’ cross term. Our
model inherits this cross-effect through the terms B,(T — T L’ q)" in the
equation of Gibbs energy (Eq. (4)). The presence of this thermal term
in the driving force eventually affects the composition distribution in
accordance to Eq. (9). Moreover, another term C;(c;T) in Eq. (4) also
displays the role of T variable in influencing the composition distri-
bution in the alloy phases. These terms, although in over simplified
form, capture the essential physics of phase evolution under thermal
gradients. Future work will expand these terms to more accurately
represent the physics of heat transfer and its impact on concentration
gradients in non-isothermal systems.

Using different quantification techniques, such as time-temperature
plots, free-energy versus phase stability graphs, and chemical diffusion
versus heat transfer analyses, we aim to elucidate the correlation be-
tween these laser parameters and the resulting microstructural changes.
These changes include intermetallic grain growth, melt pool dynamics
(depth, width, and area), heat-affected zone stability, and overall mi-
crostructural evolution within the domain. These findings are discussed
in detail in the following sections.

3.1. Scan-speed’s influence on thermal history

To understand the effects of variations in laser scan speed within
the computational domain, we conducted simulations while keeping
all other model parameters identical. We ran two simulations with
scan speeds of 4 nm/ms and 5 nm/ms. Fig. 3 shows the temperature
distribution across the computational domain when a laser with a
power density of 150 kW/cm? is applied at two distinct scan speeds:
4 nm/ms in (a) and (b), and 5 nm/ms in (c) and (d). To quantify
the effects of laser scan speed, we selected two simulation instances
at different time steps: one at the beginning of the laser treatment
(t = 1 ms) and another at 190 ms into the simulation. Fig. 3(a) and
(c) represent the simulation snapshot at t = 1 ms, while (b) and (d)
correspond to t = 190 ms, respectively.

Initially, the effect of increased laser scan speed from 4 nm/ms to
5 nm/ms is not distinctly visible at the beginning. For both conditions,
the maximum temperature attained by the domain was 2400 K, as il-
lustrated in Fig. 3(a) and (c). Similarly, the temperature gradient away
from the laser beam spot (in both axes) is practically indistinguishable,
as denoted by the temperature contour lines. This may be due to the
fact that initially, the entire domain is at 300 K, and the heat energy
from the laser incident on the left-top surface takes some time to diffuse
throughout the computational domain, which cannot be fully captured
within 1 ms. To observe and evaluate the actual effects caused by the
difference in scan speed, we examined the temperature distribution at a
later time step. Fig. 3(b) and (d) demonstrate the simulation snapshot
at t = 190 ms, where the consequences of different laser speeds are
more apparent. The first observable difference is the laser position; in
(d), with a higher scan speed, the laser traversed a greater distance
from the left-top of the domain compared to (b). The inset plots in
Fig. 3(b) and (d) show the time-temperature graphs for three randomly
selected spots at the top surface (P, Q, and R) inside the computational
model. These plots indicate that the total simulation time required for
the selected points to heat up and subsequently cool down to ambient
temperature is longer (350 ms) for the slower scan speed compared to
the faster one (300 ms). Since the laser irradiance is the same in both
cases, the heat flux is higher for the lower speed than for the higher
speed. This means the heat energy is imparted for a longer time at
the point of beam incidence, consequently increasing the temperature
of the domain. This phenomenon is observed in Fig. 3(b), where the
maximum temperature attained by the system is 1900 K, whereas at
the same simulation time of t = 190 ms, in (d), the system peaked at
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Fig. 3. Illustration of a composite set of four snapshots from phase-field laser simulations conducted on a 1300 nm x 500 nm computational domain, subjected to a laser irradiance
of 150 kW/cm? at varying scan speeds of 4 and 5 nm/ms. The two images on top half depict snapshots from the same simulation with a scan speed of 4 nm/ms at two distinct
time points: (a) t = 1 ms and (b) t = 190 ms, respectively. In (a), the initial laser application results in a rapid temperature surge, peaking at approximately 2400 K, with a
discernible temperature gradient away from the laser impact point. Figure (b) illustrates the temperature distribution after 190 ms of laser exposure, reaching a horizontal distance
of 885 nm from the left edge. The temperature distribution averages out, peaking at 1900 K directly beneath the laser source. A time-temperature plot inset provides a temporal
profile for three spatial points (P, Q, and R) on the system’s top surface, each separated by 350 nm. The plot further indicates a total simulation duration of about 350 ms for
these selected points to cool down to ambient temperature post-laser treatment. Similarly, bottom two images showcase snapshots from a different simulation with a faster scan
speed of 5 nm/ms. Initially, at (¢) t = 1 ms, the effects of the higher scan speed are indistinguishable, with a maximum temperature reaching a similar range of 2400 K at the
beam focus. However, at (d) 190 ms, the impact of the higher scan speed becomes evident. The laser covered a greater distance of 1075 nm from the top left edge, and the
maximum temperature at the laser illumination center is lower (1860 K) compared to the slower scan speed. This is attributed to the shorter laser exposure time due to the faster
scan speed, resulting in less heat deposition into the specimen. The inset time-temperature plot within image (d) illustrates that the laser’s overall traversal time for points P, Q,

and R, with substantial cooldown to ambient temperature, is comparatively shorter (below 300 ms) than in previous case with a slower scan speed.

1860 K. The detailed simulation videos depicting the thermal history
for two different scan speeds and two irradiance levels is available in
the Appendix B. Videos B1, B2, B3, and B4 illustrate the temperature
distribution across the simulation domain as the laser moves from left
to right on the top surface, with scan speeds of 5 nm/ms and 4 nm/ms,
and irradiance levels of 150 kW/cm? and 134.6 kW/cm?, with all the
combinations of these parameters respectively.

3.2. Effects of irradiance

Next, we discuss about the effects of the most critical laser pro-
cessing parameter: irradiance or power-density [47,92] by exploring
its impact on the computational model through a comparative study
of laser irradiance at two levels: 150 kW/cm? and 134.6 kW/cm?. Fig.
4(a) presents the time-temperature plot corresponding to three selected
spots at the domain’s top surface (P, Q, and R as shown in the inset
picture) obtained from two separate simulations with different laser
irradiance levels at a constant scan speed of 5 nm/ms. The solid lines
represent points irradiated by a laser with 150 kW/cm?, while the
dotted lines represent points irradiated by a laser with 134.6 kW/cm?.

The most noticeable differences in time-temperature plots for the
two laser irradiance levels are in: (i) The peak temperature attained
by the computational domain. and (ii) The duration for which the
selected points stay above the thermal melting zone (>1337 K). It is
evident that a higher temperature is attained by the simulated domain
when irradiated by a laser with higher irradiance. As confirmed by
Fig. 4(a), all solid lines are above the dotted lines on the temperature
scale. However, this increase in temperature has further impacts on
the system that pose a greater challenge to quantify during actual
laser experiments specifically, the duration for which any given point
in the system remains above the thermal melting zone. Using post-
processing tools in Python, we measured the total time during which
the three selected points (P, Q, and R) remain above the theoretical

melting temperature of gold (1337 K) as the laser traverses through
these points. The measurement results indicate a similar trend to that
of peak temperature: with higher laser irradiance, these points remain
above the thermal melting zone for a longer duration (Q: 55 ms, R:
53 ms) compared to lower laser irradiance (Q: 42 ms, R: 41 ms).

While Fig. 4(a) visualizes the time-temperature profile at three
specific points on the domain, Fig. 4(b) and (c) present the distribution
of temperature at time t = 100 ms for two levels of laser irradiance:
134.6 kW/cm? and 150 kW/cm?, respectively. At a constant scan speed
of 5 nm/ms, the horizontal distance traversed by the laser is the same
in both cases. Comparing the two snapshots, (b) and (c), we can readily
identify several key differences in temperature profiles between them.
Firstly, the peak temperatures are 1650 K (for 134.5 kW/cm?) and 1860
K (for 150 kW/cm?). Secondly, the area of the domain lying inside the
thermal melting zone of 1337 K is greater for the higher laser power
than the lower one. This can be visually verified by the contour line
of 1337 K covering a deeper and wider field (nearly touching point Q
and P) in (c) than in (b). Similarly, the contour line for 700 K touches
point P in (¢), covering a larger area compared to (b) with lower laser
irradiance.

Further, the effect of laser irradiance can be observed within the
meltpool, where the flow velocity of the LIQUID phase is higher for
high power density and lower for low power density. Fig. 5 illus-
trates the convective flow inside the meltpool at two levels of irra-
diance: (a) shows the flow characteristics for 150 kW/cm?2, and (b)
for 134.6 kW/cm?. The figure compares the maximum flow velocity
in the LIQUID phase at a constant scan speed of 5 nm/ms, 144 ms
into the simulation. For high laser irradiance, the maximum flow
velocity inside the meltpool is nearly twice that for low irradiance.
This demonstrates that not only are the size and shape of the meltpool
directly associated with laser intensity, but the convective flow and its
maximum magnitude inside the meltpool are also closely linked with
laser power density.
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Fig. 4. Laser irradiance’s effects on T profiles. (a) Plot illustrating the temporal temperature distribution at three specific spatial coordinates (P, Q, and R, as indicated in inset
figure) located on the top (z = 500 nm) at x = 105, 455 and 805 nm respectively for two distinct irradiance levels. The continuous blue, red, and green lines represents the
temperature variations at points P, Q, and R, under laser irradiance of 150 kW/cm? and a speed of 5 nm/ms. Conversely, the dashed magenta, light green, and orange lines
represents the temperature profiles at the same points under 134.6 kW/cm? irradiance at the identical speed. Notably, at higher laser irradiance, all three location points remain
above the melting temperature (1337 K) for a significantly longer duration: 38 ms, 55 ms, and 53 ms compared to the lower irradiance scenario where the same coordinates
experience above melting temperatures only for 33 ms, 42 ms, and 41 ms, respectively. The graph emphasizes that not only does higher irradiance guarantee longer peak T in
the material, but it also significantly alters the temporal status of the thermal melting zone, even at the exact same scan speed. (b) Snapshot of the temperature field distribution
profile captured at 100 ms (during midway), employing an irradiance of 134.6 kW/cm? and a scan speed of 5 nm/ms. Notably, the computational domain reaches a maximum
temperature of 1650 K at the laser impact point on the surface. Contour lines delineate three distinct temperature regimes at 450 K, 700 K, and the FCC melting point of 1337
K. Similarly, in (c), the temperature distribution at the same time point (t = 100 ms) is visualized, maintaining the identical laser scan velocity but with a higher irradiance of
150 kW/cm?. A visually distinctive feature is the extended region surpassing the melting point, with a general maximum temperature of 1860 K recorded at the laser-irradiated
surface spot. Collectively, images (a), (b), and (c) intricately convey that the overall dynamics of heat transfer and melting point regime exhibit significant variation with laser
power, even when the scanning speed is held constant.

With the consideration of temperature dependent free energy for-
mulation we present a more realistic representation of temperature dis-
tribution across the meltpool and solid phases. Unlike other works [52,
571, where the thermal profile coupled with the phase field is taken at
just two fixed temperature values, as shown in Fig. 6(a), we present
a fully coupled continuous temperature-phase-field system, allowing
the temperature to vary according to the heat deposition by a Gaus-
sian beam profile. The issue with considering a constant temperature
within a phase in above mentioned studies is the lack of continuously
differentiable free energy function dependent on temperature, which is

3.3. Phase dynamics

With different laser parameters, we observed a different nature of
microstructural growth of each phases. In Fig. 7, each yellow block
indicates the Ti;Au IMC grain marked as G;, G,, G3;, and Gy, the
meltpool region is represented by dark red color with Au-rich FCC
phase in green. The Ti-rich HCP phase is shown in blue, and the dotted
contour lines inside the domain denotes the temperature distribution.
The result from four different sets of simulation criteria are presented
inside the dotted blocks with upper rectangular block representing
phase evolution under laser power of 134.6 kW/cm?, and the one in

primarily responsible in dictating the phase transitions. Hence, to inter-
polate phase field variables and associated material properties within
phases, a fixed reference temperature is used in those studies. This
assumption undermines the realistic representation of laser processing,
as illustrated by the top-hat curves for phase (¢: sky blue line) and
temperature (red line) in Fig. 6(a), where it is observed that the phase
changes occur instantaneously as the temperature shifts. In contrast,
the formulation of a continuous function of temperature-dependent free
energy in our work allows us not only to observe differences in heat
flow and chemical diffusion but also to achieve a realistic temperature
distribution (Gaussian profiled red line) and phase profile (blue line),
as shown in Fig. 6(b).

From these graphs of time-temperature, temperature distribution in
Figs. 4, 6 and convective flow of Fig. 5, we can leverage laser irradiance
for a tailored design approach to control the area of the heat-affected
zone (HAZ), thermal melting zone, flow characteristics inside meltpool,
as well as the time period for melting-solidification of any given spatial
area of the domain.

bottom corresponding to that of 150 kW/cm?. Inside of each block,
the first row corresponds to scan-speed of 5 nm/ms and second row to
4 nm/ms. To analyze the temporal evolution of Ti;Au intermetallics,
snapshot of the domain at two time stamps are presented in columns:
(a) at t = 40 ms and (b) at t = 200 ms.

Analyzing the results from four simulations setup, it was found that
IMC grain growth is largely enhanced by a higher value of irradiance
at slower scan-speed. It can be observed that the under the influence
of maximum heat flux condition (Q,,,,) the overall growth of all the 4
grains is highest and in minimum flux condition (Q,,,) the grain grown
is not so prevalent. The maximum and minimum heat flux conditions
are a defined as a set of combination of laser irradiance and scan speed,
for Q,,,, the irradiance is 150 kW/cm? with scan-speed 4 nm/ms and
for Q,,,, the irradiance is 136.4 kW/cm? at a faster scan-speed of 5
nm/ms.

From the post-simulation calculation, for Q,,, (topmost row) the
area of meltpool is computed to be 48 x 10° nm? at t = 40 ms and 21
x 10° nm? at t = 200 ms, the lowest in all four simulation results. In the
second row of Fig. 7, with a slower scan speed of 4 nm/ms, the heat
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Fig. 5. Illustration of the effect of laser irradiance on convective flow inside the
meltpool regime. (a) Shows the magnitude of flow velocity inside the liquid phase
(marked by the orange contour line) for laser irradiance of 150 kW/cm?. The maximum
velocity magnitude is observed at the top surface of the domain with a value greater
than 12 nm/ns, decreasing gradually with depth, and reaching zero outside the liquid
phase. (b) depicts the convective flow velocity inside the meltpool for irradiance of
134.6 kW/cm?. It is to be noted that the maximum velocity magnitude is nearly half
(6 nm/ms) that of (a). The scan speed for both simulations was set to 5 nm/ms, and
the velocity profile snapshot is taken at 144 ms into the simulation.

deposition increases compared to the Q,,;, condition. The meltpool area
measures 54 x 10> nm? at t = 40 ms and 36 x 10° nm? at t = 200 ms.
For the IMC grains, particularly grain G, is observed to be protruding
further downward at the later time stamp. In the third row, with a
higher laser irradiance of 150 kW/cm?, the grains G, and G, start to
grow and come in contact with each other at time t = 40 ms which
indicates a preferential growth of IMC at an elevated temperature (800
K+). This growth is attributed to the lower Gibbs free energy (—12
kJ/mol) of IMC compared to near by FCC phase with free energy —8.5
kJ/mol at 800 K. At t = 200 ms, not only do all IMC grains evolve
rapidly, but the meltpool area also increases to 39 x 10> nm? compared
to that with irradiance of 134.6 kW/cm? at same scan-speed.

