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Abstract

Sampreet Rangaswamy

Multiscale, Multiphysics, and Data-Driven Modelling of the Laser
Powder Bed Fusion Processing of Nitinol Shape Memory Alloy

This thesis investigates multi-scale modelling approaches for Powder Bed Fusion using
a Laser Beam (PBF-LB) of nickel-titanium (NiTi), a shape memory alloy whose
functional performance is highly sensitive to thermal history and composition. The
objective was to improve melt pool predictability, process optimisation, and residual
stress control through an integrated experimental and modelling framework. Single-
track experiments were performed to investigate melt pool behaviour under varying
laser power and scanning speed. Three analytical melt pool models were evaluated, with
the Eagar—Tsai model predicting melt pool width with a mean absolute error below 10%
and the Gladush—Smurov model predicting melt pool depth with errors below 20%.
These findings highlight the limitations of single-model approaches and motivate
hybrid predictive strategies for NiTi melt pool characterisation. Building on these
findings, a high-fidelity thermal finite element model (FEM) incorporating CALPHAD-
derived temperature-dependent material properties was developed and validated against
experimental measurements, achieving prediction errors below 10% for melt pool
dimensions. A multi-output machine learning surrogate model trained on the simulation
data achieved coefficients of determination (R?) greater than 0.95, enabling rapid melt
pool prediction across a broad process window. A comprehensive multi-modal residual
stress experimental characterisation was performed using hole-drilling, X-ray
diffraction (XRD), and in-situ pyrometric measurements. A previously unreported non-
monotonic relationship between volumetric energy density (VED) and residual stress
was identified, revealing stress saturation and relaxation regimes governed by process
parameters. A part scale thermo-mechanical finite element model was subsequently
developed to predict residual stress from thermal history, phase evolution, and
cantilever beam deflection, predicting von Mises residual stresses in the range of 35—
120 MPa. Collectively, this work established an integrated framework linking process
parameters, melt pool behaviour, thermal history, phase evolution, and residual stress
development, providing practical tools for improving the reliability of additively
manufactured NiTi components.
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1. Chapter: Introduction

1.1 Background and Motivation

Additive manufacturing (AM) technologies have emerged as transformative manufacturing
methods capable of producing complex, high-value components directly from digital models.
Among the various AM technologies, Powder Bed Fusion using a Laser Beam (PBF-LB or
LPBF or L-PBF) has gained widespread attention for the fabrication of metallic components
due to its ability to produce intricate geometries with high dimensional accuracy and minimal
material waste [1,2]. In this process, a focused laser selectively melts thin layers of metal
powder, enabling the layer-by-layer construction of fully dense components. The flexibility
offered by PBF-LB has driven its adoption across several sectors, including aerospace,
biomedical engineering, energy, and advanced manufacturing [3,4].

Nickel-titanium (NiTi), commonly referred to as nitinol, is a shape memory alloy that exhibits
unique functional properties including the shape memory effect and superelasticity [5]. These
properties arise from reversible martensitic phase transformations and make NiTi particularly
attractive for applications such as biomedical implants, aerospace actuators, robotics, and
energy systems. In the biomedical sector, NiTi is widely used for devices such as stents,
orthodontic wires, and minimally invasive surgical tools due to its excellent biocompatibility
and fatigue resistance [6,7]. However, conventional manufacturing of NiTi components using
casting, machining, or forming processes is often challenging due to the alloy’s work hardening
behaviour, tool wear issues, and difficulties associated with machining complex geometries
[8,9].

The PBF-LB process offers significant potential for overcoming many of these manufacturing
challenges by enabling the production of complex NiTi components with tailored geometries
and potentially tunable functional properties. Despite these advantages, the additive
manufacturing of NiTi remains particularly challenging due to the alloy’s strong sensitivity to
thermal history and composition. During the PBF-LB process, rapid heating and cooling cycles
produce highly localized thermal gradients and complex melt pool dynamics, which strongly
influence microstructure formation, phase transformation behaviour, and defect generation

[10-12].
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Several process-induced defects can arise during PBF-LB fabrication of NiTi, including
porosity, cracking, oxidation, residual stresses, and poor surface quality. These defects can
significantly affect both the structural integrity and functional performance of the material. In
particular, residual stresses generated during rapid solidification can lead to distortion,
cracking, and reduced fatigue life. Furthermore, the thermal conditions experienced during
processing can alter the local nickel-to-titanium ratio through evaporation or segregation
effects, thereby shifting phase transformation temperatures and degrading the alloy’s shape
memory and superelastic properties [13,14].

Understanding and controlling the complex interactions between process parameters, thermal
history, microstructure evolution, and functional behaviour is therefore essential for achieving
reliable and high-quality NiTi components using PBF-LB. However, experimental trial-and-
error approaches alone are often costly, time-consuming, and limited in their ability to explore
the vast parameter space associated with additive manufacturing processes.

As a result, modelling and simulation approaches have become increasingly important tools
for predicting process outcomes and guiding parameter optimization. Physics-based modelling
techniques, including analytical models and finite element simulations, have been widely used
to study melt pool dynamics, heat transfer, and residual stress development. These models
provide valuable mechanistic insight into the underlying physical phenomena governing the
process. However, such approaches are often computationally expensive and require accurate
temperature-dependent material property data, which is limited for NiTi alloys [15-17].

In parallel, data-driven approaches such as machine learning and surrogate modelling have
gained increasing attention due to their ability to rapidly predict process outcomes and enable
efficient exploration of large parameter spaces. Nevertheless, purely data-driven models often
lack physical interpretability and struggle to generalize beyond the training dataset [18,19].
Recently, hybrid approaches that combine physics-based modelling with machine learning
techniques have shown considerable promise. Physics-informed machine learning and digital
twin frameworks allow the integration of high-fidelity simulations with fast surrogate models,
enabling accurate and computationally efficient prediction of process behaviour [20-23].
These approaches offer a pathway toward intelligent additive manufacturing systems capable
of real-time process monitoring, optimization, and control.