In the fourth row, an extreme phase morphology is observed
throughout the simulation. The area of meltpool dominates all other
phases with an area of 125 x 10° nm? at time t = 200 ms. Evolution
of all the IMC grains is observed through the consumption of nearby
FCC and HCP-rich regions. This particular snapshot of the simulation
at Q,,,, condition also highlights an intriguing phenomenon where
chemical diffusion lags behind heat flow, which is discussed further
in Section 3.7.

3.4. Area evolution

Further quantification of individual phase growth in response to
changes in laser parameters are discussed within this section primarily
focusing on the growth and shrinkage of phase areas. With an area-time
plot for two extreme cases of maximum (Qp,,) and minimum (Qp;,)
heat flux Fig. 8 demonstrates the temporal growth of all the phases.
Fig. 8(a), corresponding to Q,,;, with an initial dominance of the Au-
rich FCC phase (green line) undergoing transitions with an area of 3.4
x 10° nm? at t = 0 ms. As the laser irradiates the top surface of the
domain, solid FCC melts to form LIQUID phase represented by red line
peaking its area from 1 x 10* nm? initially to 5 x 10* nm? at t = 53 ms.
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Fig. 6. Comparison of temperature distribution across the liquid (melt pool) and solid
phases between the work of Darabi et al. [57] (a), which uses a constant temperature
interpolation between phases, and our work (b), which employs a temperature-
dependent free energy functional and material properties. (a) Plot of phase field and
temperature variation graph along the A-B line in the melt pool boundary domain [57].
A fixed two-temperature model is illustrated by the uniform temperature of 2600
K across the entire melt pool regime (¢ = 1), displaying a top-hat profile, and a
temperature of 1400 K in the solidified region (¢ = 0). (b) The phase field plot for the
liquid phase and the temperature profile along the A-B line from our work. The bell-
shaped temperature distribution demonstrates a smooth and continuous temperature
profile across the melt pool. The spatial lead of the temperature profile relative to the
liquid phase is due to differences in thermal and chemical diffusivity.

As the laser progresses through the domain, noteworthy growth in IMC
grains is observed (yellow line) at t = 150 ms around mid-simulation.
By 225 ms into the simulation, FCC phase reduces to its minimum with
area of 2.6 x 10° nm?, while the meltpool re-expands to 4 x 10* nm?.
During the end of the simulation (t = 300 ms), the meltpool solidifies
back into the FCC phase, augmenting the Au-rich phase. Meanwhile, the
IMC grains expansion slowly plateaus. For the HCP phase (blue line),
its initial area of 1.3 x 10° nm?, reduces to 7.4 x 10* nm? at t = 150 ms,
and by the end at t = 281 ms it further drops to of 3 x 10* nm?2.
Similarly, in plot 8(b) the area-time profile under maximum heat
flux conditions (Q,,,) is presented. Although the initial phase areas
are identical to Q,,,, condition, a drastic differences in phase growth
is observed. Starting with the FCC to LIQUID phase transition due to
laser-induced melting, the Au-rich FCC phase undergoes a conspicuous
‘U’-shaped dip in the area curve, reaching its all-time low presence
of 9 x 10* nm? at t = 275 ms. At the same time, the meltpool area
takes a sharp ascent, with a maximum area of 1.5 x 10° nm”. Implying
that higher laser power coupled with a slower scan speed exerts a
more profound influence on phase morphologies compared to lower
irradiation with a faster scan speed. After 275 ms, as the laser traverses
fully through the domain, the meltpool solidifies decreasing its area
from 4 x 10* nm? at 500 ms to near non-existent by the end with
an increase in FCC phase area to 2.4 x 10° nm?. Concurrently, the
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Fig. 7. Utilizing phase field simulations to explore the combined effects of irradiance and scan speed on phases/grain sizes and morphologies during transient heating process.
For minimal boundary heat flux rate (Q) condition (indicated by process parameters of 134.6 kW/cm?2, 5 nm/ms on the topmost images), the yellow colored IMC grains G,, G,,
G; and G, of size and morphology quantified at (a) t = 40 ms, evolve to the nanostructures of different profile and dimensions at (b) t = 200 ms. Among the four grains, the
grain G, being the first one to meet the melt pool since 40 ms takes the opportunity to not only become the largest and widest at 200 ms. When the Q is increased with only
the decrease of scan speed at same irradiance (corresponding to 134.6 kW/cm?, 4 nm/ms), it allows G, to expand laterally + vertically even bigger at the cost of adjacent phases
and grains, thereby suggesting that the IMC grains appearing first to the slowly traveling heat source benefit the most at the fixed time duration of 200-40 = 160 ms. However,
when irradiance is increased to 150 kW/cm? with scan speed maintained higher at 5 nm/ms, the grains G,, G; and G, compete proportionately with G, for growth. Finally, as in
the context of images in the bottommost part of the figure, when the maximal Q criterion is implemented (150 kW/cm?, 4 nm/ms), the slowly moving and high powered laser
beam again favors G, grain the most. Observing the melt pool profiles (red colored LIQUID phase) corresponding to 200 ms, the one for minimal Q condition is the smallest and
touches none of the IMC grains, whereas the melt pool of maximal Q criterion is the largest, the longest and completely touches the three grains G,, G, and Gj. It is to be noted
that meltpool front for 5 nm/ms speed are ahead than those for 4 nm/ms. Comparing between the images at 200 ms, the FCC phase (green colored region) and HCP substrate
(blue colored region) retain the largest areas for minimal Q criterion and the smallest areas for maximal Q condition.

cumulative are of Ti;Au IMC grains peaks to 38 x 10° nm? at t = 275 ms 3.5. Laser induced Meltpool characteristics

and remains relatively constant till the end. Meanwhile for HCP phase,

a sharp decrease in area is observed initially reducing to 2 x 10* nm?, Understanding laser-induced meltpool characteristics such as shape,

and after t = 275 ms it almost maintains constant area. depth, width, and temperature is crucial in advancing the quality and
The simulation videos displaying phase evolution through animated efficacy of laser-based additive manufacturing processes [93]. Meltpool

area graphs are provided in the Appendix B. Videos B5, B6, B7, and geometry and area are two highly influential factors determining the
microstructure, along with the kinematics of solidification, cooling rate,
phase transition and dendrite growth [94]. Tracking the interface via
the phase field method, we measured the ever-changing dynamics of
the LIQUID phase: the temporal evolution of the maximum width (x,,,,)
and the changes in meltpool maximum depth (z,,,). In addition, a
comparative analysis of the time-temperature profile and free energy
changes of the heat affected zone (HAZ) with that of meltpool region is
done by selecting two study points (o and X, as marked in the inset of
Fig. 9(a)). These two selected points are 10 nm from the interface on

B8 illustrate the growth and area evolution of individual phases. These
videos correspond to the laser scan speeds of 5 nm/ms and 4 nm/ms,
with irradiance levels of 150 kW/cm? and 134.6 kW/cm?, respectively,
representing all combinations of these parameters.

From a broader observation of simulation results in Figs. 7(a) (b)
and 8(a) (b), it can be noted that the area of intermetallic grains
(Tiz;Au) grows with an increase in temperature of the simulation do-
main which is consistent with the two different experimental works

from Karimi at al. and Lukose et al. [13,14]. The increase in tempera- either direction with each lying inside HAZ (FCC phase) and meltpool

ture of the computational domain corresponds to a higher laser irradi- (LIQUID phase) at a fixed distance from the top surface. As, these points

ance and a slow scan speed. Our numerical simulation is in agreement are linked to the FCC-LIQUID interface, their absolute coordinates

with these experimental observations that the increase in power input inside the domain vary as the interface moves along the domain.

accelerates the morphological appearance of conspicuously columnar In Fig. 9(a), the four subplots illustrate the changes in Gibbs free

intermetallic grains. energy over time at o and x with different laser parameter setup. A
11
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Fig. 8. Synopsis of temporal variation of the individual areas for LIQUID, FCC, IMC,
and HCP phases for two conditions of boundary heat source - (a) Q,,;, (134.6 kW/cm?, 5
nm/ms), and (b) Qmm, (150 kW/cm?, 4 nm/ms). The phase area of IMC is quantified as
the total areas of the four grains G,, G,, G; and G,. The time taken by the laser for (b)
to reach the another end of the computational domain from the start position is twice
that of (a). At the time the laser finishes its journey, the IMC phase (orange colored
lines) acquires the largest area in context of (b) Q,,, criterion whereas FCC (green
colored lines) retains its initial position in case of (a) Q,,, criteria. Since LIQUID (red
colored lines) and FCC phase replace each other during melting and resolidification,
the increase in area of one of the two phases is marked by the decrease in the size of
the another phase. In context of Q,,, condition, the FCC phase area is always larger
than the LIQUID area throughout the entire path of the laser, and with a difference
of at least 2 x 105 nm?. In Q,,, condition, the difference of area is reduced as time
passes till the meltpool (LIQUID phase) area temporarily exceeds that of the FCC area
for a duration of 91.09 ms midway. Again the FCC phase area surpasses the LIQUID
area till the end. The HCP phase being consumed by the growing IMC grains, keeps
on ceding its area in both conditions but the loss rate is more pronounced in context
of maximal heat source application criterion.

horizontal black dotted line is used to demarcate the zero free en-
ergy value, separating positive (unstable) and negative (stable) realms.
Considering the tendency of reactions to minimize free energy for
maximum stability, observing the temporal evolution of free energy
graphs provides an insight into the phase stability of these points.
Notably, in all four subplots of (a), the free energy at the HAZ point
marked by ‘X’ is persistently large and positive, indicating its pro-
nounced instability. In contrast, the point ‘o’ within the LIQUID phase
consistently demonstrates significantly negative free energy, signifying
stability. Thus, it can be inferred that as the laser advances, the phase at
the HAZ proceeds to transition towards a more stable LIQUID phase. In
Figures (b) and (c), the time-temperature plots illustrate the thermal
responses at two selected points under Q,,, and Q,,, conditions. As
these points traverse along with the FCC-LIQUID interface during
the simulation, observable temperature fluctuations manifest. Notably,
both coordinates (o and x) consistently register temperatures well
above the FCC melting point, signaling an impending phase transition
from the heat-affected zone to the LIQUID phase. The temperature—
time diagrams between Q,,;, and Q,,,, conditions for these two points
shows a observable difference in peak temperatures attained, with
temperatures reaching approximately 2100 K for Q,,;, and around 2300
K for Q Additionally, the curves representing Q,,,, exhibits higher

max* max
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temperature for region of interest inside heat-affected zone compared to
that inside LIQUID phase. Conversely, for Q,,;, conditions, a fluctuating
competition emerges between point of interest inside the HAZ and that
inside the LIQUID phase to achieving a higher temperatures.

The free energy and temperature evolution of the region around
the FCC-LIQUID interface provide an essential insight into the po-
tential development of the LIQUID phase during laser processing. To
characterize the actual meltpool formed due to laser melting of the
FCC-rich phase, we traced the maximum meltpool width and depth
throughout the simulation at two laser irradiance levels (134.6 kW/cm?
and 150 kW/cm?) for same scan-speed of 5 nm/ms. We found that the
relationship between x,,,, and z,,, with the laser irradiance level is
straightforward: the higher the irradiance, the greater the width and
depth of the meltpool, aligning with the study by Li, et al. [95].

As shown in Fig. 9(d), the maximum meltpool depth consistently
surpasses at each time instance for higher laser power (red solid line),
with a maximum depth of 180 nm at t = 225 ms, at the same time the
dotted red line represents the lower irradiance level with a maximum
depth of 158 nm. The meltpool width mimics the meltpool depth,
i.e. higher laser irradiance yields larger x,,,, values at each time step
(purple solid line peaking at 630 nm at t = 91 ms). In contrast,
the x,,, values for the lower irradiance of 134.6 kW/cm’ peak at
72 ms in the simulation, registering a value of 525 nm, represented
by the dashed light blue line. One key noticeable distinction between
the curves of x,,,, for the two irradiance levels is the sharp decrease
in meltpool width for higher irradiance (solid purple line) from t =
127 ms to t = 143 ms, which can be attributed to the separation of
the meltpool at the trailing edge as a result of rapid solidification,
while the leading front follows the laser. (The videos of these sim-
ulations analysis are provided as supplementary material and is also
available at https://github.com/subediupadesh/MultiPhysics MultiPha
seField_LaserProcessing/tree/main/3_Simulation_Video_Animations).

3.6. Interdiffusion and IMC growth at non-isothermal condition

One common theme that was observed in all four simulations per-
formed with different laser processing parameters was the growth of
TizAu intermetallic grains. To understand the thermodynamic reason
behind the observable grain growth, we need to focus on the inter-
facial region between IMC phase and other phases in contact. The
non-isothermal conditions in the domain creates an unique effect on
the driving force and evolving phases. To study the detail intricacies
ongoing in the interfacial region, we proceed to calculate the free
energy’s numerical value at IMC interface and analyze the behavior of
evolution with regards to free energy value. For this, a point in interface
is selected for each IMC grain as marked by ‘X’ in the inset of Fig. 10(d).
These marked points are dynamic in nature and shift their position as
interface itself moves to minimize the free energy of the system.

In Fig. 10, the temporal changes in free energy values at the
upper interface of IMC grains is presented. Fig. 10(a) showcases Q,,;,
condition where consistently the lowest free energy value is calculated
at the interface for all four IMC grains (yellow lines) implying the
continuous growth of Ti;Au intermetallics. Additionally, from the same
graph it can deduced that there is only one grain G, interacting with
the meltpool marked by the presence of red solid line in plot for G, and
absence in all others. The interaction between meltpool and grain G, is
very brief lasting only for 21.8 ms after which, the only interaction of
all IMC grains including G, is with FCC phase (green line). Throughout
the simulation, the free energies of interacting phases IMC grains and
FCC is always minimum for IMC giving rise to its eventual growth.
Similarly, for Q,,,, condition, the plot is presented in Fig. 10(b) where
a distinct phenomenon is observed for grain G, and Gj;. For grain
G, at the beginning of simulation the LIQUID phase dominates the
interfacial region resulting in meltpool area increase. After 22 ms into
the simulation, the driving free energy at interface region shifts from
LIQUID phase to IMC and hence IMC grain G, grows. For grain G;, the

113



U. Subedi et al. Computational Materials Science 255 (2025) 113875

(a)xm’ _(b) %102 min Q
H
60T (54m, 150 ) [5 73, 134.6 %) = 2.1 LIQ == HAZ
.
40 - g
" 18
20 .
\__,./ Hil
- 0 Uns:ablef Unstablef . =
(o] /\smhla /_-—-\Slahle . 1.5
g . t . [) () 260
— %103 — o LIQ = x HAZ = 1
= . t[ms] —
O 60T (a1, 150 k) e NS s EEE SRR EEEEEEEEEAEEEEEEEEEEEEEEEE
.
40 -
(45, 134.6 X4) - =150 kW
20 - 600 — cm?
. = kW
o unstablef unstablef = — 13475
H
1al” Stable‘ Ve Stable‘: T p—
0 125 250 0 125 250 = | 400 g
t[ms] — =] 0 =
x103 max Q == [
a =200 £
2:5 LIQ == HAZ - % N
.
= = £ 100 l
—1.9 = X o
= .
H
1.5 H 200
0 125 250 0 100 200 300
t[ms] — time [ms] —

Fig. 9. Assessment of thermodynamic stability of meltpool is performed in (a)-(c). The images in (a) demonstrate how laser irradiance and scan speed influences free energy
profiles at the forefront of an advancing melt pool. The red colored free energy curves representing the position dot (o) located within the LIQUID phase of the meltpool 10 nm
inward from the phase interface are negative throughout the entire time duration. On the other hand, the cross (X) position located at the solid FCC phase 10 nm outward from
the phase interface, has a positive valued F values through out the entire duration and thus indicates that it will be consumed by the advancing melt pool (relative position of
dot ‘o’ and cross ‘x’ is presented in the inset figure of (a)). The temperature values that dictate the F values for the two locations — one positioned at the LIQUID phase (LIQ)
and another at heat affected zone (HAZ) of FCC phase, are plotted as functions of time for processing parameters of (b) 150 kW/cm?, 4 nm/ms (max Q) and (c) 134.6 kW/cm?,
5 nm/ms (min Q) criteria. The graph in (d) reveals how the transient melt pool size (characterized geometrically by horizontal span x,,. and vertical depth z,,.) is increased
two-dimensionally by the amount of the irradiance values of a boundary heat source moving at a constant speed of 5 nm/ms. The magnitudes of x,,,, and z,,, are differentiated
through the colors of the labels in the vertical axes. The lengths (span and depth) for higher irradiance value of 150 kW/cm? are represented by solid lines whereas those for
lower irradiance (134.6 kW/cm?) are depicted by dotted lines. For applied irradiance of 150 kW/cm?, the meltpool span achieves its peak value of 630 nm at 91 ms whereas the
largest depth of 180 nm at 225 ms.