A digital twin can be broadly defined as a virtual representation of a physical system that is
continuously updated using data from experiments, sensors, simulations, or operational
processes to replicate the behaviour of its physical counterpart throughout its lifecycle. Unlike

traditional simulation models, which are typically used as standalone predictive tools, digital
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twins integrate multiple sources of information and can support bidirectional communication
between the physical and virtual environments. This enables not only prediction of system
behaviour but also process optimisation, decision support, and, ultimately, real-time control
[22,24].
The implementation of digital twins in PBF-LB generally involves a combination of process
modelling, sensing, data analytics, and decision-making algorithms. Physics-based models,
such as thermal or thermo-mechanical finite element simulations, provide mechanistic insight
into the process, while machine learning and surrogate models enable rapid prediction across
large process parameter spaces. The integration of these approaches allows digital twins to
balance computational efficiency with physical fidelity [25,26]. Recent developments have
also demonstrated the potential for incorporating in-situ monitoring data into digital twin
frameworks, enabling adaptive process control and real-time correction of process deviations
[23,27].
For NiTi manufactured via PBF-LB, digital twin technologies are particularly attractive
because of the strong coupling between process parameters, thermal history, phase
transformation behaviour, and final component performance. Small variations in thermal
conditions can significantly alter microstructure, phase constitution, residual stress
development, and transformation temperatures. Consequently, a digital twin capable of
predicting and controlling these interconnected phenomena offers a pathway towards more
reliable production of NiTi components and supports the broader vision of intelligent additive
manufacturing. The development and application of such a framework therefore forms a central
theme of this thesis.
Despite recent progress in modelling additive manufacturing processes, several critical
knowledge gaps remain for NiTi processed by PBF-LB. In particular, improved understanding
is required in the following areas:

e Prediction of melt pool geometry and stability under varying process parameters

¢ Quantification of thermal history and its influence on phase transformation behaviour

e Understanding the mechanisms governing residual stress formation and distortion

e Integration of modelling approaches to support efficient process optimization

Addressing these challenges is essential for enabling reliable production of high-performance
NiTi components and for unlocking the full potential of additive manufacturing technologies

in advanced engineering applications.
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1.2 Thesis Aim and Objectives

The overall aim of this thesis is to improve the predictability and process control of nickel—
titanium components fabricated using PBF-LB by developing an integrated experimental and
modelling framework that links process parameters, melt pool behaviour, thermal history, and
residual stress development.

To achieve this aim, the research focuses on both experimental investigations and physics-
informed modelling approaches for understanding key process phenomena in PBF-LB NiTi.
The specific objectives of this thesis are:

e To investigate the influence of PBF-LB process parameters on melt pool geometry in
NiTi through single-track experimental studies and evaluate the predictive capability of
commonly used analytical melt pool models for NiTi and identify their limitations when
applied to this material system.

e Todevelop a physics-informed digital twin framework combining high-fidelity thermal
finite element modelling and machine learning-based surrogate models for melt pool
prediction and process optimization.

e To experimentally characterize residual stress distributions in PBF-LB manufactured
NiTi using multi-modal measurement techniques and correlate these stresses with
process conditions and thermal history.

e To develop a thermo-mechanical modelling framework for predicting residual stress
and distortion in PBF-LB fabricated NiTi components.

Through these objectives, the thesis aims to advance the understanding of process—structure—
property relationships in additively manufactured NiTi and provide practical tools for

improving process optimization and component reliability.
1.3 Thesis Structure

This thesis is structured into seven chapters, each addressing a specific aspect of modelling and
characterization of NiTi fabricated using PBF-LB.

The thesis is presented as a compilation of published research papers and submitted
manuscripts containing original contributions. The contribution of the candidate to the

publications are as following Table 1.1:
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Table 1.1 Chapter wise publication details and the candidate contributions.

Candidate
Chapter Publication Title Status
contribution
First author,
Corresponding
author,
Published, Conceptualization,
Review of the Laser Powder Bed Materials Visualization,
2 Fusion of Nitinol - Defect Formation Today Methodology,
and Prediction Advances, Investigation, Writing
2026 — original  draft,
Formal analysis,
Writing — review &
editing.
First author,
Corresponding
author,
Conceptualization,
Published,
Methodology,
Investigating Melt Pool Dimensions Advanced
S Software, Data
3 in Laser Powder Bed Fusion of Engineering ) .
) curation, Writing -
Nitinol - An Analytical Approach Materials,
original draft,
2024 o
Visualization,
Investigation, Formal
analysis, Writing —
review & editing.
First author,
) Corresponding
Physics-Guided Digital Twin Review
author,
Framework for Melt Pool Completed,
4 _ Conceptualization,
Prediction and Process Stability in Materials,
Methodology,
Laser Powder Bed Fusion of Nitinol 2026
Software, Data

curation, Writing —
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original draft,
Visualization,

Investigation, Formal
analysis, Writing -

review & editing.

First author,
Corresponding
author,
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Published,
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Npj Advanced ) o
Additively Manufactured Nitinol . curation, Writing —
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Shape Memory Alloy original draft,
2025 o
Visualization,
Investigation, Formal
analysis, Writing —
review & editing.
First author,
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Completed, = Methodology,
Residual .
Journal of Software, Writing —
Stress Estimation in Laser Powder ) o
Materials original draft,
Bed Fusion of Nickel-
Research and  Visualization,

Titanium Shape Memory Alloy

Technology,
2026

Investigation, Formal
analysis, Writing —

review & editing.

optimization.
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Chapter 1 introduces the background and motivation for the research, outlines the key
challenges associated with PBF-LB of NiTi, and defines the aims and objectives of the thesis.
Chapter 2 presents a comprehensive literature review of the PBF-LB process of NiTi and
current modelling approaches used to study PBF-LB processes. The chapter examines existing
work on melt pool modelling, thermal simulations, microstructure prediction, defect formation,

residual stress development, and emerging machine learning techniques used for process



Chapter 3 investigates the predictive capability of analytical melt pool models for NiTi
fabricated using PBF-LB. Experimental single-track studies are performed to quantify the
effects of laser power and scanning speed on melt pool geometry. The performance of
commonly used analytical models, including the Rosenthal, Eagar—Tsai, and Gladush—Smurov
models, is evaluated and compared with experimental results.

Chapter 4 presents the development of a physics-informed digital twin framework for melt
pool prediction and process optimization in PBF-LB NiTi. A high-fidelity thermal finite
element model calibrated using experimental measurements and CALPHAD-derived material
properties is used to generate simulation data. A machine learning-based surrogate model is
then trained to rapidly predict melt pool geometry and identify stable processing regimes.
Chapter 5 presents a comprehensive experimental investigation of residual stress in PBF-LB
produced NiTi using a multi-modal characterization approach combining Electronic Speckle
Pattern Interferometry—Hole Drilling and X-ray Diffraction. The results are correlated with in-
situ thermal measurements and process parameters to provide new insights into residual stress
evolution.

Chapter 6 focuses on residual stress estimation in PBF-LB fabricated NiTi components. A
thermo-mechanical finite element modelling framework coupled with CALPHAD-based
material data is developed to estimate residual stresses and distortion based on experimentally
measured cantilever beam deflections.

Chapter 7 summarizes the key findings of the thesis and outlines recommendations for future
research directions aimed at improving predictive modelling and process control in additive

manufacturing of NiTi.

1.4 Research Workflow and Thesis Framework

The overall structure of the research conducted in this thesis is illustrated in Figure 1.1. The
work progresses from fundamental understanding of melt pool physics to the development of

predictive modelling tools and experimental validation of residual stress behaviour.
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Laser Powder Bed Fusion of NiTi

Melt Pool Behaviour Residual Stress
Investigation Investigation

Experimental Single Track Study Cantilever Beam Experiments
{Laser Power, Scan Speed) + In-situ Thermal Monitoring

Analytical Model Evaluation :
{Eagar-Tsai, Rosenthal, Gladush-Smurov) Phase Analysis (XRD)
High-Fidelity Thermal FEM Model . .
(CALPHAD material properties) Thermo-mechanical FEM Model
Machine Learning Surrogate Model Residual Stress
(Random Forest) Prediction

Digital Twin Framework Multi-modal Stress Measurement
(Process optimisation engine) (XRD + ESPI-Hole Drilling)

Integrated Process Understanding

Improved Process Optimisation for
Additively Manufactured NiTi
Components

Figure 1.1 Conceptual overview of the research framework and connectivity between the
different components of this thesis.

The workflow highlights how experimental investigation, physics-based modelling, and data-
driven methods are integrated to develop improved predictive capability for PBF-LB NiTi
processing. Melt pool modelling provides the foundation for understanding thermal behaviour,
while residual stress modelling and experimental validation extend the analysis to component-

level performance.
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1.5 Scope and Limitations of the Research

The research presented in this thesis focuses on improving the understanding and predictive
capability of PBF-LB processing of NiTi alloys through an integrated modelling and
experimental approach. The scope of the work is centred on investigating key process
phenomena that influence part quality and structural integrity, specifically melt pool behaviour
and residual stress development. While the research provides important insights into melt pool
behaviour and residual stress evolution in PBF-LB NiTi, several limitations should be

acknowledged.

First, the melt pool investigations were primarily conducted using single-track experiments
rather than full multilayer builds. Although single-track studies provide valuable fundamental
understanding, additional complexities may arise during multi-layer fabrication due to heat
accumulation and evolving thermal boundary conditions. Second, the digital twin framework
developed in this thesis focuses on predicting melt pool geometry and identifying stable process
regimes. Although the framework is designed to be extensible, predictions of additional process
outcomes such as porosity distribution, surface roughness, and microstructural evolution were
not fully implemented within the scope of this work. Third, although multi-modal experimental
techniques were employed to characterize residual stress distributions, practical constraints
associated with the time-intensive nature of these measurements limited the size of the
experimental dataset. Expanding the dataset and exploring a wider parameter space would
further improve statistical confidence in the observed trends. Finally, the thermo-mechanical
modelling framework estimates effective residual stresses using calibrated material properties
due to the limited availability of reliable temperature-dependent mechanical property data for
additively manufactured NiTi. Future work incorporating more comprehensive material

property datasets may further improve predictive accuracy.

Despite these limitations, the research presented in this thesis provides significant advances in
the predictive modelling and experimental understanding of PBF-LB NiTi processing. The
methodologies developed form a strong foundation for future work aimed at achieving fully

predictive, intelligent additive manufacturing systems for shape memory alloys.
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Abstract

This review synthesizes current modelling efforts aimed at predicting key process—structure—
property relationships in PBF-LB NiTi, including melt pool geometry and stability, thermal
history, microstructural evolution, defect formation, residual stress development, and
functional outcomes such as phase transformation temperatures. Both physics-based and data-
driven modelling approaches are examined. Thermal and melt pool simulations, multi-physics
finite element models, and microstructural prediction frameworks provide mechanistic insight
into process—material interactions, while machine learning, surrogate, and hybrid models
enable rapid parameter optimization and defect prediction. A central NiTi-specific insight
emerging from the literature is that accurate prediction of local thermal history and composition
evolution is critical for controlling phase transformation behaviour and thus functional
performance. Physics-informed machine learning frameworks are highlighted as promising
strategies to combine mechanistic fidelity with computational efficiency, supporting more

reliable process optimization and functional property control in PBF-LB NiTi.
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2.1 Literature Search and Selection Methodology

To ensure a comprehensive and representative overview of modelling, defect formation, and
prediction strategies for NiTi fabricated via laser powder bed fusion (PBF-LB), a structured
literature survey was conducted. Peer-reviewed publications were identified primarily through
the Scopus, Web of Science, and Google Scholar databases. The search focused on articles
published between 2000 and 2025, corresponding to the period in which research on additive
manufacturing of NiTi and modelling of powder bed fusion processes has significantly
expanded.

Search queries were constructed using combinations of relevant keywords, including “NiTi”,
“Nitinol”, “shape memory alloy”, “laser powder bed fusion”, “LPBF”, “selective laser
melting”, “microstructure modelling”, “process simulation”, “defect prediction”, “residual
stress modelling”, and “machine learning in additive manufacturing”. Boolean operators were
used to refine the search (e.g., “NiTi AND LPBF AND modelling”).

The initial database search produced a large set of candidate publications, which were screened
based on title and abstract relevance. Studies focusing on PBF-LB processing of NiTi,
modelling of process—structure—property relationships, defect formation mechanisms, and
predictive computational approaches were retained. Publications unrelated to additive
manufacturing, or focusing exclusively on conventional NiTi processing routes without
relevance to modelling or LPBF, were excluded unless they provided fundamental modelling
frameworks transferable to additive manufacturing. Additional relevant sources were identified
through backward citation tracking of key review and experimental papers.

The overall literature screening and selection process is summarized in Figure 2.1, while Table
2.1 provides a concise overview of the literature search strategy and inclusion criteria applied

in this review.
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Identification

Records identified through database search
(Scopus, Web of Science, Google Scholar)
n = 450

Screening

Records screened by title and abstract
n < 450

Records excluded
(non-NiTi, non-LPBF, unrelated AM topics)
n =200

4

Eligibility

Full-text articles assessed
n =250

Articles excluded after full review
(methodologically irrelevant, duplicate scope)
n =25

Included

Studies included in qualitative review
n =225

Figure 2.1 Literature search and screening process used for this review.
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Table 2.1 Literature searching criteria used for this review.

LITERATURE
SEARCHING
RELATED SPECIFICATION
CRITERIA
LANGUAGE English
PUBLICATION 2000-2025 (primary focus on 2010-2025 PBF-LB-related studies)
PERIOD
DATE OF SEARCH | January 2026
Scopus, Web of Science, Google Scholar. Major publishers included
BIBLIOGRAPHY
Elsevier, Springer Nature, Wiley, Taylor & Francis, MDPI, 1OP
SOURCES
Publishing, Nature, and ASM International.
“NiTi”, “Nitinol”, “shape memory alloy”, “laser powder bed fusion”,
SEARCH “PBF-LB”, “LPBF”, “selective laser melting”, “additive manufacturing”,
KEYWORDS “microstructure modelling”, “defect prediction”, “residual stress
modelling”, “machine learning in additive manufacturing”.
Studies focusing on NiTi or shape memory alloys processed by PBF-LB
or related additive manufacturing methods; modelling approaches
INCLUSION ) ) o
(thermal, microstructural, residual stress, or defect prediction);
CRITERIA ) o _ ) _
experimental validation of modelling results; and machine learning or
data-driven predictive approaches relevant to PBF-LB processes.
Articles unrelated to additive manufacturing or not addressing
EXCLUSION . o . o ) )
modelling/prediction aspects; non-English publications; studies lacking
CRITERIA o
full text access; and publications after January 2026.
Peer-reviewed journal articles, review papers, conference proceedings,
PUBLICATION . _
TYPE and selected book chapters relevant to additive manufacturing of shape
memory alloys.
Additive manufacturing of NiTi shape memory alloys, PBF-LB
processing parameters, defect formation mechanisms, modelling of
SCOPE thermal and microstructural evolution, residual stress prediction, and

emerging machine learning approaches for process optimization and

defect prediction.
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2.2 Functional properties of NiTi