IMC interface comes into contact with meltpool mid-simulation (from ( a) min (b) max &
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for grain G;, the free energy at interface is measured to be minimum

for IMC grain throughout the simulation. For grain G, and G4, IMC
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marked point (x) at the IMC interface under Q,,;, and Q,,,, conditions. (C) 100 min § (d)
It can be observed that the maximum temperature attained by all 1.5
four interfacial points is greater for Q,,,,, compared to Q,,,. Similarly, 0 0 — i::';’ﬁ
under maximum heat flux, the time required for the interfacial points g oakg - = l T
to reach maximum temperature and return to ambient temperature is Py s x10° max § Em ’,,‘—'--—
longer than under minimum heat flux condition (380 ms and 300 ms, i i J "'"1
respectively). Whereas, Fig. 10(d) presents the growth of the inter- * —_ 2: L | HEE
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metallic compound’s mean thickness (s) on application of two level 3t 5% &) 5 160 560 360
of laser irradiance at fixed scan-speed of 5 nm/ms. The calculation t[ms] — tms] —
of mean overall thickness is performed by dividing the total area of Fig. 10. Thermodynamic assessment at the top interface points of four IMC grains

IMC grains by the combined bottom width (XIMCYy of all grains. For G,, G,, Gy, G, at (a)-(c) for two heat source parameters conditions — min Q (134.6

max . .
laser irradiance of 150 kW/cm? the grain growth exhibits a non-linear kW/cm?, 5 nm/ms) and max Q (150 kW/cm®, 4 nm/ms), reveals that IMC grains
having a relatively lower free energy (F) values than FCC phase can grow at the latter’s

pattern (red lme), featurmg an initial surge followed by a plateau expense. In context of minimum boundary heat source criterion, as shown in (a) and

towards the simulation’s end. Whereas, the growth of intermetallics is (c) only the grain G,’s top interface reaches a higher temperature value (T > 1337
+ K) at initial time momentarily when LIQUID phase is thermodynamically favorable
. . as compared to the FCC phase. However, in case of maximum boundary heat source
attaining a thickness (s) of 289 nm at 235 ms compared to 289 nm criterion, as shown in (b) and (c), top interfaces of grains G, and G, reach the very
at 235 ms for higher irradiance level. Here, it can be observed that high temperature condition in which LIQUID phase will momentarily get more favorable
conditions than the FCC phase in terms of thermodynamic stability (quantified by the
relative values of free energy). At a constant scan speed of 5 nm/ms, the image in (d)
increased by a substantial 25.68% aiding to the conclusion that TizAu shows how a higher irradiance value of laser accelerates the total IMC layer thickness

intermetallics growth is highly sensitive towards deposited heat. increment rate (s).

not so pronounced for lower laser irradiance (blue dashed line) only

with just an 11.44% increase in laser irradiance level, the IMC thickness
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Fig. 11. The figures presented herein highlight our key findings regarding the distinction between thermal and chemical diffusion fronts, characterized by = and ®. In this context,
7 marks the isotherm tip corresponding to the FCC-melting temperature (1337 K), while © denotes the leading front of the meltpool. Subplots (a) and (b) chronicle the temporal
evolution of 7 and © under minimum and maximum heat flux conditions per unit time, revealing the lead-lag dynamics. For instance, in (a) under Q,,, (134.6 kW/cm? and 5
nm/ms) at t = 30 ms, the isotherm front (z) precedes the meltpool front (D) with a Lewis number of 10.18, similar to the Q,m (150 kW/cm? and 4 nm/ms) scenario at the
same time stamp but with a slightly higher Lewis number of 10.27. In (b), under Q,,, at t = 175 ms, the Lewis number decreases to 9.50, and the laser beam spot surpasses the
chemical diffusion front 7. Notably, the meltpool area (inside dotted blue line) is distinctly smaller than the region above the melting temperature (green contour line) due to the
Q,» condition. For Q,,,. at the same time stamp, the meltpool front precedes the laser beam spot, following the thermal front = with a Lewis number of 9.74. Plot (c) illustrates
the variation in Lewis number for different laser parameters over simulation time, highlighting the significant impact of scanning speed on Lewis number. Slower scanning speeds
exhibit higher Lewis numbers, as seen in teal and magenta lines (4 nm/ms), compared to the faster scan speed of 5 nm/ms (orange and light blue lines). The inset schematics
provide a visual representation of the thermal front (z), meltpool front (©), and laser beam spot. Graphs (d) and (e) display positional time lags (5t,,) between thermal and

-pos

meltpool diffusion fronts against the domain’s horizontal dimension. Under minimum heat flux per unit time in (d), the meltpool front © catches up to the isotherm front r within
37.08 ms, while in (e) for maximum heat flux per unit time, the positional time lag reaches a maximum of 47.14 ms, as indicated by the red line.

3.7. Diffusion kinetics and Lewis number

In literature, the majority of numerical models for laser process-
ing [56,57,61] assume that the melting of material correlates instan-
taneously with its theoretical melting temperature. This assumption
might yield satisfactory results for scenarios where the laser heat
source is stationary. However, for a moving laser heat source traversing
through the material, the growth of the meltpool cannot simply be a
function of temperature alone. Instead, the diffusion of heat and mass
transfer come into play for the meltpool to trace the path of the moving
laser [96]. Since the diffusion rates of heat and mass are different
quantities, as shown in Eq. (26), the assumption that any region inside
the domain where the temperature reaches the material’s melting point
will instantaneously change into meltpool becomes invalid. Thus the
movement of the LIQUID phase is dictated by chemical diffusion rather
than heat diffusion. And since heat transfer is faster than chemical
diffusion [97], it leads to the conclusion that LIQUID phase lags behind
the isotherm of melting temperature as laser moves across the domain.
To model the real scenario accurately, we quantified the difference
between the rates of heat diffusion and mass diffusion using the Lewis
Number (Le), a non-dimensional measure of the heat flow-to-chemical
diffusion ratio, as expressed in Eq. (26) [49]. This measure is capable of
unraveling the dynamics of laser-induced diffusion fronts in the Ti-Au
system.

a kyhxl

LeT = 5 = E B
where « is the heat diffusivity, D is the chemical diffusivity, k,;, is the
thermal conductivity, Cp denotes the specific heat capacity, and p is
the density. In the above-mentioned equation subscript ‘T’ denotes that
the associated material property is a function of changing temperature
and is not constant during the transient heating via laser irradiance.

(26)
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To clearly visualize the difference between temperature front and
chemical diffusion phenomena during the simulation, we present
Fig. 11, where we tracked two diffusion fronts corresponding to the
meltpool (D) and the melting temperature of ‘Au’ (1337 K) (7). Fig.
11a and b represent the dynamics of two diffusion fronts for Q,,, and
Q,nax conditions at two time frames (11a: t = 30 ms, 11b: 175 ms).
In the figures, it can be observed that initially at t = 30 ms, for both
conditions, the gap between heat transfer and chemical diffusion (r -
D) is nearly equal. However, as the laser progresses (t = 175 ms), for
Q,.., the gap increases compared to the Q,,,, condition due to the rise in
domain temperature with higher heat flux which increases the chemical
diffusion rate allowing to catch up with heat flow front. Fig. 1lc
illustrates the dynamics of the changing Lewis number for the meltpool
front and isotherm of 1337 K for all four simulation conditions.

Fig. 11d and e show the temporal progression of the two diffusion
fronts at the top horizontal surface of the domain corresponding to
Q,.in and Q,,,, conditions. The green line denotes 7 (isotherm at T
= 1337 K) and the blue curve represents the meltpool front (©), whereas
the positional time lag (6t 05) between r and © is shown by the red
curve (4t,). The quantity (61,,,) represents the difference in time taken
by the heat flow front (at 1337 K) and that by the meltpool front
to reach a specific coordinate at the top horizontal surface of the
numerical domain. Mathematically, it is given by the Expression (27).
The simulation videos demonstrating the heat transfer and chemical dif-
fusion lead-lag dynamics, along with plots of positional time-lag over
time, are available in the Appendix B. The four videos, which cover
combinations of two scan speeds (5 nm/ms and 4 nm/ms) and two
irradiance levels (150 kW/cm? and 134.6 kW/cm?), are represented by
Videos B9, B10, B11, and B12, respectively.

Slpos =1p — 1, (27)
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here, 15 and ¢, are the time taken by phase front and isotherm tip to
reach any given spatial coordinate point on the top right surface of the
domain. From Fig. 11, we can note that during mid-simulation, the 6t ,,,,
is lower for the Q,,,, condition, meaning the meltpool front catches up
with the temperature flow front faster compared to that during the Q,,;,
condition.

4. Conclusion

In this research work explores the computational aspect of laser
processing parameter’s effect on microstructural phase evolution in
Ti—Au binary alloy system. Using a temperature-composition dependent
free energy formulation for phase-field modeling we conducted four
different simulations by varying laser irradiance and scan-speed. The
quantitative analysis of thermal history, phase transition, area evolu-
tion of phases, meltpool dynamics and kinetics of heat and chemical
diffusion is performed for combination of different laser parameters. It
was observed that the higher laser heat flux condition is highly prefer-
able for the growth of Ti;Au intermetallic grains and even with the
minimum heat flux condition of faster scan-speed at lower irradiance,
the IMC grains tend to gradually grow. For FCC and LIQUID phases,
they are found to grow inexpense of each other as laser melts the Au-
rich FCC phase and as laser traverse the LIQUID phase transforms to
solid FCC phase, whereas the Ti-rich HCP region continuously shrinks
with the evolution of IMC phase at the HCP-FCC interface. The growth
of Ti;Au intermetallics is further backed by minimum value of free
energy for intermetallic phase calculated at the contact point between
other phases and IMC grains making the TI;Au evolution more stable.
Further more, we performed numerical analysis on meltpool depth and
width with variation in scan-speed and irradiance with result showcas-
ing that higher irradiance at slower scan-speed give rise to a wider and
deeper LIQUID phase directly below the laser focus point. Similarly,
the quantitative prediction of phase stability between meltpool and
HAZ (FCC) region is made via the comparison of free energy values
at these region as laser moves from left top edge to right top edge of
the computational domain. Finally, we proceed to address the issue
of heat flow and chemical diffusion difference which are not taken
into consideration in contemporary research by calculating the Lewis
Number to quantify the differences in chemical diffusion and heat flow
fronts in the domain. We also defined a parameter called positional
time lag (6t,,,) that quantifies the time difference it takes for the phase
(meltpool) to catch the isotherm of 1337 K (melting temperature of Au)
at the spatial coordinate in the domain by combining the information
of Lewis number with the phase-temperature lead-lag dynamics.

In conclusion, our work provides a comprehensive understanding of
phase area evolution, free energy dynamics, and diffusion phenomena
during laser processing of Ti-Au binary alloy system. With the quan-
tification of interplay between heat flow and chemical diffusion, we
have pushed the boundary of phase field modeling for non-isothermal
laser processing, particularly in the context of unique intermetallic
compound Ti;Au. With the preliminary foundation of temperature-
composition dependence free energy formulation in this work, we
intend to extend this work in future with further refinements in mul-
tiphysics by combining surface-tension and other flow phenomenon
in the meltpool. We also intend to combine the machine learning
models trained on simulation data to construct a Digital Twin capable
of taking input from thermal imaging cameras to predict different
microstructural features and phase evolution in multi-alloy system.
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Appendix A. The common tangent method and Gibbs free energy
projections

The common tangent method is utilized to compute the = parameter
mention in Eq. (16) of main text. Fig. A.1 illustrates the concept of
processes involving the calculation of r parameter. The figure shows
the equilibrium compositions as points on the composition axis: ¢; . ;,
Cjeqis Cjeqk> and ¢ o, ; at two temperatures (A.1a at 700 K and A.1b at
1500 K). The segment length (c; ,,; —¢; ., ;) corresponds to the common
tangent between phases i and j, while (¢, ; — ¢j.x) corresponds
to the common tangent between phases j and k. Their product cap-
tures the combined effect of the two common tangents, representing
the variation of Gibbs free energy projected onto the composition
axis. Averaging this product over all N temperature points gives z,
which characterizes how the Gibbs free energy projection changes with
temperature.
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Fig. A.1. Common tangent construction for equilibrium compositions at (a) 700 K and
(b) 1500 K. The segment lengths represent equilibrium composition differences used
to compute the r parameter, capturing Gibbs free energy variations with temperature.
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Appendix B. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.commatsci.2025.113875.

Data availability

The data and codes for this work are available at https://github.
com/subediupadesh/MultiPhysics_MultiPhaseField_LaserProcessing.
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The uncertainties in the interaction between laser and microstructural interfaces pose a major hindrance to
precision engineering in additive manufacturing. Proper assessment of the role of laser heat source types on
microstructure evolution and phase transitions is crucial for understanding the process-property relationship
of 3D-printed parts. To address this, we present a multiphysics computational study that explores thermal
distribution, phase transformation, and meltpool flow across different laser beam profiles and free energy
expressions in a unary Au system. A detailed comparison of the microstructural pathways developed under four
laser beam shapes (Gaussian, Flat-Top, Ring, and Bessel) was conducted, along with two different mathematical
expressions for free energy. Furthermore, a two-stage U-Net architecture was implemented using the simulation
data. The initial network predicted phase from temperature inputs, achieving accuracies of 0.9992, 0.9989,
and 0.9979 for training, validation and testing sets, respectively. The second stage employed temperature and
phase to predict velocity, yielding MSE of 0.068, MAE of 0.079, and R? of 0.999 on test data. For user-supplied
temperature distribution array, the built primary MicroTwin can predict phase evolution, whereas a secondary
FlowTwin informed by MicrosTwin’s prediction is capable of estimating velocity selectively inside the liquid
meltpool domain.

1. Introduction

paving the way for intelligent systems capable of predicting and con-
trolling microstructural evolution in real-time [4]. The integration

The advancement of intelligent manufacturing has transformed con-
ventional process design through the integration of computational mod-
eling, machine learning, and real-time data analysis to achieve adaptive
control and quantify uncertainties in complex fabrication processes [1].
In laser-aided Additive Manufacturing (AM), uncertainties in melt-
pool geometry, area, and morphology directly influence the resulting
microstructure and mechanical performance of the fabricated compo-
nent [2,3]. Addressing these uncertainties requires a detailed under-
standing of the coupled thermo-physical phenomena governing melt-
pool evolution under varying processing conditions. Recent progress
in multi-physics simulations and data-driven approaches now enables
the study of these phenomena across multiple spatio-temporal scales,

of unified phase-field modeling within an Integrated Computational
Materials Engineering (ICME) framework has proven instrumental in
accurately predicting microstructural evolution [5] and optimizing
process parameters for high-performance alloys treated by lasers of
varying heat source types.