NiTi shape memory alloys exhibit functional behaviour governed by reversible martensitic
phase transformation between the high-temperature cubic B2 austenite phase and the low-
temperature monoclinic B19" martensite phase. This transformation can be thermally or stress
induced and is characterized by four transformation temperatures: martensite start (Ms),
martensite finish (Mf), austenite start (As), and austenite finish (Af), shown in Figure 2.2.
These temperatures define the operational windows for shape memory and superelastic

behaviour, and are highly sensitive to composition, thermal history, and microstructure [13,28].
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Figure 2.2 Crystal structures of martensite (B19’) and austenite (B2) phases of NiTi and the

effect of stress and temperature changes on phase transformations, adapted from [29].

For PBF-LB NiTi, this sensitivity is particularly important because small variations in
processing conditions can alter local composition and cooling rates, leading to spatial
variability in transformation temperatures and functional response. Nickel content plays a
dominant role [30]; even minor Ni loss during laser processing can significantly increase
transformation temperatures and shift the balance between superelastic and shape memory

behaviour as shown in Figure 2.3 (a-b).
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Figure 2.3 Schematics of the effect of nickel content on (a) NiTi martensite start temperature

and (b) NiTi austenite finish temperature, adapted from [31,32].

Microstructural features generated during PBF-LB, including grain size, texture, porosity, and
dislocation density, further influence transformation kinetics and functional stability [33,34].
Fine microstructures and heterogeneous phase distributions can promote localized
transformation behaviour, while high defect densities and residual stresses may increase
hysteresis and degrade cyclic performance [35-38]. Consequently, predictive modelling of
thermal history, composition evolution, and defect formation is essential for understanding and

controlling functional performance in additively manufactured NiTi.

2.3 Applications of NiTi

The exceptional functional properties of NiTi have driven its adoption in high-performance
fields, including aerospace, biomedical engineering, and a range of general engineering
applications. Its excellent biocompatibility and corrosion resistance make it particularly
suitable for long-term implantation in the human body, while its low toxicity and favourable
osseointegration enable safe use in medical devices without eliciting adverse biological
responses. Compared with commonly used biomedical alloys such as nickel-chromium,
cobalt—chromium, and o—f titanium alloys, NiTi exhibits superior mechanical performance,
including enhanced durability, malleability, and flexibility [39]. However, fully exploiting
these properties often exceeds the capabilities of conventional manufacturing routes such as
machining and casting. Advanced biomedical devices require complex, miniaturized, and

patient-specific geometries; aerospace applications demand lightweight and functionally
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integrated structures; and emerging technologies, such as elastocaloric cooling, benefit from
high—surface-area architectures. Figure 2.4 presents an overview of a number of these
applications of NiTi. These requirements present significant manufacturing challenges. In this
context, PBF-LB has emerged as a transformative technology, enabling the direct fabrication
of intricate and customized NiTi components with tailored microstructures. This section
reviews the principal application areas of NiTi, emphasizing the design requirements and
manufacturing limitations that motivate the adoption of PBF-LB and impose stringent quality

demands on the process.
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Figure 2.4 Applications of NiTi SMAs in various fields [40].

2.3.1 Biomedical Applications: From Shape Memory to Superelastic

Dominance

NiTi’s widespread use as a biomaterial is rooted in its outstanding biocompatibility, corrosion
resistance, and low toxicity. Its two hallmark functional properties; the shape memory effect
(SME) and superelasticity (SE) as discussed earlier, have been exploited, driving an evolution
in medical device design. Early biomedical implants primarily relied on the one-way SME, in

which a device plastically deformed in the martensitic state recovers a predefined shape upon
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heating to body temperature as it transforms to austenite. This mechanism underpinned first-
generation devices such as the Simon vena cava filter, used to prevent pulmonary embolism in
patients unable to tolerate anticoagulants, and early self-expanding stents designed to maintain
arterial patency [41,42].

Contemporary implant designs increasingly favour superelasticity, wherein the alloy is fully
austenitic at body temperature and undergoes stress-induced martensitic transformation to
accommodate large, fully reversible strains. A representative example is the deployment of
superelastic NiTi stents, which are radially compressed into a catheter for minimally invasive
delivery to the target site. Upon release, the stent recovers its original geometry through
superelastic unloading, exerting a sustained outward force to reopen obstructed blood vessels,
as illustrated in Figure 2.5. This transition from SME-dominated to SE-dominated designs
offers substantial advantages, including simplified deployment, improved reliability, and
continuous physiological loading. Moreover, superelastic NiT1 implants can flex with natural
body movements without accumulating permanent deformation, thereby maintaining long-
term functional and structural integrity [43,44].
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Figure 2.5 NiTi self-expanding stent (a) deployment method [44] and (b) working principle
showing unclogging and expanding of the arteries [45]. Superelastic staples (c) deployment
method [46] and (d) intra-operative radiograph demonstrating the fusion of tarsometatarsal

joints [47].

Beyond vascular applications, NiTi is widely used in orthopaedic implants. Devices such as

compression staples (Figure 2.5) are employed to stabilise fractured bones. Shape memory
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NiTi staples are implanted in an open configuration and subsequently close to apply
compressive forces across the fracture site upon heating, either by body temperature or an
external heat source [48]. However, pseudoelastic (superelastic) staples are now generally
preferred. Shape memory staples activated by external heating require additional equipment,
while body-temperature-activated designs exhibit relatively low stiffness. In contrast,
superelastic staples are fully austenitic at room temperature and require no activation; they are
inserted in an expanded state and generate sustained compressive forces upon release through
superelastic recovery [47,49]. In parallel, NiTi is increasingly favoured over stainless steel in
magnetic resonance imaging (MRI) environments due to its lower magnetic susceptibility,
which reduces imaging artefacts [50]. It is also widely used in orthodontics for dental wires
and braces, where its superelastic response enables continuous, gentle force delivery for tooth
alignment. Additional biomedical applications include artificial organs, birth control devices,
and treatments for erectile dysfunction [51-53].

Consequently, additive manufacturing, particularly PBF-LB, has emerged as a key enabling
technology for NiTi biomedical devices by enabling the fabrication of patient-specific
implants, porous architectures that promote osseointegration, and geometrically complex
devices that cannot be produced using conventional manufacturing routes. However, realizing
these benefits requires precise control of PBF-LB process parameters and defect formation, as
porosity, compositional variation, and surface roughness can significantly influence the

transformation behaviour and long-term reliability of NiTi implants.
2.3.2 Aerospace, Automotive, and High-Performance Engineering

NiTi’s unique functional properties make it particularly attractive for demanding aerospace,
automotive, and high-performance engineering applications, where components are subjected
to dynamic loading, stringent weight constraints, and limited installation space. NiTi-based
shape memory alloys (SMAs) are used in a wide range of functions, including actuators,
manipulators, vibration dampers, release mechanisms, and structural connectors. Compared
with conventional electromagnetic actuators, SMA-based systems offer several advantages,
such as reduced weight and volume, mechanical simplicity, and lower system-level cost [64].
A well-established example in the automotive sector is the SMA-driven anti-glare rear-view
mirror (EAGLE mirror), which adapts to changing light conditions [65]. In aerospace systems,

NiTi actuators have been implemented in landing gear components, door mechanisms, and
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adaptive structures, while SMA-based sensors are employed to monitor temperature and

pressure variations during flight.

One of the most prominent aerospace demonstrations of SMA technology is Boeing’s Variable
Geometry Chevron, shown in Figure 2.6 (a). This system was developed to reduce jet engine
noise without compromising performance at cruise altitude. SMA beams embedded within the
chevrons along the exhaust nozzle trailing edge were thermally activated to induce controlled
bending, resulting in effective noise reduction during take-off and landing [66,67]. The success
of this application validated the reliability of SMAs in harsh aerospaace environments and
stimulated further research into adaptive and morphing structures. In particular, the use of NiTi
in aircraft wing morphing has attracted significant attention due to its potential to reduce power
consumption, improve aerodynamic efficiency, and increase flight speed. Notable research
initiatives include the Smart Aircraft and Marine Propulsion System Demonstration

(SAMPSON) and DARPA’s Smart Wing Program [67,68].

Airfoil flaps represent a critical element of wing morphing systems and have traditionally relied
on hydraulic or pneumatic actuation, which is complex, heavy, and maintenance intensive.
NiTi-based actuators provide a promising alternative, enabling lighter, simpler, and more
reliable mechanisms with precise control over flap motion. Chellangi et al. [66] demonstrated
the use of thermally actuated NiTi springs for aerofoil control, as illustrated in Figure 2.6 (b).
By connecting multiple springs with different transformation temperatures in series, a
progressive and finely controlled change in aerofoil angle was achieved. This approach

highlights the versatility of NiTi actuators across aerospace and automotive domains.

38



(b)

Figure 2.6 (a) Variable geometry chevron of Boeing aircraft [67], (b) CAD model showing
the cross-section of the wing along with the aerofoil at 35° inclination using NiTi springs

[66].

In this context, PBF-LB processing presents a promising manufacturing route for NiTi
components in aerospace and automotive systems, enabling the fabrication of lightweight,
monolithic structures with integrated actuation or adaptive functionality. The ability to produce
topologically optimized lattices and compliant mechanisms offers significant advantages for
morphing structures and compact actuation systems, although achieving reliable performance

requires careful control of PBF-LB-induced defects and thermal history.
2.3.3 Elastocaloric Cooling

Beyond mechanical actuation, NiTi exhibits a pronounced elastocaloric effect arising from its
stress-induced thermoelastic martensitic transformation (Figure 2.7 a) [54]. At the initial
temperature T, the unstressed alloy is fully austenitic. Under adiabatic loading beyond the
critical transformation stress, martensite forms and releases latent heat, resulting in an adiabatic
temperature increase AT, (State I). Maintaining the applied stress allows heat to be rejected
to the surroundings, returning the material to T, (State II). Subsequent adiabatic unloading
destabilizes martensite and drives the reverse transformation to austenite, absorbing latent heat
and producing a temperature decrease of AT,,; (State III). Finally, heat absorption from the
environment restores the alloy to Ty, completing the cooling cycle (State I'V) [55,56]. This
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reversible solid-state process positions NiTi as a leading candidate for elastocaloric cooling
systems, offering a potentially more energy-efficient and environmentally sustainable
alternative to vapor-compression refrigeration technologies [56,57].

The cooling performance of elastocaloric NiTi is governed primarily by two factors: (i) fatigue
life, which is strongly limited by defect populations that act as crack initiation sites under cyclic
superelastic loading [58], and (ii) heat-transfer efficiency, which scales with the effective
surface area available for thermal exchange [59]. PBF-LB processing directly addresses the
latter by enabling the fabrication of complex, high-surface-area geometries including porous
lattices, finned architectures, and integrated micro-channel heat exchangers; that maximize
surface-to-volume ratio and promote rapid heat transfer (Figure 2.7 b-f). Reported
elastocaloric responses in PBF-LB NiTi lattice structures include AT,; = 5.31°C at 10 kN for
a NigggTisg, diamond-cell lattice (surpassing gyroid and primitive designs) [59], AT,y =
11.2°C at 40 kN for an as-built Nis;Ti lattice (outperforming a bulk NiTi counterpart that
required 80 kN to reach 12.9°C) [60], and AT,,; = 23.2°C for Nisq ,Ti aged at 723 K for 5 h
[61].
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Figure 2.7 (a) Schematic of an elastocaloric process [54], (b-d) examples of PBF-LB
processed lattice structures for elastocaloric studies, adapted from Kordizadeh et al. [59], and

(e, f) adapted from Nyabadza et al. [60].
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Recent frontier research has further advanced the understanding of thermoelastic effects in
NiTi alloys and their 4D printing applications, particularly in overcoming traditional
performance trade-offs. Additive manufacturing enables precise control of microstructure and
transformation behaviour, allowing the thermoelastic response of NiTi to be engineered at
multiple scales. For example, recent studies have demonstrated that encoded microstructures
in 4D-printed NiTi alloys can overcome the conventional trade-off between cooling capacity
and energy efficiency in elastocaloric refrigeration, highlighting the potential of architected
materials for advanced thermal management systems. In addition, laser beam manipulation in
PBF-LB processing has been shown to enable fine tailoring of elastocaloric properties by
controlling local thermal histories and microstructural evolution, offering new strategies for
optimizing functional performance in NiTi-based smart materials [62,63].

However, elastocaloric cooling also imposes some of the most stringent durability
requirements of any NiTi application, demanding millions of reversible superelastic cycles
without functional degradation. Here, a persistent challenge arises: PBF-LB commonly
introduces process-induced defects such as sub-surface porosity, micro-cracks, and surface
asperities, each of which can serve as preferential stress concentrators that severely
compromise fatigue resistance. As a result, the feasibility of PBF-LB NiTi for elastocaloric
systems hinges on advancing defect prediction, mitigation, and process-stability strategies to
reliably satisfy the required service lifetimes.