Building, upon this motivation, this study presents a comprehen-
sive computational analysis of how four different laser beam profiles
affect the microstructure evolution in a unary Au-system during laser
processing. Using Phase-Field (PF) simulations, we traced the meltpool
geometry, its area, and the thermal history within the computational
domain. A quantitative comparison between two different free energy
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expressions driving the phase transition was also carried out. The first
approach used a logarithmic-polynomial free energy function fitted to
thermodynamic data (fine-tuned expression), while the second relied
on case equations extracted directly from a Thermodynamic Database
(TDB) file using a Python script. Comparisons of free energy expressions
in phase-field modeling are rare, as exact thermodynamic expressions
are difficult to obtain, leading most studies to rely on polynomial
fits [6]. Moreover, many such studies are often limited to free energy
expressions defined at two fixed temperatures for two phases [7]. In
this work, we have integrated thermodynamic expressions for free en-
ergies as a function of temperature, making the phase transition process
inherently non-isothermal. Our study employs the MOOSE Framework
as the multi-physics simulation environment [8,9], where three cou-
pled physical phenomenons are solved: heat-transfer, phase-field and
fluid-flow, using Finite Element Method (FEM).

As described in our previous work [10], most computational studies
of laser processing treats thermal and phase diffusion as identical. This
assumption leads to the presumption that the LIQUID phase (meltpool)
forms instantaneously upon reaching melting temperature, overlook-
ing the real physical behavior in laser-based additive manufacturing
where phase diffusion lags behind the thermal diffusion front [11].
In this study, we found that implementing the TDB-based free energy
expression replicates the real-world behavior of the lead-lag dynamics
between phase and thermal fronts. The main reason this distinction
is often overlooked in contemporary research is likely computational
cost and efficiency. However, ignoring it fails to capture the intricate
interplay between the two diffusion fronts, which in turn influences
other physical phenomena such as fluid flow, thermal conductivities,
and phase densities. In addition to phase-field modeling, the FEM
simulations generated data were used to train machine learning mod-
els capable of predicting the LIQUID phase, its shape, areas, and its
velocity, using the temperature distribution of the domain as input.

This approach provides a foundation for realizing the conditional
automation in additive manufacturing. Conditional automation refers
to systems that adaptively control manufacturing processes based on
real-time sensor inputs or evolving process conditions. Unlike fixed-
sequence automation, these systems respond dynamically to parameters
such as temperature, meltpool shape, or phase evolution, improving
precision and consistency through live feedback control algorithms.
Phase-field simulations and U-Net based architectures form the core
building blocks for achieving such adaptive, data-driven process control
conditional automation of additive manufacturing [12,13].

In the following section, we discuss in detail, the types of laser heat
sources, the expressions for thermodynamic driving forces, temperat-
ure-dependent material properties, and machine learning architectures.
We also outline the conceptualization of physics informed virtual
digital-twin for laser processing using the trained ML model. Finally, in
the Results and Discussion (Section 8), we explore the effects on phase
evolution, temperature distribution, and meltpool flow characteristics
under different laser heat sources, and distinct free-energy expressions.
For comparison of the laser beam profiles, the laser power (P), scan
speed (v), and beam outer radius (r,) were kept constant across all
simulations.

2. Initial and boundary conditions

Simulations were carried out in a computational domain of 1000 pm
X 250 pm in the x-z plane, as shown in Fig. 1. The system consists of
two phases: LIQUID representing molten gold, and FCC representing
solid gold. At the initial time (#,), a laser beam with power of 25 mW
was irradiated on the top surface at a distance of 125 pm from the
left, with a scan speed of 30 pm/s. The initial area of meltpool was
designed to be 2500 pm?. The computational domain is surrounded
by an ambient environment at a temperature T, = 300 K on three
sides (left, right, and top), while the bottom rests on an interface with
a heat transfer coefficient h;,, = 11,500 W/m?K [14]. The convective
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heat transfer coefficient of the surrounding air is taken as h,,, =
50 W/mZK [15], while the emissivity for radiative heat transfer is
set to 0.3 [16]. Similarly the meltpool velocity field is initialized to
zero everywhere (17,0 = 6), reflecting a quiescent state prior to laser
irradiation. The initial LIQUID phase starts at uniform temperature,
inducing no initial gradients. Once the laser heat deposition (Qjuse;)
starts, it rapidly generates VT, which via temperature-dependent prop-
erties, triggers buoyancy and dominant Marangoni convection and the
FEM solver evolves i self-consistently from this rest state, capturing
ramp-up transients without spurious artifacts. To accurately assign the
material properties of different phases, including densities, specific heat
capacities, thermal conductivities, and meltpool viscosity, under non-
isothermal conditions, these properties were defined as the function of
temperature. The detailed formulations are provided in Section 6.

3. Non-isothermal phase field model

The phase field model consists of two phases: LIQUID (meltpool)
and FCC (solid), which are represented by the non-conserved order
parameter ‘n’ and ‘1 - 5’ respectively. The value of ‘%’ is set to 1 inside
the LIQUID phase and O at the FCC phase. The conserved variable
‘composition’ remains constant throughout the domain as this work
follows the evolution of phases in a single-component system. Thus,
this study focuses on the two phases and their transformation induced
by laser heat deposition. For this setup, a swift transition of material
properties between phases with thermodynamic consistency is required
which is achieved using the interpolation function h;(#) introduced by
Moelans [17], as presented in Eq. (1).

n

lec\]:l ’7/%
In the above equation, N and i represents total number of order
parameters and specific phase in the system. The interpolation function
h; ensures a thermodynamically consistent transition in the mushy
zone, where intermediate values of 7 (0 < < 1) correspond to mixed
solid-liquid regions with phase fractions hgge and hyjqup, facilitating
smooth property blending without unphysical discontinuities. This dif-
fuse interface representation, with an effective mushy zone thickness
on the order of § = 10 pm, aligns with experimental observations of
solidification microstructures in alloys [18]. The driving force dictating
the morphological changes of microstructure in the domain is the total
free energy of the system. With an external heat source, the total free
energy (F,,,) can be modeled as the combination of bulk free energy
(Fyi) and interfacial free energy (F;,), as given by Eq. (2).

@

i

Frotar = Fyui + Fipg = /V(fbulk + fin)dV (2

here, the bulk and interfacial energies are expressed in terms of free
energy densities (energy per unit molar volume of Au). The bulk free
energy density (f},) is expressed in Eq. (3).
Sourk = 2 hifpuk = Z h; FIIET) 3

i i m

In Eq. (3), h; represents the interpolation function, whereas f;ulk
denotes the bulk free energy density of the i phase. V,, is the molar
volume of gold, with a value of 10.21 cm3 /mol [19], taken for both
phases. Additionally, F;(T) represents the temperature-dependent Gibbs
free energy of phase ‘i’. The correct formulation of the Gibbs free
energy is necessary for accurate description of the phase and meltpool
evolution during laser processing of metallic microstructures. In Sec-
tion 4, two variants of bulk free energy expressions: TDB-based (F,,;
=F,) and fine-tuned (F,,,, = F,) are formulated, for assessment of the
quantitative aspects of the driving force in the evolution model. The
latent heat (L,) representing the enthalpy absorbed/released during
the solid-liquid phase change [20] is thermodynamically encoded in
the free energy expressions via the entropy discontinuity 4S5 = L /T,
at melting. The expression for L, can be postprocessed in the phase
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Fig. 1. Schematic of the computational domain setup showing laser-induced phase evolution in the Phase-Field Model at time 7. The domain represents a 1000 pm
X 250 pm section of a unary Au system in the x-z plane. The system rests on a fixed interface at the bottom, with ambient air on the remaining three sides.
Heat enters the domain by conduction and exists through radiation and convection at the air and interface boundaries. A laser heat source of 25 mW irradiates
the top surface positioned 125 pm from the top-left corner, moving at a scan speed of 30 um/s (indicated by the red arrow above the LIQUID phase). The

initial LIQUID phase region (5,, 2500 pm?) represents the meltpool shown in

red, while the remaining solid region is the FCC phase (1, shown in yellow). The

same computational setup, phase structure, and processing parameters (laser power and scanspeed) are maintained across all the simulations with different beam

profiles.

dAF

field model as: L, = =7 T where AF is difference in gibbs free energy
of FCC and LIQUID phases at the vicinity of the melting point and is
provided in Fig. A.1 of Appendix A. A steeper |dAF/dT| implies a
sharper ramp-up of |AF| above T,,, confining the effective transition
to a narrow temperature window. In the phase-field model, L, is thus
implicitly incorporated through the temperature-dependent bulk free
energy density fiu = >; b Fi(T)/V,, (Eq. (3)), which drives the order
parameter evolution and ensures the integrated driving force over the
full phase transition equals L, per mole.

Similarly, the interfacial free energy density (f;,) in Eq. (2) is
further expressed in Eq. (4).

fim = mfbarrier + % Z(V”i)z (4)

where, m and « are the model parameters associated with interfacial
energy (o [J /mz]) and diffused interface width (6 [m]) as follows:
60

3 )]

3

K= Z(Sa 6)

In this study, we have set the value of the interface width 6 to be
10 pm and the interfacial energy to 0.5 J/m?. The term f,,,.., in Eq.
(4) is a fourth-order Landau polynomial of the phase field variable, as
expressed in Eq. (7) with the value of y taken as 1.5 [21].

fbarrier=2<(n;) ('71 >+722’7:”1+_

During laser processing, the spatio-temporal tracking of non-conse-
rved phase field variable i.e., the order parameter (i), provides an
accurate description of phase transformation. Eq. (8) describes such
evolution of this variable as:

7

an; O fpuik 0 fim
L =—L(n,..., Stk 2t 8
or () < on avn, ®
where, L(7,,...,ny) = L' which is defined as follows:
i Pyl Z]>l Ly ” ©
pnd 2j>1 n; '7,

The interfacial mobility in Eq. (9) is further approximated as fol-
lows:
o Am MM
Yo 3k 2
here, M’ and M/ are the phase mobilities of the two adjacent phases.
Similarly, for the heat deposited by the laser source, heat transfer
follows the partial differential equation presented in Eq. (11).

L (10)

Jcy (a_T +ii- VT) = Kk, V2T + Qe an

In the above equation, temperature is denoted by T at time ¢. The
density, specific heat capacity, and thermal conductivity of phase ‘i’ are
represented by o', Cp/, and ki,, respectively while the external laser
heat source is denoted by Q,,,,,. The flow velocity inside the meltpool
is given by i solved via Navier-Stokes Eq. (12) [22] assuming the flow
as incompressible, which contributes to convective heat transfer. The
viscosity, surface tension, and associated Marangoni effect inside the
inside meltpool flow is further discussed in Section 6.

V-i=0

PLIQ[%+(Q~V)Q]+V-U—17=O 12)

—pl +u|[Vii+ (Vi)' |

where, o is total stress tensor, f includes the Boussinesq and gravity
force terms, and u is the dynamic viscosity.

4. Thermodynamic driving force formulations for heat-treated
metallic gold

For computational efficiency and faster numerical convergence,
polynomial expressions of free energy are often preferred, especially
parabolic expressions of second-order polynomials, which are widely
used for modeling binary and ternary alloy systems [23-25]. Although,
polynomial expressions with n> 2 generally offer more accurate de-
scriptions, they are computationally expensive due to the compositional
complexities they introduce into the diffusion equations. In this study
on laser processing of pure element, the free energy depends solely
on temperature (7°), with constant composition and pressure. This
condition allows for the flexibility to expand the polynomial expres-
sion beyond traditional parabolic forms to include logarithmic terms.
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Table 1
Coefficients of thermodynamic constants for the Free energy expressions.
Coeff. LIQUID FCC Unit Coeff. LIQUID Unit FCC Unit
A, 1337 300 J/mol A, 24.9435 J/mol K 24.9435 J/mol K
B, 24474 515 J/mol B, 126.6874 K 126.6874 K
C, 16.2 -46.2 J/mol K c, -0.12027 6103.6566 J/mol
D, 24.5 -13.5 J/mol K D, 19700 K -0.001281 J/mol K>
E, 0.00214 0.1985 1/K E, 14.917 —4.02 x 1077 J/mol K3
F, 0.04512 —-0.001 J/mol K? F, 0.00067 J/mol K? 1.55 x 10% JK!' /mol
Gy 1.9 x 10-° 2.0 x 1075 J/mol K3 G, 326.3861 J/mol -2.27 x 108 JK®/mol
H, -17.4 —-0.001 JK/mol H, —2.0566 J/mol K
T, 2662 121 K I, 9.8072 J/mol K
T, 10.412 9.03 Jy 3898.778 J/mol
Accordingly, the free energy for pure Au under temperature change is (@) (c)
best described by the fine-tuned expression (Fy), as presented in Eq. of R — — 110
(13), derived in a manner similarly to [26,27]. Similarly, the TDB- N 1) _C t'fc"'" i
extracted expressions (F,,) are piecewise continuous as presented in Eq. 1 \\ : ,
(13). These expressions are based on Thermodynamic Data Base file =Y ) e o 1.05+
. . [}
formulated by Khvan et al. [28]. In Eq. (13), the coefficients A, B, £ '"t?m"\ ,’
C, D, E, F,G, H, I, J and T,, with subscripts ‘¢’ and ‘y’, represent X D N !
the thermodynamic coefficients of the free energy function for the fine- I ¢ N \ % /) [& oot
. . . . -2401 s M N8y, £
tuned and TDB-based expressions, respectively. The coefficient values 275l g o N8/ £
are listed in Table 1 for both the LIQUID and FCC phases. The variable : Y ="o o5
‘T’ depicts the temperature dependence of the free energy in both (b) of — =
. == LIQUID
expressions. |—Fcc l
1 0.90+
Fy =Ty [ A9 =By = CoT = T) + Dy(T = Ty In(E,T) g0t
+ Fy(T = Ty + Gy(T = Ty)? +H9T’1] ) 0.857
o 240
. - 2404
LIQUID : AWTln[l—exp(—BwT )] e
—1 2 B SOT " . 1
—RT ln[l + EXp(CW(DW —-E,DT )] -F,T° -G, 300 800 1300 1800 2300 2800 1337 1800 2300 2800
5 _recc : A, TIn(1-exp(-B,T™) TIKI— TIKI—
v
T < 1337.33 :D,T? -E,T? .
v v Fig. 2. Graphical representation of the two free energy expressions used for
=C, +4T>=133733 : FWT7“ - Gxﬂhs phase-field simulations of laser-processed unary Au. In (a), the free energy
—H,TIn(T)+1,T+], curves are based on a higher-order polynomial-logarithmic function obtained

13)

The two free-energy formulations were combined with four different
laser beam profiles to analyze their effects on phase growth, while
keeping other laser parameters constant. The plots for free energy
expressions of Eq. (13) are presented in Fig. 2(a) and (b). As shown
in Fig. 2, the F, curves for the FCC and LIQUID phases display a
distinct phase-change interval, while the F,, curves derived from the
TDB expressions do not exhibit this feature.

A sharp or narrow phase-change interval, such as in pure metals,
causes rapid phase transition during melting and solidification. This can
result in residual stresses [29,30], and may complicate numerical con-
vergence [31]. In contrast, when modeling compositionally-complex
alloys, a broader phase-change interval can play an important role
in ensuring stability and convergence. Thus, a fine-tuned (fitted) free
energy function can be effectively applied to multicomponent system,
even with only limited energy-temperature thermodynamic data are
available. On the other hand, when a thermodynamic database (.TDB)
file is available, free energy expressions can be extracted directly and
implemented into a FEM solver using a simple Python script, thereby
formulating the required temperature-dependent expressions. This di-
rect TDB-based approach not only ensures thermodynamic consistency
but also enhances the accuracy. As observed in Fig. 2(b), the near
absence of a phase-change interval implies a very narrow temporal
range over which multiple phases co-exist. This leads to rapid interpo-
lation of material and phase-dependent properties, thereby improving
the numerical stability of the model.

from thermodynamic data fitting, referred to as the fine-tuned expression (F,,
Eq. (13)). The dashed green and red curves corresponds to the FCC and LIQUID
phases, respectively. Below the melting temperature (1337 K), the FCC phase
is more stable, while above 1337 K, the LIQUID phase becomes stable. In (b),
the free energy expression extracted directly from the .TDB file, referred to as
the TDB-based expression (F,, Eq. (13)), is shown. Similar to (a), the red curve
represents the LIQUID phase and the green curve the FCC phase, but here
the two curves interset at 1337 K without a distinct phase change interval.
The presence or absence of this interval in (a) and (b) governs how thermal
history influences structural evolution, leading to distinct simulation outcomes.
(c) Variation of surface tension in the meltpool induced by the dynamic heat
source, leading to thermo-capillary convection.