Consequently, while PBF-LB enables the fabrication of complex heat-transfer architectures
that significantly enhance elastocaloric performance, the process simultaneously introduces
defects such as porosity and surface irregularities that can degrade fatigue life under cyclic
superelastic loading. Addressing these challenges requires predictive modelling and defect
mitigation strategies to ensure reliable long-term performance of PBF-LB fabricated NiTi

cooling systems.
2.3.4 Industrial and Consumer Applications

In heating and ventilation, SMAs are employed in actuators and valves for precise control of
airflow and temperature. In automation and control, SMA actuators provide compact and
reliable solutions for various systems. The corrosion resistance and mechanical properties of
NiTi make it ideal for use in harsh chemical processing environments. Safety devices, such as
fire sprinkler systems, utilize SMAs to operate based on temperature changes, enhancing

security. In the field of electronics, particularly microelectromechanical systems (MEMS),
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NiTi's properties are harnessed for precise movements and controls [69-71]. Additionally,
SMAs are utilized in household appliances, robotic systems, mobile antennas, eyewear, and
smartwatches due to their reliable actuation and adaptability. This demonstrates their versatility
and efficiency across multiple domains, making them a valuable group of material in various
industries [72,73]. Even in consumer and industrial applications, the drive for miniaturization,
part consolidation, and on-demand manufacturing of niche components makes PBF-LB an

increasingly relevant technology for NiTi.
2.4 Manufacturing of NiTi

Given the relevance of NiTi in multiple application areas, it is therefore essential to understand
how fabrication processes influence its properties. Specifically, the limitations and challenges
associated with conventional processing routes, and how these challenges motivate the

adoption of additive manufacturing techniques.
2.4.1 Challenges in manufacturing NiTi

Several factors influence the performance of NiTi alloys, with composition being the most
critical. Variations in nickel content can significantly affect the transformation temperatures
between martensite and austenite phases. It is also crucial to avoid contaminants such as
oxygen, nitrogen, and carbon, as they impact transformation temperatures, hysteresis loops,
strength, and ductility of the material [74,75].

In addition to composition, the manufacturing process strongly influences NiTi’s
microstructure, affecting lattice defects, grain structure, texture, precipitate formation, and
surface quality. Combined with the alloy’s high reactivity, these sensitivities make machining
and shaping NiTi particularly challenging, which has limited its wider industrial use [76—79].
Conventional methods like casting, metal forming (cold/hot rolling), and powder metallurgy
are often prone to oxidation, cracking, or dimensional inaccuracies. Vacuum Induction Melting
(VIM) and Vacuum Arc Remelting (VAR), although commonly employed, also present
challenges such as extreme reactivity, segregation due to density differences in reacting melts,
and rapid grain growth at high temperatures, which negatively impact fatigue performance
[79,80]. Even with a vacuum atmosphere, impurity pickup, particularly of oxygen and carbon,

remains an issue due to multiple remelting steps required to obtain homogeneous alloys
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[79,81]. Despite their differences, VIM and VAR processes yield similar mechanical and
fatigue properties [80,82].

As-cast NiTi products typically require further processing to improve microstructure, surface
quality, and dimensional accuracy. Post-processing operations include hot and cold working,
machining, surface treatment, joining, and heat treatment. Machining NiTi is particularly
difficult due to its high ductility and tendency to work-harden, making complex geometries
challenging to achieve through conventional methods [83]. Powder metallurgy (PM) can
reduce some issues such as segregation and grain growth by offering more precise control over
chemical composition and limiting the need for extensive machining [84,85]. However,
powder-based methods are still susceptible to impurity pickup during atomization and part
fabrication [78,86], and PM parts often require additional post-processing to achieve full
density (e.g., hot isostatic pressing (HIP)) and satisfactory surface quality.

Beyond composition control, machining difficulty, and impurity sensitivity, conventional NiTi
processing faces other limitations: producing complex geometries generally requires extensive
secondary operations, high-temperature processing causes rapid grain growth that reduces
fatigue performance, and joining or assembling components can locally alter functional
properties. Uncontrolled porosity and residual defects from casting or PM also compromise
mechanical integrity, and traditional approaches provide limited ability to create functionally

graded or engineered microstructures [83].

These cumulative challenges have increasingly motivated the adoption of additive
manufacturing (AM). AM enables layer-by-layer fabrication, allowing near-net-shape
geometries with reduced machining, precise microstructural control, engineered porosity, and
the potential for functionally graded properties. Such capabilities directly address many of the

limitations inherent to conventional NiTi processing.
2.4.2 Manufacturing of NiTi by Laser Powder Bed Fusion (PBF-LB)

AM method can produce fine, homogenous microstructures, which are beneficial for
mechanical performance and consistent shape-memory effects. AM also produces less material
waste compared to subtractive manufacturing methods making it a material-efficient
manufacturing process [87].

PBF-LB is the most widely used AM technique for creating near-net-shaped NiTi components

[79]. It involves selectively melting a thin layer of powdered material spread on a build
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platform using a laser, guided by a computer-aided design (CAD) model. The process uses a
high-purity inert gas such as Argon or Nitrogen atmosphere to minimize oxidation and
contamination from impurities, crucial for maintaining the desired properties of NiTi [88]. The
PBF-LB process is governed by several parameters that have significant impact on the
properties and potential defects of the printed part and therefore require careful control. These
parameters are interrelated through the volumetric energy density (VED), defined as Equation

2.1:

P
VED = — (Eq. 2.1)

where P is the laser power, V is the scanning velocity, t is the layer thickness and h is the hatch
spacing [89]. This term is often used to characterize and analyse the effect of printing
parameters on the final part. However, this approach is noted to be overly simplistic, as each
parameter has a distinct impact which cannot be fully captured by energy density alone [79].
For instance, in the work of Shi et al. [90], it was seen that different laser power and scan speed
combinations with the same energy density resulted in parts with different functional and
mechanical properties.

Despite its advantages, PBF-LB faces several challenges that must be addressed to optimize
component quality and performance. Surface roughness and porosity can be problematic, often
requiring post-processing treatments such as polishing or heat treatment to improve surface
finish and mechanical integrity. Maintaining the correct composition is also challenging due to
potential evaporation of elements like nickel during the high-temperature process, which can
alter transformation temperatures and functional properties [91,92]. Even under highly
controlled atmospheres (e.g., high-purity argon or nitrogen), some oxygen and carbon
contamination is inevitable [93,94]. In addition to these compositional challenges, the rapid
localized heating and cooling inherent to PBF-LB generates steep thermal gradients, which
induce residual stresses that can lead to cracking and further compromise dimensional stability

and mechanical performance. Figure 2.8 shows the PBF-LB process schematic.
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Figure 2.8 A schematic of the PBF-LB process of NiTi [81].
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2.5 Defects in PBF-LB of NiTi