5. Laser beam heat source models

The Gaussian laser beam is the most widely used profile for mod-
eling laser-based melting and solidification in additive manufacturing,
owing to its simple mathematical form. The beam peaks intensity at
the center and decays outwards exponentially, creating steep thermal
gradients that influences microstructure evolution [32-34]. However,
uniform heating is often desired in practice to reduce thermal gradients,
motivating alternative beam profiles such as the Flat-Top beam, which
truncates the Gaussian peak to produce a uniform intensity region, and
the Ring-shaped beam, which distributes heat in an annular pattern
with maximum intensity at a specific radius [35]. The Bessel beam com-
bines both characteristics, featuring a Gaussian-like center surrounded
by concentric rings defined by the zeroth-order Bessel function [36].
Experimental studies confirm that beam shape strongly affects meltpool
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Fig. 3. Visualization of four laser beam profiles- Gaussian, Flat-Top, Ring, and Bessel, used for laser-aided phase-field simulations of unary Au. (a) 3D intensity
maps of the four beam types, each with an equivalent outer radius of 70 um. The peak intensities at the beam center are 2.44 x 10° W/m’ for Gaussian, 1.58 x 10°
W/m? for Flat-Top, 1.70 x 10® W/m? for Ring, and 2.33 x 10° W/m? for Bessel beam, as shown by the color scale. (b) Top-view intensity distributions for the
same beams, where r; and r; denotes the Gaussian and Flat-Top beam radii, respectively, and r, and r; indicates the Ring beam radius and thickness. For the
Bessel beam with a central core and two outer rings, the core radius is rg , while the outer rings have radii r; and rg, with respective thickness r;, and rr,. (c)
Side-view irradiance profile showing the variation of intensity with radial distance, where the y-axis represents irradiance and the x-axis represents the distance

from the beam center.

geometry and microstructure: Galbusera et al. [37] showed that varying
beam shape alters meltpool aspect ratio and depth, while Wischeropp
et al. [38] found that donut-shaped beams reduce defects in AlSi10Mg.
Tumkur et al. [39] further demonstrated that Bessel beam improve
control over meltpool dynamics, lowering porosity and keyhole defects.
These findings highlight the critical role of beam profile in determining
microstructural and mechanical properties, underscoring the value of
computational modeling for deeper insights into phase transformation,
heat flow and defect prediction, areas difficult to probe experimentally.
In this work, we compare four laser beam profiles: Gaussian, Flat-
Top, Ring and Bessel, under identical process parameters in laser-aided
phase-field simulations of a pure Au system. The effects on meltpool
shape, area, flow and temperature distribution are analyzed, revealing
a lead-lag dynamic between heat and mass diffusion fronts.

5.1. Gaussian beam

Among the four heat source types, the Gaussian beam serves as
the reference case due to its simple formulation and well-understood
thermal behavior [40-42]. It produces maximum irradiance at the cen-
ter, decaying radially to form the characteristic Gaussian distribution.
The irradiance (/) is defined in Eq. (14) [36,43], where r; denotes
the effective beam radius corresponding to eLZ of the peak intensity, P
is the laser power, 7, is efficiency of laser power to heat conversion,
and C, and C, are constants whose values are listed in Table 2. A
representative Gaussian heat source is illustrated in Fig. 3 with a 3D
and cross-sectional view.

P 2
IG = _zca”e exp _Cb -
ﬂ'rG rG

5.2. Flat-Top | Super Gaussian beam

14

The Flat-Top or Super-Gaussian beam provides a near-uniform in-
tensity across its radius with a sharp drop at the edges, enabling more
homogeneous heating of the material [43,44]. Its irradiance (/) is

defined in Eq. (15) [36,43,45,46], where rp; is the effective beam
radius. All other processing parameters P, 5,, C, and C, are kept iden-
tical for all four laser profiles, while the additional parameters k and
I'(1/k) represents the super-Gaussian order ()set to 4.2 in this study)
and gamma function respectively [36]. The Flat-Top beam profile is
illustrated in the second column of Fig. 3, with 3D, top and side views.

P k

k
2
1/k r
Ipr = — C,/"n,exp| -Cy| —
PSR Tk e ”(ﬂFT)

@as)

5.3. Ring beam

The Ring laser beam features a hollow circular profile with maxi-
mum intensity along its circumference and minimal intensity at the cen-
ter. This configuration promotes outward-to-inward heat flow, helping
achieve more uniform temperature distribution and reduced thermal
defects [47,48]. The beam introduces one additional process param-
eter, the ring width, which controls the energy spread across the
domain [49,50]. The irradiance (1) for the ring beam is defined in Eq.
(16) [34,35,51,52]. All parameters (P, 5,, C,, C;) are identical to those
used in Gaussian and Flat-Top sources, while rp and r; represents the
ring radius and ring thickness respectively.

P (r— "R)z
Ip=————Cppexp | -C| —5—
arpY (rg.rr) e

The radial distribution function Y (rg,ry), as described by Moore
et al. [34], accounts for the combined influence of ring radius and thick-
ness through an exponential decay and complementary error function
expressed as:

—I'2 —
Y(rg.rp)=e —R) 4R \/Z erfc | =&
(rR rT) xP ( 2r.2r ) rr 2 \EVT
A visual representation of the ring beam is shown in the third

column of Fig. 3, including 3D, top and side views in (a), (b) and (c)
respectively.

(16)
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Table 2

Laser processing parameters.
Coeff. Gaussian Flat-Top Ring Bessel Unit
P 25 25 25 25 mW
C, 2 2 2 2
c, 2 2 2 2
1, 0.75 0.75 0.75 0.75
I; 70 - - - pm
Trp - 70 - - pm
k - 4.2 - -
Ir - - 70 - pm
Iy - - 20 - pm
G, - - - 22.65 pm
Ty, - - - 40 pm
o - - - 30 pm
Ty, - - - 70 pm
rT; - - - 20 pum
aur - - - 0.1
a, - - - 0.5
a, - - - 0.4

5.4. Bessel beam

The Bessel beam consists of a central core surrounded by concentric
ring beams, with irradiance gradually decreasing radially outward. In
this study, a central Gaussian-type beam with two concentric rings are
considered, where each radius corresponds to the zeros of the zeroth-
order Bessel function. While some studies define the core radius as
the point where irradiance drops to eiz of its peak [53], here it is
taken at the first zero of the Bessel function, with the subsequent rings
located at the second and third zeros. To ensure comparable processing
conditions across all beam types, the laser power is divide among the
three components of the Bessel beam using attenuation coefficients a,
a;, and a, which satisfy as a; + a; + a, = 1. The irradiance (1) is
expressed in Eq. (17) [36,53]. Parameters P, ,, C,, and C, are identical
to other three beams. The core radius and the two ring radii are denoted
by rg,, rr,» and rg,, with corresponding ring thickness ry,, and ry,.
Numerical values of these parameters are listed in Table 2. The visual
representation of the Bessel beam is provided in the fourth column of
Fig. 3, showing its 3D, top and transverse profiles in (a), (b), and (c),
respectively.

I C,ayPa c
p=——5—cxp| =G,
wrg,

_ 2
((r rRl) >:| (17)
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6. Material properties

In laser-induced phase-field simulations, the material properties of
each phase play a critical role in determining phase evolution and mi-
crostructural development. Parameters such as phase mobility, thermal
conductivity, density, and specific heat capacity directly influence the
kinetics of phase transformation. Since these properties vary with tem-
perature, assigning constant values in a non-isothermal laser processing
model can lead to significant inaccuracies. In this work, temperature-
dependent thermodynamic expressions are used to define the properties
of a unary Au system. The material parameters are specified for the
two phases, LIQUID and FCC, and interpolated between them using the
function described in Eq. (1). Table 3 lists the temperature-dependent
expressions for density (p), specific heat (C,), thermal conductivity
(k,3), and phase mobility (M). Thermal conductivities of both phases
are assumed isotropic. The free energy, which acts as the driving force

Computational Materials Science 263 (2026) 114456

for phase transformation, depends solely on temperature for this unary
system as expressed in Eq. (13). To represent the diffuse interface
between solid and liquid regions, a mushy zone is introduced. The
temperature-dependent viscosity of the LIQUID phase (o) and the
adjusted viscosity of this interface region u,,; are both defined in Eq.
(18) [56].
Hilo = exp( ~0.1990 + @)
Haaj = 10X ppro X [hpro X (1= hppo)l
The adjustment factor [h;;, x (1 - h;;,)] peaks at n = 0.5,
representing a 50% solid-liquid mushy zone, which enhances numerical
stability and captures viscous damping in the diffuse interface. This for-
mulation is consistent with phase-field models for alloy solidification,
where such interpolations reproduce experimental morphologies and
mushy zone thicknesses [18]. Additionally, temperature-dependent sur-
face tension at the meltpool surface gives rise to the Thermo-Capillary
Convection (Marangoni effect). The governing relation is presented
in Eq. (19), following Cairncross et al. [57], where H is the mean
surface curvature, ;o the Cauchy stress tensor for the LIQUID phase
at the free surface, yg; the surface tension, and V, = (I — iin).V is
the surface gradient operator representing the Marangoni effect. This
expression is implemented as a boundary condition in the MOOSE
Framework. The second part of Eq. (19) defines the temperature-
dependent surface tension of gold given by Aqra et al. [58] also
visualized in Fig. 2, where ¢ denotes the area occupied by a single
atom (7.74 x 107'¢ cm? /atom), k is the Boltzmann constant, V,,,, is the
molar volume of gold at its melting temperature, and V(T') = M,/ p(T)
represents the temperature-dependent molar volume, with M,,,, being
the molar weight. E; denotes the sublimation energy (368 kJ/mol).

18)

n.opro=—2Hysrii = Vysr

e L sz 0.139L2 0,053 (19
YsT=¢ VD) 1390 =0

7. Machine learning and digital twin

The integration of experiments with mathematical models in real
time has enabled advanced process control in various industries [59].
For additive manufacturing, this creates a need for computational
models that can operate alongside experiments, providing process-
property insights at a comparable speed. Phase-field FEM simulation
remains one of the most robust methods for predicting mesoscale
microstructure evolution and phase transitions. When coupled with
multiphysics modules such as heat transfer and fluid flow, the model
can capture the dynamic behavior of material characteristics, including
the influence of temperature and phase on grain growth, meltpool flow
velocity, and thermal-phase diffusion. However, despite the high phys-
ical fidelity of phase-field simulations, their computational cost and
time requirements make real-time prediction and digital twin imple-
mentation impractical. Relying solely on FEM calculations for real-time
phase prediction or closed-loop feedback in additive manufacturing is
currently unrealistic due to the immense computational demand. A
more practical approach lies at the intersection of predictive accuracy
and computational efficiency, using a machine learning model trained
on simulation-generated data to drive Digital Twin applications.

This work outlines a framework for constructing a Digital Twin
framework. It demonstrates a conceptual model capable of monitoring
experimental setups and tracking variables in real time, including
meltpool geometry, its area, phase transformations, flow velocity and
the interaction between thermal and phase diffusion. With surface
temperature data, such as from an infrared thermal camera as input,
the trained ML model can predict meltpool area, solid-liquid phase
distribution, and internal flow velocity. To illustrate the concept, we
developed a virtual Digital Twin prototype capable of running on
a Raspberry Pi. The system processes a temperature distribution (in
numpy tensor format) as input to the ML model. For this virtual setup,
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Table 3
Temperature dependent material properties of individual phases.
Properties Unit Phase Expression Reference
. LIQUID 19325.28 — 1.44T [54]
3
Density (p) kg/m FCC 19657.60 — 1.20T° [54]
. LIQUID 158 + 5.08 x 107 exp(=0.0114T) [551
Specific Heat (Cp) kg K FCC 132 +2.5x 107572 — 0.011T [55]
. LIQUID 100 + 0.027397T [54]
Thermal Conductivity (k,,) W/m K FCC 338.91 — 0.0693T [54]
15 3043
Phase Mobility (M) m’/Js LIQUID 290107 exp ( 83T ) o1
FCC 4.88 x 102! exp (#) [10]
Table 4 7.1.1. PhaseNet model: Meltpool morphology
Model hyperparameters. The first model was developed to predict the phase distribution
Hyperparameter PhaseNet VelNet based on the temperature, and so it can be considered as the archi-
Batch Size 16 16 tecture required to set up digital twin (MicroTwin) for quantifying
Lea”;i"g ‘?ate N 13107 13107 3D printed microstructure in real time . The architecture of Mi-
ﬁl‘;:t (::thn:eIisc s foo 300 croTwin is represented by the portion within the red colored box
Output Channels 1 1 (PhaseNet) in Fig. 4. This stage aims to identify the solid and meltpool
Loss Function BCEWithLogitsLoss MSE regions at each spatial point as the temperature evolves during the
Optimizer Adam Adam process. Given that the simulation data are represented in a 2D grid
Test Split 15% 15% structure similar to images and phase classification is binary (0 or 1),
Validation Split 15% 15%

the temperature data is generated from a separate laser simulation
without phase-field and fluid-flow physics. The trained ML model then
predicts the corresponding phase microstructure, meltpool region, and
flow velocity field. The outputs, input temperature, predicted phases,
area data, and velocity fields are displayed through an interactive web
application. A quantitative comparison of the computational cost of
FEM-based phase-field simulations versus ML inference, together with
the ML training details, is provided in the Appendix D.1 to clarify the
efficiency gains relevant for real-time deployment. The web app is de-
signed for easy updates and future expansion to multiple alloy systems
by simply retraining the ML model as more simulation data becomes
available. This modular approach allows rapid adaptation of the Digital
Twin to different materials and processing condition. Future work will
extend the model’s training dataset to include laser processing of multi-
component alloys at various scales and laser parameters (power and
scan-speed), advancing towards a comprehensive multi-material Digital
Twin for Additive Manufacturing.

7.1. Training data and model architecture

In this study, data were generated from multiple FEM simulations
by varying both the laser beam profile and the free energy expression.
From eight distinct phase-field laser simulations, described in Sections 4
and 5, a total of 3220 observations of the temperature distribution
and corresponding phase evolution, as well as the meltpool phase’s
velocity, were extracted from the exodus file produced by the FEM
solver. These data were converted into a three-dimensional data tensor
with dimensions (x-coordinate, y-coordinate, time), containing numerical
values of temperature, phase, and velocity at each spatial and temporal
point. Two U-Net architecture based machine learning models were
developed: ‘PhaseNet’ for predicting the phase and its correspond-
ing meltpool area, and ‘VelNet’ for predicting flow velocity within
the meltpool. The hyperparameters used in each of these models are
tabulated in Table 4. Both PhaseNet and VelNet were trained using
datasets generated from simulations under all four laser heat source
types (Gaussian, Flat-Top, Ring, and Bessel). This design ensures that
the models are generalizable and applicable to any of the laser heating
conditions studied.

the U-Net’s superior performance in image segmentation tasks makes
it an appropriate choice for this application. The model takes a single-
channel temperature grid as an input, and the output is a single-channel
phase grid. The architecture of the model is represented in Fig. 4
within PhaseNet block. The architecture comprises of series of encoders
and decoders with a bottleneck in between. The encoder pathway has
three downsampling stages, each consisting of a 3 x 3 convolutional
layer with batch normalization and ReLU activation function, followed
by 2 x 2 pooling. The feature channel along the encoder increase
from 32 to 64 and then to 128 across the 3 stages, while the spatial
resolution decreases by half in each stage. At the bottleneck, there
are 256 channels, and the spatial dimension is reduced to 1/8th of
that of the original dimension. The decoder pathway then reconstructs
the original spatial and feature map. It consists of three upsampling
stages using 2 x 2 transposed convolution. At each stage, we have
skip connections that bridge the encoder and decoder, allowing the
decoder to recover important spatial information that might have been
lost during the downsampling. The final layer outputs a raw phase logit
that is passed through a sigmoid activation function to decode the phase
values between 0 and 1. These values then classified into either solid
or liquid based on the threshold of 0.5 as shown in the equation below:

1, if - 0.5
phase(i,jy= 4 1 1 OF) > 0 20)
0, otherwise,

where o(-) denotes the sigmoid activation and z; ; is the raw output
at pixel (i, j). The threshold ensures a separation between the solid and
liquid phases, producing binary values of 0 and 1, which better reflects
the actual physical state than the continuous probabilities.