Despite its advantages, PBF-LB has several challenges that can affect the quality and
functionality of the final NiTi product. Defect formation is strongly influenced by the laser—
material interaction, which determines the thermal profile and melt pool behaviour during
fabrication. The commonly observed defects in PBF-LB NiTi such as porosity, balling, keyhole
and lack-of-fusion pores, residual stress, delamination, cracks, surface roughness, and
oxidation [95,96], are all closely related to how energy is delivered to the powder bed and how
the molten material solidifies. Two main melting regimes, conduction mode and keyhole
mode, play a central role in the formation of these defects and schematically illustrated in
Figure 2.9 (a-b) [97]. In conduction mode, heat is primarily transferred through the powder
and solid material, creating a shallow and stable melt pool. While this reduces the risk of
keyhole-induced porosity and excessive evaporation, insufficient energy can lead to lack-of-
fusion defects and incomplete layer bonding, which are linked to residual porosity,
delamination, and surface roughness. In contrast, keyhole mode occurs at higher energy
densities, forming a deep vapor cavity in the melt pool. This can improve interlayer fusion and
reduce lack-of-fusion defects but may induce keyhole porosity, localize compositional
changes, and increase residual stress, all of which can contribute to cracks and distortion. The
transition between these regimes and the resultant defects are directly observable in the cross-
sectional morphologies of single tracks, as shown in Figure 2.9 (c-f), which depict good and

defective tracks.
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Figure 2.9 (a-b) Schematic illustration of defect evolution via conduction and keyhole melting

mode during the PBF-LB processing if NiTi [97]; (c-f) cross-sectional optical micrographs of

single-track, showing good and defective tracks (keyholing, lack of fusion, balling) consequent

of melt pool regimes in PBF-LB. Reproduced from Xue et al. [98]; and (g) schematic depiction

of the geometric feature space governing single-track melt bead morphology in PBF-LB,

adapted from the ANSYS Additive Users Guide (2020).

These single-track features are not isolated phenomena but are intrinsically linked to the

formation of bulk, multi-layer defects. The geometric feature space governing single-track melt

bead morphology, schematically depicted in Figure 2.9 (g), defines the foundational quality of

each deposited layer. Inadequate track geometry, propagates through subsequent layers,
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manifesting as volumetric defects and high surface roughness in the final part. Therefore, the
melt pool behaviour captured in single-track analyses provides a critical predictive link to the

defect states observed in consolidated bulk material.

Because each defect type emerges from specific thermal and fluid-flow conditions tied to these
melting regimes, their occurrence cannot be understood in isolation from the process physics.
Understanding the interplay between conduction and keyhole modes is therefore essential for
controlling defect formation in PBF-LB NiTi. Subsequent sections discuss each defect type in
detail, illustrating the influence of process parameters and melt pool behaviour. To summarize
the relationship between melting regimes, defect formation mechanisms, and potential
mitigation strategies in PBF-LB NiTi, Table 2.2 provides a consolidated overview linking melt

pool behaviour with the most commonly observed pore types and their primary process drivers.

Table 2.2 Relationship between melting regimes, defect types, key drivers, and mitigation

strategies in PBF-LB NiTi.

Melting Regime Typical Defect / Pore Primary Process Mitigation Strategies

Type Drivers

Conduction Mode | Lack-of-fusion pores, Insufficient laser power, Increase energy density,

(Low—Moderate irregular porosity, poor excessive scan speed, optimize hatch spacing and
Energy Density) interlayer bonding large hatch spacing, layer thickness, adjust scan
inadequate overlap speed, ensure sufficient track

between tracks overlap

unstable melt

Transition Regime

Keyhole
(High

Mode
Energy
Density)

Multi-Layer

Accumulation

Balling,

tracks, surface roughness

Keyhole porosity
(spherical pores), gas
entrapment,

compositional change (Ni

evaporation)

Residual stress, cracking,

distortion, delamination

High scan speed, poor
wetting behaviour, melt
pool instability, improper

powder spreading

Excessive laser power,
low scan speed, deep
vapor cavity formation,

recoil pressure effects

Steep thermal gradients,
repeated thermal cycling,

poor melt pool stability
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Adjust scan speed and laser

power Dbalance, optimize

powder layer uniformity,

improve scan strategy

Reduce energy  density,
optimize laser power—scan
speed combination, improve

shielding gas flow

Preheating, optimized scan

strategies, controlled
cooling, parameter
optimization



2.5.1 Porosity (balling, keyholing and lack-of-fusion)

Porosity is a critical defect in additively manufactured NiTi, as it accelerates crack initiation
and propagation and significantly degrades fatigue performance [89]. Depending on
morphology and origin, porosity in PBF-LB—processed NiTi can be broadly classified into
spherical gas-related pores, irregular lack-of-fusion (LOF) pores, and balling-induced porosity
(Figure 2.10). The prevalence of each porosity type reflects the stability of melt-pool
formation, powder consolidation behaviour, and local thermophysical conditions during

processing.

Gas porosity and keyhole-related pores: Gas pores in PBF-LB—processing primarily originates
from the entrapment of ambient gas within the powder bed, where the molten pool solidifies
before gas bubbles can escape. Gas pores are also described as spherical porosity, given that
the aspect ratio is approximately equal to 1 (Figure 2.10 a), It is observed in both pre-alloyed
and in-situ alloyed NiTi feedstocks. In the latter case, its formation is further exacerbated by
elemental powder segregation between Ni and Ti particles, which promotes local compositional

inhomogeneities, incomplete melting, and gas retention, as demonstrated by Bourke et al. [99].

Mitigation of spherical porosity therefore depends on the careful selection of processing
parameters that promote stable melt-pool behaviour, epitaxial solidification, and continuous
inter-track bonding. For in-situ alloyed NiTi, additional process-specific considerations include
the positioning of samples relative to the re-coater sweep direction and matching the particle
size distributions of elemental Ni and Ti powders to minimise segregation [99]. Stable porosity-
minimising conditions are generally achieved under conduction-dominated melting, where
melt pools remain shallow and thermally driven. This regime is characterised by a melt-pool
depth-to-width ratio not exceeding 0.5 in PBF-LB processed NiTi, as illustrated in Figure 2.9
(a) and expressed as [95,96,100,101]:

meltpool depth _ o (Eq.2.2)

meltpool width —
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Figure 2.10 Examples of porosity-type defects; (a) keyhole pores, (b) balling, and (c) lack of

fusion defects. Adapted from [102,103].

Although a depth-to-width ratio of 0.5 is widely accepted for NiTi, alternative thresholds have
been reported for other alloys (e.g. 0.8 for IN718), highlighting that conduction-mode criteria
are material dependent [104]. Within this stable regime, Yang et al. [105] showed that
increasing laser power while reducing scan speed enhances interlayer bonding by increasing
melt-pool size and energy input. In contrast, Li et al. [96] reported that hatch spacing has a

limited influence on pore formation provided sufficient track overlap is maintained. Note that
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geometrically, the keyhole regime is associated with melt pools exhibiting depth-to-width

ratios greater than 0.5 and expressed as:

meltpooldepth _ ¢ (Eq. 2.3)

meltpool width
At higher energy inputs, spherical porosity becomes increasingly associated with keyhole
instability. Haberland et al. [94] reported that volumetric energy densities exceeding
approximately 74 J/mm?* during PBF-LB processing of NiTi promote pore formation due to the
onset of keyholing. In this regime, excessive energy input generates a deep, vapor-driven cavity
that is susceptible to collapse, leading to the entrapment of gas bubbles or metal vapour within
the solidifying melt pool [106,107]. These keyhole-induced pores are therefore mechanistically
distinct from gas pores formed under conduction-mode conditions and are characteristic of

unstable vapor—cavity dynamics.