7.1.2. VelNet model: Automated prediction of kinematic feature

The second model predicts the velocity field using the tempera-
ture distribution externally and the phase information predicted
by the PhaseNet Model internally via the MicroTwin. This VelNet
Model utilizes the same U-Net architecture, but with two input chan-
nels: one corresponding to temperature and the other to phase, and
a single output channel representing the meltpool velocity. The Vel-
Net architecture is the backbone software library for constructing the
FlowTwin in additive manufacturing process. The VelNet architecture’s
dependence on PhaseNet for Physics-informing the domain with phase
mask implies that FlowTwin is built on top of MicroTwin. In other
words, the MicroTwin is hierarchically/vertically linked to FlowTwin
in terms of information flow.
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Fig. 4. Schematic of the customized multi-step U-Net architectures developed for predicting phase evolution and meltpool velocity. The PhaseNet model predicts
the phase distribution from a single-channel temperature input (T-Data, C,, = 1), while the VelNet model predicts the meltpool velocity using two input channels,
temperature (T-Data) and the PhaseNet-predicted phase (C;, = 2). Both models share the same encoder-decoder structure, consisting of convolutional and pooling
layers that extract hierarchical spatial features. The encoder compresses spatial dimensions while increasing feature channels (C,,, 32, 64, 128), and the decoder
restores spatial resolution through upsampling and skip connections (lateral arrows), reducing channels from 256 to 1. The primary difference between the two
models lies in their training objectives: PhaseNet uses a binary cross-entropy loss for phase classification (LIQUID vs. FCC), whereas VelNet employs a mean
squared error (MSE) loss for velocity regression, combined with a hard-pass filter to constrain predictions within the LIQUID phase region. The PhaseNet and

VelNet programs are loaded on the Raspberry Pi microcomputer (refer Fig. 13) to render it as a physics-informed conditionally automated device.

The velocity prediction network shares the same U-Net encode-
decoder framework as the PhaseNet model, as shown in Fig. 4, with
modifications to accommodate two input channels performing regres-
sion rather than classification. The FlowTwin is represented by the
black colored box (VelNet) in Fig. 4 and it is clear therein that it totally
sits on top of MicroTwin. Specifically, the sigmoid activation function
and binary cross-entropy loss were replaced with a linear output layer
and mean squared error loss, respectively. However, there is another
key modification in the output stage. We introduce a hard mask based
on the laws of physics on the output velocity. As the velocity in the
solid phase regions can be treated as non-existent (since they are nearly
equal to zero), we multiply the final predicted velocity by the binary
phase mask as follows:

Upred (i, /) = phase(i, j) X 0(i. j) 21

where (i, j) is the VelNet model’s predicted output velocity. This
masking operation ensures that velocities are driven to zero wherever
the phase (order-parameter) equals zero, which is represented by the
solid FCC phase in the domain.

The complete model implementation, including encoder, bottleneck,
and decoder blocks with their respective convolutional, max pooling,
and upsampling layers, is available on the PhaseVelNet GitHub page,
also referenced in Data availability section.

8. Result and discussion
This section presents the results obtained from phase-field simu-

lations and machine learning model predictions. In Section 8.1, we
analyze the thermo-phase response corresponding to different free

energy expressions used during laser-induced simulations. Section 8.2
discusses the evolution of the meltpool, its area, and temperature
distribution across the computational domain under various laser beam
profiles. Similarly, Section 8.3 quantifies the uncertainties in peak
temperature resulting from the choice of free energy expression. Fi-
nally, Section 8.4 presents the outcomes of the machine learning model
trained on simulation data, demonstrating its capability to predict laser-
induced multiphase behavior. We also outline the use of temperature
distribution data tensors for rapid prediction of phase transformations
through the trained ML models, along with the conceptualization of a
virtual digital twin framework.

8.1. Effects on phase response by driving force formulations

Phase evolution is primarily governed by the system’s free energy,
the phase with the lowest free energy at a given temperature de-
termines temporal stability. This study compares the phase response,
stability, and transition behavior during non-isothermal laser process-
ing using two Gibbs free energy formulations that dictates the phase-
field dynamics. As shown in Graph 2, for the fine-tuned expression
2(a), the free energy curves for the two phases are parabolic and
intersect near the melting point of Au, T, = 1337 K, forming a
small energy gap. In contrast, the TDB-based free energy curves (Fig.
2(b)) intersects directly at T without a visible gap between the
LIQUID and FCC phases. For the LIQUID phase evolution using the
fine-tuned expression (Fy), the results differ distinctly from those with
the TDB-based expression (F, ), as seen in Fig. 5. The initial LIQUID
region (2500 um?) grows into a semi-circular meltpool that follows
the 1337 K contour at around 1 s of simulation time (Fig. 5(a)). The
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Fig. 5. Phase evolution in a unary Au system irradiated by a Gaussian laser
beam (25 mW, 30 pm/s) scanning from the top left to the top right of the
computational domain. Subplots (a) and (b) shows phase-field simulations
using the fine-tuned free energy expression (Fy) at + = 1 s and r = 24 s,
respectively, where the LIQUID phase (dark red) aligns with the melting
temperature contour of 1337 K. Subplots (c¢) and (d) presents results using the
TDB-based free energy expression (F, ), indicating a time lag between thermal
and phase diffusion, with thermal diffusion leading. At ¢ = 1 s, the meltpool is
18484.18 pm?” for F, and 7575.42 pm? for F,,, which converge to an average of
~ 17,800 pm? by the end of the simulation, though the meltpool shape differ
significantly. The results for Flat-Top, Ring and Bessel beam are provided in
Fig. A.2 of Appendix A.

meltpool boundary continues to trace this contour until the heat source
is turned off Fig. 5(b). In contrast, for F,, (Fig. 5(c)), the meltpool is
not fully developed at 1 s, and the 1337 K thermal front leads the
actual LIQUID front. This creates a physical separation between the
temperature contour and the meltpool boundary, as shown in Fig. 5(c)
and (d), with red contours indicating the meltpool and black dotted
lines the temperature field. This positional lag between thermal and
phase diffusion, referred to as lead-lag dynamics described in detail in
our previous work [10], is observed for F,, but not for F,. While Fig. 5
illustrates results for the Gaussian beam, similar distinctions in LIQUID
phase evolution are observed for all other laser beams.

Another key difference between F, and F, appears in the peak
temperature range across the domain. Fig. 6 shows the variation of
maximum surface temperature for both energy models: F, (Fig. 6(a))
consistently yield higher peak temperature than F, (Fig. 6(b)). For
instance, under the Gaussian beam, F, produces an average peak tem-
perature of 2958 K, compared to 2880 K for F,,. Moreover, F,, exhibits
a wider range of temperature fluctuations over time, as reflected by
the larger error bars across all beam profiles. Similarly, Fig. 6 (c)
presents the bird-eye view of the maximum temperatures attained by the
four laser beam profiles with variations in two free expressions in a
radar-chart.

Free energy formulation also influences meltpool flow velocity. Fig.
7(a) and (b) shows the velocity fields for F, under Bessel and Ring
at + = 12.5 s while, Fig. 7(c) and (d) shows the same for F,. For Fy,
the peak velocities are 81.17 pm/s (Bessel) and 18.90 pm/s (Ring). For
F,,, these values are 56.29 pm/s and 23.71 pm/s respectively. The Ring
beam is an exception, where the TDB based model (F,,) yields a higher
flow velocity than (F,), a behavior discussed further in Section 8.2.

Another observation in simulation with F,, is the asymmetry in
temperature distribution: the leading region (right of the moving laser)
shows a wider thermal spread than the trailing region (left side). In Fig.
8(c) and (d), the spatial gap between the 1337 K and 800 K contours at
the leading surface (§,, and ﬁ;j ) is larger than at the trailing surface (,,
and o). In contrast, for F,, these contours remains nearly symmetric
(@ ~ By and a) = f)) as shown in Fig. 8(a) and (b).
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Fig. 6. Bar graph comparing the average peak temperature at the top surface
of the computational domain as the laser scans from left to right during phase-
field simulations. In (a), results are shown for simulation using fine-tuned
free energy expression (F,), where the Gaussian beam reaches the highest
peak temperature of 3062 K, followed by Flat-Top (3029 K), Bessel (2749
K), and Ring (2180 K) profiles. In (b), the results using the TDB-based free
energy expression (F, ) shows a similar trend, with peak temperatures of 2996
K, 2966 K, 2680 K, and 2069 K for Gaussian, Flat-Top, Bessel, and Ring
beams, respectively. Overall, simulations using F, yield consistently higher
temperature values across all beam profiles compared to those using F,,. (c)
The bird-eye overview of maximum temperature for four laser beam types with
both free energy formulations in a radar chart.
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Fig. 7. Subplots showing the meltpool velocity profiles when the laser beam
reaches the domain midpoint (500 pm from the top-left corner) at r = 12.5 s
for two laser beam profiles under two free energy expressions. In (a) and (b),
the velocity distribution within the LIQUID phase is shown for Bessel and Ring
beams using the fine-tuned free energy expression (F,). Similarly, (c) and (d)
present results for the same beam profiles using the TDB-based expression (F,,).
The meltpool velocity is consistently higher for the Bessel beam compared to
the Ring beam across both free energy cases. For F,, the maximum velocities
are approximately 81 pm/s (Bessel) and 18.90 pm/s (Ring), while for F,,, the
respective maxima are 56 pm/s and 23.71 pm/s. Comparing the two energy
expressions, F, yields higher flow velocities for the Bessel beam, whereas F,,
produces greater meltpool flow for the Ring beam. The plots for Flat-Top and
Gaussian beam are provided in Fig. A.3 of Appendix A.
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Flat Top

Fig. 8. Comparative illustration of temperature distribution for Flat-Top and
Ring laser beam profiles at r = 12.5 s, when the laser reaches the midpoint of
the top surface of the computational domain. Subplots (a) and (c) corresponds
to the Flat-Top beam under fine-tuned (F,) and TDB-based (Fu,) free energy
expressions, respectively, while (b) and (d) represent the Ring beam under
the same conditions. For F,, both Flat-Top and Ring profiles shows nearly
symmetrical temperature contours at leading and trailing edges (¢, ~ f, =~
97.76 pm) and (a;, ~ f, ~ 92.27 pm), with peak temperature of 2900 K
and 1967 K, respectively. The 1337 K contour aligns precisely with the
meltpool boundary (dashed red line), indicating no lag between phase and
thermal fronts. In contrast, simulations with F,, show a clear offset between
temperature and phase fronts (red and black-dashed lines) and asymmetry
in the contour spacing. For Flat-Top, the leading edge gap (§, = 94.76 pm)
exceeds the trailing one (¢, = 62.34 pm), and a similar trend appears for
the Ring beam (ﬂ; = 94.76 pm, a; = 64.83 pm). Overall, the Flat-Top beam
produces higher temperature across the domain compared to the Ring beam,
irrespective of the free energy expression.

8.2. How heat source type alters the morphology

This section discusses how four different laser beam profiles in-
fluences phase dynamics in the phase-field simulations. Starting with
the temperature distribution, it is observed that the Gaussian beam
produces the highest peak temperature, followed by the Flat-Top beam.
The domain reaches a peak of 3062 K and 2996 K for F, and F,
respectively under the Gaussian beam, while the Flat-Top beam attains
3029 K and 2966 K (Fig. 6(c)). For the Bessel beam, the maximum
temperature are 2749 K (F,) and 2680 K (F,). Although these three
beam produces comparable temperature range (above 2500 K), the
Ring beam exhibits a distinct thermal response. Its peak temperature
are notably lower, 2180 K and 2069 K for F, and F,, respectively,
due to the unique way it distributes heat. Unlike Gaussian, Flat-Top
and Bessel beams that deliver concentrated irradiance at the center,
the Ring beam has near-zero central intensity, focusing energy along
a circular ring. The resulting bidirectional heat flow- both inward
and outward from the ring, creates a more uniform temperature field
and prevents sharp temperature spikes. This behavior is clearly seen
in Fig. 8(b) and (d), where the Ring beam produces a smoother,
radially symmetric temperature profile compared to the more peaked
distribution of the Flat-Top beam in Fig. 8(a) and (c). The temperature
fields for Gaussian and Bessel beams at mid-simulation are shown in
Fig. A.4 of Appendix A.

A similar, influence of beam shape is reflected in the evolution of
the LIQUID phase. The meltpool area, tracked at each time step, is sum-
marized in Fig. 9 for all beam types and both free energy expressions.
For all beams except the Ring, the meltpool area evolves similarly in
both F, and F,, simulations and converges by mid-simulation. However,
for the Ring beam, the meltpool area with F,, remains significantly
smaller than with F,. From these results, one can infer that beam
shape directly impacts meltpool size and heat-affected zone (HAZ),
guiding laser selection for specific additive manufacturing processes.

10
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Fig. 9. Plots illustrating the evolution of meltpool (LIQUID) phase area over
the simulation duration for four laser beam profiles and two free energy
expressions. In (a), the Gaussian beam shows that the fine-tuned free energy
(F,) causes a rapid rise in meltpool area to 19422.59 pm?, stabilizing around
16497.74 um?, while the TDB-based expression (F, ) produces a gradual growth
reaching about 15551.55 pm? until the laser is turned off at t = 25 s. Similar
behavior is seen for the Flat-Top (b) and Bessel (d) beams, both averaging
near 16,500 um?, with F, showing an initial sharp rise and F, a smoother
increase. The Ring beam (c) deviates from this pattern: the F, simulation
maintains an average meltpool area of 16549.60 pm?, while the F,, simulation
shows a smaller area averaging 12967.09 pm? and peaking near 16338.35 pm?.
A distinct delay is observed in meltpool formation and solidification for F,,
contrasting with the sharper transitions seen in F,.

For example, the Flat-Top beam produces the largest average meltpool
area 16545.82 pm? (F,) and 15839.72 pm? (F,), making it suitable for
processes requiring larger meltpools or broader HAZ. Conversely, the
Ring beam, with its uniform but smaller heating region, is more suitable
where consistent temperature distribution and tighter HAZ control are
desired.

The differences in temperature evolution across beam profiles are
analyzed along the horizontal midline of the domain, indicated by the
red arrow in Fig. 10. In all cases, temperature increases as the laser ap-
proaches the midpoint, peaks when the beam center passes over it, and
decreases thereafter. Fig. 10(a) compares Gaussian and Ring beams;
Fig. 10(b) compares Gaussian and Bessel; Fig. 10(c) compares Ring and
Flat-Top; and Fig. 10(d) compares Flat-Top and Bessel. The Gaussian
beam consistently produces higher peak temperature than other beams.
In Fig. 10(c), the Flat-Top beam heats the midpoint to 2843.02 K, while
the Ring beam maintains a nearly constant temperature of 1958.09
K between ¢t = 10.61 s to 14.39 s. This flattened thermal response
of the Ring beam reflects steady and uniform heating, with gradual
temperature rise and fall due to the ring’s leading and trailing edges.
Overall, Gaussian, Flat-Top, and Bessel beams produce a bell-shaped
temperature profile at any surface point, while the Ring beam yields a
steady, plateau-like profile.

For simulations using the fine-tuned free energy (F,), the beam-
induced meltpool flow velocity follows the temperature trends. The
Gaussian beam generates the highest average flow velocity of 123.75
pm/s (magenta line, Fig. 11(a)), followed by the Flat-Top beam at
119.94 pm/s (green line, Fig. 11(b)). The Bessel beam reaches a max-
imum of 84.65 pm/s (purple line, Fig. 11(d)), while the Ring beam
produces the lowest velocity of 20.37 pm/s (cyan line, Fig. 11(c)).
For the TDB-based energy model (F,,), the order of the flow velocity
shifts slightly, Flat-Top records the highest (76.86 pm/s), followed by
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Fig. 10. Time-temperature plots for a spatial point located at the mid-top
surface (inset). Subplot (a) compares Gaussian and Ring beams with F,,
showing a bell-shaped temperature curve for the Gaussian beam peaking at
2873.29 K, while the Ring beam exhibits a flatter profile with a peak of
1975.98 K. In (b), the Gaussian beam with F, (green) reaches 2933.98 K,
higher than the Bessel beam with F,, (pink, 2550.24 K). Subplot (c) compares
Flat-Top (F,) and Ring (F,) beams, where the Ring beam provides uniform
heating (peak 1958.09 K) and the Flat-Top beam shows gradual heating and
cooling (peak 2873.02 K). In (d), both Flat-Top and Bessel beams with F,
yield bell-shaped curves peaking at 2900.08 K and 2614.45 K, respectively.
Readers are referred to Fig. 6¢ to obtain a bird-eye overview of the overall
impact with different free energy expressions for each heat source types.
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Fig. 11. Subplots showing the evolution of maximum meltpool velocity during
simulation for different laser beam profiles and free energy expressions. In (a),
the Gaussian beam produces a higher peak velocity with F, (magenta line with
diamond markers) than with F,, (blue line with circular markers), averaging
123.75 pm/s and 71.76 pm/s, respectively. A similar trend is seen for the Flat-
Top beam in (b), with average peak velocities of 119.94 pm/s (F,) and 76.86
pm/s (F,). In contrast, for the Ring beam (c), F,, yields slightly higher flow
(22.65 pm/s) than F, (20.37 pm/s). For the Bessel beam (d), the trend reverts
to higher values with F, (84.65 pm/s) compared to F,, (52.39 um/s). Note that
the y-axis scale differs in (c¢) and (d) to account for the lower velocity range;
a red marker at 30 pm/s is included across all subplots for reference.

Gaussian (71.76 pm/s), Bessel (52.39 pm/s) and Ring (22.65 pm/s),
shown by red, blue, brown, and orange curves in Fig. 11(b), (a), (d)
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and (c) respectively. As also seen in the temperature data, the Ring
beam remains an exception, its peak velocity is slightly higher in F,,
(22.65 pm/s) than in F, (20.37 pm/s), consistent with its uniform and
stable heating characteristics.

8.3. Uncertainty reduction in T-magnitudes

In laser AM, uncertainty in the prediction of peak meltpool temper-
atures is one of the major factors that limits build quality and process
reliability. When thermodynamic models overestimate the temperature,
often by several hundred kelvins, the melt pool becomes excessively
hot. For metals such as Au or Ti-6Al-4V, temperatures above roughly
2000 K to 3000 K can lead to keyholing, where intense vapor re-
coil forms deep pores, spallation defects, and localized evaporation
of low-boiling alloying elements. These effects alter the local chem-
istry, promote brittle phases, and ultimately compromise mechanical
performance. If the model underpredicts the temperature, the opposite
problem arises: insufficient melting causes lack-of-fusion defects, de-
lamination between layers, and strongly anisotropic microstructures.
These defects serve as preferred sites for fatigue cracking and can
reduce component life by more than an order of magnitude. Even
moderate temperature errors (100-200 K) can change melt-pool shape
by 20%-30%, leading to irregular layer bonding and high build-failure
rates in production environments. Additional consequences include
wasted energy due to overheating and safety concerns from high-
velocity spatter. Our TDB-based free-energy function, F,, obtained
directly from CALPHAD-consistent thermodynamic databases, substan-
tially reduces these uncertainties. Compared with the empirically fitted
free-energy expression F,, the TDB-based model predicts 60-100 K
lower and more realistic peak temperatures as shown in Fig. 6.

The ramp-up rate of driving force for phase transition (A) near the
melting temperature (+67,, = 5 K) is small for TDB based formulation
(4,, = =9.511 J/mol/K) whereas, it is inflated by 81 times for fitted
expression with Ay = —770.45 J/mol/K as depicted in Fig. A.1 of
Appendix A. This implies that during laser heating the fitted free energy
based phase field model directly transforms FCC into LIQUID phase
with a significantly sufficient barrier to resolidify, when the melting
regime is reached and the temperature increases in the LIQUID phase
faster. On the other hand, it might be possible for the material within
the melting regime to remain in equilibrium between FCC and LIQUID
phases incontext of the model using TDB expressions.

The temperature-slope of the thermodynamic driving force for the
solid-liquid transition, (A = dAF /dT), differs sharply between the two
free-energy formulations. In the TDB-based model this slope is modest
(4,, = —9.511 J/mol/K), while in the fitted expression it becomes over
81 times steeper (A, = —770.45 J/mol/K). Thermodynamically, this
slope is tied to the entropy discontinuity at the melting point, (45 =
L,/T,), as the latent heat of fusion satisfies L, = d;‘—: _ with (AF =
Fiyo — Free) being the Gibbs free-energy difference near (me). A steeper
(|dAF /dT)|) corresponds to a higher effective latent heat and forces the
transformation across an extremely narrow temperature range. In the
fitted model, this exaggerated slope causes the driving force (|AF|) to
shoot upward as soon as the material enters the melting regime. As a
result, the phase field quickly converts FCC to LIQUID, and because
(AF) continues to increase unnaturally fast in the LIQUID phase, the
model strongly suppresses solid-liquid coexistence. This creates a ther-
modynamically overstabilized LIQUID, which heats up more rapidly,
trapping thermal energy and promoting unrealistic thermal overshoots.
In contrast, the TDB-based formulation yields a much smoother and
physically grounded variation of (AF(T)). Its latent-heat signature is
correctly distributed across a finite temperature window, enabling
genuine thermodynamic coexistence of FCC and LIQUID phases with
a sustained presence of high-conductivity solid near the melting point.
Because the transition is not artificially compressed, a fraction of solid
persists longer during heating. Solid gold has a thermal conductivity
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of 246.3945 W/m K at T = 1335 K, more than that of the LIQUID
(136.71 W/m K at T = 1340 K). The continued presence of the
solid therefore enhances radial heat extraction, preventing localized
heat accumulation and a broader latent-heat absorption interval. In
the TDB formulation, the latent heat is absorbed over a physically
meaningful temperature range rather than at an artificially sharp point.
This effectively buffers incoming laser energy, delaying the temper-
ature rise and flattening the thermal trajectory. The material spends
more time in the mixed-phase regime where enthalpy is absorbed
without a rapid temperature increase. Together, these thermodynamic
effects result in 60-100 K lower peak temperatures in the TDB-based
simulations compared with the fine-tuned model. The fine-tuned ex-
pression, by overstating the driving force slope, collapses the phase
transition into a narrow band, suppresses the high-conductivity solid
prematurely, and eliminates latent-heat buffering conditions that all
amplify thermal overshoot. Conversely, the TDB formulation enforces
CALPHAD-consistent phase equilibria, distributes latent heat realis-
tically, preserves conductive solid for longer, and prevents artificial
trapping of heat in low conductivity mushy zones. This combination
stabilizes the thermal response, yielding peak temperatures far closer
to experimentally observed values in laser melting of Au.

Ultimately, the strength of the TDB-based formulation is in pro-
viding thermodynamically consistent and reliably constrained tem-
perature predictions. By embedding the correct latent-heat behavior,
preserving realistic solid-liquid coexistence, and avoiding the artificial
steepening of the driving force seen in the fitted model, the TDB
approach delivers temperature fields that adhere closely to CALPHAD-
based phase equilibria and thus markedly reduce the error margin in
peak-temperature estimation. This reduction in uncertainty is critical
for laser AM: accurate thermal predictions ensure that the process
window is identified correctly, preventing inadvertent transitions into
overheating regimes associated with keyholing, vapor-driven porosity,
solute loss, and microstructural degradation, while also avoiding the
under-melting conditions that cause lack-of-fusion defects and weak
interlayer bonding. In contrast, the heuristically fitted free-energy ex-
pression injects substantial uncertainty into the temperature field-its
exaggerated driving-force slope, compressed melting interval, and unre-
alistic thermal response amplify both over- and under-prediction risks.
Such variability propagates directly into melt-pool geometry, defect
formation, and build reliability. Therefore, the TDB-based formulation
provides a more accurate, lower-uncertainty, and physically grounded
foundation for predicting melt-pool temperatures, ultimately enabling
more consistent, defect-resistant, and scalable additive manufacturing.

8.4. Learning the meltpool profile

The U-Net architectures predicting the microstructure phase and
the meltpool flow velocity described in Section 7 were trained for
200 epochs on the data generated from FEM simulations. The training
performance of both models are listed in Table 5. Both models exhibit
good prediction capabilities across training, validation, and testing.
PhaseNet achieved an accuracy score of 0.9992, 0.998, and 0.997 in
training, validation and test dataset respectively. VelNet also showed
similar performance with higher R?, and lower loss across training
(R?*=0.9994, MSE=0.045), validation (R?>=0.9992, MSE=0.060) and
testing (R*=0.999, MSE=0.068) indicating generalization capability
and minimal overfitting.

Fig. 12(a) shows the microstructural similarity index (ug;,,) calcu-
lated from the LIQUID phase predictions across 483 test samples. The
usry values consistently exceed 0.995, with most values approaching
0.999. This high level of similarity indicates that the model accurately
captures phase distribution patterns from the given temperature field
inputs. The calculation method for yg;,, is described in Appendix B.
The training behavior of PhaseNet is presented in Fig. 12(b), which
displays the binary cross-entropy (BCE) loss and classification accuracy
over 200 training epochs. The model converged rapidly, with both
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Table 5
Performance summary of PhaseNet (Phase Prediction) and VelNet (Velocity
Prediction) models.

Dataset PhaseNet VelNet

Accuracy BCE Loss MSE MAE RrR?
Training 0.9992 0.0016 0.045 0.062 0.9994
Validation 0.9989 0.0024 0.060 0.071 0.9992
Testing 0.9979 0.0060 0.068 0.079 0.9990

training and validation accuracy reaching approximately 0.999 within
the first 50 epochs. These accuracy values remained stable throughout
the remaining training period, showing only minor variations. The loss
values followed a similar trend, decreasing from an initial value of
about 0.25 to near zero within 50 epochs, after which they remained
consistently low for the duration of training. The performance of VelNet
is shown in Figs. 12(c) and (d). Fig. 12(c) presents a parity plot that
compares the predicted liquid phase velocities against the ground truth
values for the test dataset. The predicted values align closely with the
actual values along the diagonal, demonstrating the model’s generaliza-
tion capability. Fig. 12(d) shows the training performance of VelNet in
terms of R? coefficient and mean squared error (MSE) loss. The training
behavior of VelNet is similar to that observed for PhaseNet. Both the
training and validation R? values rapidly increase to approximately
0.99 in the early epochs and stabilize near 1.0 for the remainder of
the training period. The MSE loss curves show a corresponding pattern,
with a sharp decrease in the initial epochs followed by convergence
to near-zero values. Minor fluctuations in the loss values are observed
primarily during the early training phase, after which the curves remain
stable.

To further evaluate the model’s predictive capability, a separate
FEM simulation was conducted in the MOOSE Framework using only
the heat transfer physics module. This setup computed the temperature
distribution under a Bessel laser beam profile with the same power
and scan speed as in the base phase-field simulations. An interpolation
function (Eq. (22)) was applied to smoothly vary material properties-
thermal conductivity, specific heat, and density, across the domain
relative to the melting temperature of gold (1337 K).

1

—10<HL—1>
1+e Tmelt

The resulting temperature data were converted into tensor format and
fed as input to the MicroTwin (refer Fig. 13). The model-predicted
meltpool phase evolution from the temperature history was compared
against results from the full phase-field simulation. Fig. 14(a) shows the
temperature field from the heat transfer simulation, while Fig. 14(b)
presents the corresponding phase evolution from the full phase-field
model. The predicted phase distribution from the trained PhaseNet
model is shown in Fig. 14(c), and the prediction error map in Fig.
14(d). In this figure, green regions indicate False Positives (FP), where
the model predicted the presence of meltpool phase absent in the phase-
field result; red regions denote False Negatives (FN), where the model
failed to identify the LIQUID phase; and light-yellow areas mark the
Correctly Predicted (CP) regions where both results match. In addition,
the LIQUID phase area at the presented time instant from the full phase-
field FEM simulation was 17,363 pm?, whereas PhaseNet predicted
18,046 pm?, resulting in a meltpool area prediction error of about
3.93%. The temperature feature should be supplied as input feature
whereas phase related features can be internally fed to the Flow Twin of
Fig. 13. When the phase related features are supplied to the FlowTwin
via the MicroTwin, the features are the machine learned ones. Also, it
is possible to supply both temperature and phase features externally
as input to the micro-computer. In this case, the phase features must
be obtained from the FEM model. The phase features supplied to
VelNet model (FlowTwin) to result in Fig. 14(e) were obtained from

hr = 22)
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(a) PhaseNet: Microstructural Similarity Index (psim)

Computational Materials Science 263 (2026) 114456

( b) PhaseNet: Loss (BCE) & Accuracy vs. Epochs

1.00
0.995 0.75 4 — Trafning Accuracy 0.975 T
T 0 —— Validation Accuracy
—+— LIQUID-usim 3 a
S 0.99 -1 0.5 0.95
— —— Validation Loss B
£ l Training Loss §
0.25 - 0.925
0.985 <
1
0,95 o] | W e ’..._JJ-.AMJMAA‘\J\.LAJ;LB 0.9
[} 100 200 300 400 500 0 50 100 150 200
Test Samples — Epochs —

o
(g]
~

VelNet Parity Plot: Pred vs. GT Velocity

(d)

VelNet: MSE Loss & R? vs. Epochs

120
o . 1.0
1 T [ L
=== Ground Truth (GT) . 5
iy e Predicted (Pred.) —— Training R
£ 4 —— Validation R? 0.75
E 80
s 1
- 30 —+— Training MSE 0.5
° —— Validation MSE "&
> 40
g 45 0.25
g
& ol .
o 0
o
0 40 80 120 0 50 100 150 200
GT Vel. [pm/s] — Epochs —

Fig. 12. Training, validation, and testing performance metrics of the machine learning models. (a) Microstructural similarity index (ug;,,) between the ground
truth and the PhaseNet-predicted LIQUID phase morphology for the test dataset. The high average ug,;,, value (0.995) across 483 test samples (15% of the
total dataset) confirms the model’s predictive accuracy on unseen data. (b) Training and validation accuracy and loss curves for the PhaseNet model over 200
epochs. Both metrics closely follow each other, reaching high accuracy and low loss for training and validation datasets. Loss is plotted along the left y-axis, while
accuracy is shown on the right y-axis. (¢) Parity plot comparing VelNet-predicted velocities with ground truth velocities at each spatial point within the LIQUID
phase over a 1000 pm X 250 pm domain. The red line denotes ground truth, while purple dots represent the predicted velocities. (d) Training and validation loss
(MSE) and R? metrics for the VelNet model over 200 epochs. Initial fluctuations stabilize after 50 iterations, showing consistently high R? and low loss, indicating

robust training and validation performance.

MicroTwin. Fig. 14(e) shows the velocity field predicted by the VelNet
model, while the corresponding full phase-field simulation result at
the same time instance is presented in Fig. 14(f). The absolute error
between the predicted and simulated velocity fields is shown in Fig.
14(g). For VelNet, the input variables were the temperature distribution
from the stand-alone heat transfer simulation and the predicted phase
data from PhaseNet. Thus, both the phase distribution and meltpool
flow velocity can be inferred solely from the thermal distribution across
the domain.

9. Virtual digital twin and outlook

The integration of IoT and remote sensing with digital twins offers
an effective approach to minimizing laser-related hazards in industrial
and research applications. Through real-time monitoring and predictive
capability, digital twins can simulate laser-material interactions under
varying conditions, reducing the risk of thermal damage, structural
defects, and safety issues. IoT-enabled sensors provide continuous data
streams, allowing adaptive control of laser parameters and improving
overall process reliability [60,61].

Building on this, we propose a Digital Twin framework that employs
training machine learning models to quantify and predict phase evolu-
tion, meltpool area, and velocity profiles in real time during additive

manufacturing. The trained models can be deployed on a microcom-
puter such as a Raspberry Pi, connected to an infrared camera that
records surface temperature data of the specimen. The model processes
this temperature data and displays phase transformation details in real
time.

To conceptualize this idea, a Virtual Digital Twin (VDT) [62] was
developed with a web interface (WebApp), the working flow of this
VDT is presented in Fig. C.1 of Appendix C. Instead of using infrared
camera data, the virtual twin operates on temperature fields generated
from a standalone laser heat-transfer simulation that excludes phase-
field and fluid-flow physics (a Bessel beam is used as an example).
The resulting temperature data are first passed to the trained PhaseNet
model, which predicts the LIQUID and FCC phases and computes their
respective areas. These outputs, together with temperature data, are
then supplied to the VelNet model, which infers the velocity field
within the meltpool region. The WebApp also incorporates the original
phase-field simulation results (used to train ML models) to compute
and visualize real-time error between simulated and predicted values
for both phase and velocity fields. The Virtual Digital Twin WebApp is
accessible at: VDTWebApp

This virtual twin framework can be readily extended to a physical
digital twin by deploying the trained ML models on a Raspberry Pi.
In this setup, actual thermal data are captured via infrared cameras,
processed into numerical arrays, and used directly as model input.
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Fig. 13. The I/0 interface of Raspberry Pi micro-computer consisting the PhaseNet and VelNet programs. The input (I) interface accepts the real time image data
of temperature or the data tensor of the temperature. With the help of PhaseNet model, the micro-computer in the role of MicroTwin instantly outputs the phase
at the Output (O). Interestingly, the U-Net architecture is reusable. The phase data from the MicroTwin can be channeled to the input (I) interface and together
with the temperature feature, it could be utilized by FlowTwin (with VelNet architecture) to predict the meltpool dynamics (velocity) in accordance with Eq.
(20). The predictions of the MicroTwin and FlowTwin are elaborated in Fig. 14.
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Fig. 14. Comparison of phase evolution and meltpool flow velocity predicted by the PhaseNet and VelNet models with FEM-based phase-field simulations. (a)
Temperature distribution used as input to both ML models, obtained from a laser heat transfer simulation with a Bessel heat source and no phase-field coupling.
In a real-time digital twin setup, similar data could be acquired from an IR camera and preprocessed on a microcomputer (e.g., Raspberry Pi) for model input. (b)
FEM-based phase-field simulation result at t = 24.41s showing a LIQUID phase area of 18,046 um>. (¢) MicroTwin’s PhaseNet-predicted phase distribution with
a LIQUID phase area of 17,363 pm?. (d) Comparison of PhaseNet predictions with FEM results, where CP (light yellow) denotes correctly predicted regions, FP
(green) indicates false positives, and FN (red) marks false negatives. Most mismatches occur along the LIQUID-FCC interface. (e) FlowTwin’s VelNet-predicted
flow velocity within the LIQUID phase and (f) corresponding FEM-simulated melt pool velocity for identical laser parameters. (g) Absolute velocity prediction
error between VelNet and FEM results at the same time step. The input temperature field originates from a stand-alone thermal FEM simulation not included
in training, validation, or testing datasets, while the FEM-based phase and velocity fields used for comparison are part of the coupled-physics simulations used
during training.
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The prediction scope can be expanded in future work by training
on data from multi-material systems (multi-component alloys) across
different laser powers, scan speeds, and length scales, thereby enabling
a generalized multi-material Digital Twin model.

In this context, the phase-field-informed U-Net architectures:
PhaseNet and VelNet, running on a Raspberry Pi with infrared input
exemplify conditional automation in additive manufacturing. PhaseNet
takes temperature data and predicts structural features representing
meltpool morphology, while VelNet uses temperature and phase data
to infer meltpool velocity. The process is conditional because model
outputs depend directly on the physical state encoded in the phase-
field-based inputs. These networks learn mappings between phase-field
states and meltpool behavior, which are key to additive manufac-
turing process control and optimization. Running the architecture
on a portable device enables real-time, autonomous monitoring and
remote prediction without manual intervention, achieving conditional
automation by dynamically adapting predictions to input conditions.

Compared to to our previous work [10], where materials properties
such as density, specific heat, free energy, and mobility were manu-
ally provided for FEM based phase prediction, the current approach
eliminates the need for those external inputs. The trained ML models
autonomously infer phase regions, areas, and meltpool velocity solely
from laser-induced thermal data. Since additive manufacturing inher-
ently involves laser-microstructure interactions, this autonomy, while
still relying on external laser parameters, represents a step towards
Conditional Automation (L3-Automation).

10. Conclusion

This study presented computational modeling of laser-induced phase
transformation and microstructural evolution in a unary Au system.
Simulations were performed using four laser beam profiles: Gaussian,
Flat-Top, Ring, and Bessel, combined with two different free energy
formulations. A fine-tuned logarithmic-polynomial fitted expression
(Fp) and a TDB-extracted expression (F,,).

The Gaussian, Flat-Top, and Bessel beams exhibited similar thermal
and flow characteristics, with peak temperatures and maximum melt-
pool velocities concentrated at the beam center. In contrast, the Ring
beam produced a more uniform temperature field within its radius. A
key distinction was observed between the two free energy formulations:
simulation using F, showed a precise alignment between the melting
temperature contour (1337 K) and the LIQUID-FCC interface, while
those using F,, revealed a noticeable lead-lag behavior between the
thermal and phase fronts, attributed to differing diffusion rates of heat
and phase fields.

Two U-Net based machine learning models, PhaseNet and Vel-
Net, were trained on simulations datasets linking thermal histories to
phase evolution and meltpool velocity. Using these models, a virtual
digital twin framework was developed, capable of predicting phase
and velocity evolution from temperature data inputs. This framework
demonstrates a step towards constructing a physical Digital Twin for
real-time experimental prediction using infrared camera data.

At present, the model is limited to a unary Au system, but future
work will extend it to multi-component alloys and a wider range
of laser processing parameters. The development of such multimodal
Digital Twin systems is expected to accelerate real-time phase transfor-
mation prediction and advance precision control in additive manufac-
turing.
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Appendix A

A.1. Ramp-up rate of driving force (A,o)

To quantify the discrepancy introduced by the fitted free-energy
expression, we compare the temperature derivatives of the LIQUID-FCC
free energy difference over a narrow interval if §T = +5K around the
melting point 7,, = 1337K as presented in Fig. A.1. This analysis high-
lights how the physically consistent TDB-based formulation preserves
the thermodynamically consistent ramp-up rate of the phase-transition
driving force (A), whereas the polynomial fit introduces an unrealisti-
cally steep temperature dependence. Since the magnitude of the driving
force |AF| directly determines the predicted phase-transition kinetics,
even small distortions in 94C can lead to order of magnitude error
in phase front, underscoring the necessity of using thermodynamically
grounded free energy models.

A.2. Complementary figures: Phase response to F,

This section presents the complementary Figures and Plots A.2, A.3
and A.4, related to Sections 8.1 and 8.2.

Appendix B

B.1. Microstructural similarity index (ugy )

The Microstructural Similarity Index, gy, is computed using the
formula shown in Eq. (B.1) [63,64]. In this expression, 5, corresponds
to the ground-truth phase-field values obtained from the simulation,
while 7/ represents the PhaseNet-predicted values of the phase variable
n at time ‘t’.

Qg gy + 0y )20y + 1)

Hsim(n) = (B.1)

2 2 2 2
(pyy, + Hor +a, )up + Hor +ay)
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Fig. A.1. Comparison of the free energy ramp-up rate A = “4£ near melting
point. The figure plots the temperature derivative of the LIQUID-FCC free
energy differences, AF = Fyjoyp — Fpees Over a narrow interval of 67 = £5K
around 7,, = 1337 K, comparing the TDB-based and fine-tuned (fitted) free
energy expressions. The TDB-based formulation yields a physically consistent
ramp-up rate of A, ~ -9.511 J/mol/K. In contrast, the fitted expression
produces an artificially steep slope of A, ~ —770.45 J/mol/K, exaggerating
the thermodynamic behavior by a factor of ~ 81. The inset highlights only
the TDB-based A, curve to improve visibility of its small but physically
meaningful temperature dependence. This discrepancy inflates the |[AF| and
thereby the phase-transition kinetics, resulting in absence of lead-lag dynamics
in simulation performed with fine-tuned free energy expression.

The quantities u,, 1y, aﬁr, and o2, denote the sample mean in-

tensities and variances of the fields , and n,, respectively, while Sy
represents their cross-covariance. The constants «, and @, are included
to avoid division by zero. For the ug;,, metric to be computed cor-
rectly, both ground truth distribution of #, and predicted #/ distribution

must share the same data points in 2D domain of N x M.

Appendix C

C.1. Virtual digital twin work flow
See Fig. C.1.

Appendix D

D.1. Computational cost comparison

The phase-field simulations were executed on a Dell Precision 7920
Tower using 10 CPU cores (2 threads each), 64 GB RAM, and an
Intel Xeon Gold 5220R @ 2.20 GHz, launched via mpiexec within our
MOOSE-based application. The average wall-clock time for a single
FEM simulation was ~12.5 h, and the eight simulations required for this
study accumulated to roughly 4.5 days of compute time. In contrast,
training the ML models (PhaseNet and VelNet) for 200 iterations on an
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Fig. A.2. Visual illustration of laser induced phase evolution during the phase
field simulation in unary Au system with different heat source profiles with
different free energy expressions. (a) The four subplots depicts the growth
of meltpool at time t=1s and t=25s under the Bessel beam with top row
corresponding to fine-tuned free energy expression F, and bottom row with
F,. Similarly, in (b) the LIQUID phase status is presented for Flat-Top laser
profile with F, and F, as driving force for phase transformation in top and
bottom row subplots. Finally (c) represents the meltpool phase growth similar
to that of (a) and (b) but for the simulation with Ring laser beam under two
free energy expressions. Although the different laser beam profile resulted in
drastic temperature history and velocity profile inside the domain, the overall
phase growth is in near similar fashion and is possible difficult to distinguish
on a visual basis.

NVIDIA RTX A6000 required only 30-45 min. The largest performance
gain arises during inference, where the trained ML models generate
full spatiotemporal fields for new thermal inputs in under 1 second,
representing a speed-up of five orders of magnitude relative to FEM
simulations. This behavior was validated across multiple platforms,
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Fig. A.3. Illustration of velocity profile inside the meltpool when the laser
traverses to domain midpoint. Subplot (a) and (c) are associated with simu-
lation under the Gaussian heat source for F, and F, respectively. The peak
flow velocity for in the LIQUID phase for (a) and (c) are 119 x m/s and 75.61
u m/s respectively. In (b) and (d), the flow profile for simulation conducted
under the Flat-Top heat source for F, and F,, is presented.

Gaussian Bessel

Fig. A.4. Visualization of thermal distribution across a cutout of simulation
domain for Gaussian and Bessel laser sources. Plot (a) and (c¢) showcases the
temperature profile for Gaussian heat source with driving force expression
of F, and F,, respectively. Similarly, (b) and (d) represents the temperature
inside the computational domain with Bessel heat source for F, and F,
correspondingly. A subtle difference in temperature profile can be noticed
between Gaussian and Bessel based simulation results with a higher concen-
tration of temperature distribution at the beam center for Gaussian beam, the
peak temperature reached by the domain under Bessel beam are found to be
2613.11 K in (b) and 2548.95 K in (d).

Table D.1
Inference time using trained ML model across
different systems.

Inference time

Raspberry Pi 4 ~0.265 s
Dell Precision 7920 Tower ~0.192 s
Cloud Computing via Streamlit ~0.397 s

including a Raspberry Pi 4, a high-performance workstation, and a freely
hosted Streamlit web application, all achieving sub-second inference.
Table D.1 summarizes these inference times.

These results demonstrate that the ML models enable real-time pre-
diction of phase morphology, phase-fraction evolution, and meltpool
flow velocity, in contrast to the hours-long FEM computations required
for each new condition. This real-time capability is also integrated
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Fig. C.1. Flowchart of the Virtual Digital Twin framework for real-time melt-
pool prediction and laser control. High-fidelity Phase-Field (PF) simulations (8
runs, 3220 samples) provide temperature, phase, and velocity fields used to
train two U-Net models: PhaseNet for melt-pool geometry and phase distribu-
tion (BCE loss) and VelNet for flow-velocity prediction (MSE loss). Independent
temperature-field inputs, either from a simple heat-transfer laser simulation
or real-time IR-camera measurements during laser melting, can be supplied to
the trained models to infer melt-pool shape, phase area, and velocity fields.
These predictions are displayed in a WebApp interface for visualization and
optional comparison to PF simulations. The interface enables a feedback-loop
adaptive control system that adjusts laser processing parameters (beam type,
power, scan speed), closing the Virtual Digital Twin for real-time monitoring
and control.

into the Virtual Digital Twin (VDT) interface, where inference time
per prediction is displayed. Overall, the ML-based workflow provides
a robust and quantitatively verified acceleration over FEM simulations,
supporting its suitability for real-time process control and monitoring.

D.2. Convergence behavior across diffused-interface widths

See Fig. D.1.
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Fig. D.1. Effect of diffused-interface width 6 on convergence behavior and
computational cost. The same Gaussian TDB-based phase-field simulation was
performed for § = 0.1, 1, 5, 10, 15 and 20 pm, each run for 10 iterations.
Subplot (a) shows the maximum temperature in the domain at the 10th
iteration, demonstrating the simulations with larger diffused-interface widths
reach higher temperatures more rapidly for the same iteration count. Subplot
(b) explains this behavior via the actual physical simulation time (left y-axis)
achieved after 10 iterations. For the smallest interface width (6 = 0.1 pm),
the simulation advances only to ~10~%s, because the sharp interface causes
repeated convergence failure; the simulation therefore is programmed to
reduce the timestep d¢ until convergence is possible, significantly increasing
the wall clock time (right y-axis), which exceeds 3600s for 10 iterations.
In contrast, larger § values permit larger stable timesteps, leading to higher
physical simulation times and substantially lower CPU times. Based on this
balance between accuracy, convergence stability and computational efficiency,
a diffused-interface width of 6 = 10 pm was selected for the simulation in this
work.

Data availability

The phase-field simulation codes, simulation video animations, and
webapp for virtual digital twin along with the data used for this work
is available at https://github.com/subediupadesh/AMTwinLab and the
machine learning model source code is available at https://github.com/
AadyaBhattarai/PhaseVelNet.
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