Additional sources of spherical porosity include excessive laser power or scan velocity, which
can induce metal vaporisation, recoil pressure, and the ejection of vapor jets and hot spatters
[108]. Process interventions such as laser re-melting can reduce balling and improve
microstructural uniformity, albeit at the cost of increased build time. Base-plate preheating can
also improve melt flowability and reduce balling, although excessive preheating may promote
droplet spatter formation and clusters of partially melted particles [109,110]. Atmospheric
control is likewise critical: oxygen trapped between deposited layers can expand under laser
heating and form large pores, with Li et al. [96] showing that oxygen levels below 0.1% are
necessary to effectively mitigate balling and gas-related porosity in PBF-LB of NiTi.

Balling: Balling is a prominent defect in PBF-LB processing that produces irregular pore
morphologies and severely degrades surface quality in NiTi components (Figure 2.10 b). It
arises primarily from Plateau—Rayleigh capillary instability, whereby an elongated liquid
filament breaks into droplets to minimise surface energy [111]. This instability is strongly
influenced by thermal gradients and Marangoni convection, which drive liquid metal from
regions of lower surface tension (hotter zones) toward regions of higher surface tension,
particularly near the melt-pool boundary with surrounding unmelted powder [112]. The
combined action of capillary breakup and thermocapillary flow destabilises melt tracks, leading
to droplet formation, poor track continuity, and, in severe cases, re-coater interference

(scraping) and build failure [113].
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Geometrically, balling is associated with an excessive melt-pool length-to-width ratio. Xue et
al. [98] identified a critical value of 2 beyond which the PBF-LB processed single-tracks

becomes unstable:

meltpool length - (Eq. 2.4)

meltpool width
Although often linked to high laser power and high scan speed, balling can also occur under
insufficient energy input, where poor wetting and reduced melt-pool cohesion lead to
discontinuous, bead-like tracks [103]. Surface contamination of either the powder or substrate
may further aggravate balling by inhibiting wetting at the melt—solid interface [114]. Within
the conduction—keyhole framework, balling reflects melt-pool instability predominantly within
the low-to-moderate energy-density regime, where melt pools are elongated or under-driven
rather than vapor-dominated.
Lack-of-fusion porosity: Lack-of-fusion porosity (Figure 10 c) is another defect mechanism
associated primarily with insufficient energy input, where the supplied laser energy is
inadequate to fully melt and consolidate the powder bed. LOF pores are typically irregular in
shape, sharp-edged, and form at inter-track or inter-layer boundaries due to incomplete overlap
and insufficient remelting of underlying layers [115]. The aspect ratio of LOF is typically far
greater than 1. Xue et al. [98] defined the LOF regime of single-tracks geometrically using the

melt-pool depth-to-layer-thickness ratio:

meltpool depth (Eq.2.5)

layer thickness
Prevention of LOF in the bulk, multi-layer component requires the melt-pool width to exceed
the hatch spacing and the melt-pool depth to surpass the layer thickness, ensuring adequate
inter-track bonding and partial remelting of one to two underlying layers. Overlap (OL) defines
the ratio of melt-pool width to hatch spacing, and Walker et al. [116], recommended of OL
greater than 36% resulted in PBF-LB processed NiTi (Ni-50.09 at. %). Laser power and scan
speed exert strong control over these conditions: higher power and lower scan speed enlarge
melt-pool dimensions, whereas low power or excessively high scan speeds reduce penetration
depth and promote discontinuous tracks.
While insufficient energy input primarily promotes LOF porosity by limiting melt-pool
penetration and overlap, variations in scan speed also influence track morphology and
microstructural evolution by modifying melt-pool size, thermal gradients, and cooling rates.
These changes can produce unimodal, bimodal, or multimodal grain structures in PBF-LB—
processed NiTi [117]. At very low scan speeds (high energy input), the melt pool becomes

larger and more persistent (keyhole mode molten pool), which can increase porosity and
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elemental evaporation, whereas intermediate scan speeds often yield more stable columnar or
cellular microstructures with lower defect content in PBF-LB processed NiTi [118]. As energy
density increases and conduction-mode melting becomes more stable, the frequency of LOF
defects generally diminishes.

Process window considerations and porosity mitigation strategies: Across both pre-alloyed
and in-situ alloyed NiTi feedstocks, achieving high relative density generally requires
intermediate energy-input regimes [99,119]. Energy densities that are too low promote lack-
of-fusion and balling-related porosity, whereas excessive energy input destabilises the melt
pool and favours keyhole-induced pore formation. Despite this qualitative consensus, the
literature reports no single optimal energy density for NiTi, owing to the strong dependence of

laser—powder interaction, absorptivity, and melting behaviour on alloy composition.

This composition sensitivity is evident in predictive process maps for NiTi alloys constructed
as functions of laser power and scan speed (i.e., linear energy density, P/V), as shown in Figure
2.11 (a-c). Pronounced shifts in the stable processing window are observed, particularly within
the 50-100 W laser power range at low scan speeds (< 500 mm s™' i.e., 0.5 m s7!), alongside a
systematic narrowing of the defect-free window with increasing Ni content. This trend is
attributed to the higher susceptibility of Ni-rich compositions to brittleness and residual stress
accumulation [120-122]. While such maps are effective for identifying composition-specific
parameter windows that yield dense parts within a given hatch-spacing range, they also reveal
a fundamental limitation: neither linear nor volumetric energy density alone reliably predicts
printability. Identical nominal energy densities achieved through different parameter
combinations often produce substantially different melt-pool geometries, defect populations,
and final part densities. Comparable shortcomings of energy-density-based metrics have been
widely reported for other PBF-LB-processed metallic alloys [9,123—-126], underscoring the

need for physically grounded, multi-parameter descriptors of process stability.
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Figure 2.11 Processing maps showing the relationship between laser power (P) and scan speed
(V) for three Ni-rich NiTi powder compositions: (a) Nigg1Tizgq, (b) NigggiTizg o, and (c)
Nisq ,Tiggg. Adapted from [98,122]. The maps delineate composition-specific good (i.e.,
stable) conduction-mode processing windows from regimes prone to lack-of-fusion at low P/V
energy input and keyhole-induced porosity at excessive P/V energy density. The superimposed
contour lines indicate the maximum hatch spacing permissible for each parameter combination,

beyond which lack-of-fusion (LOF) defects are anticipated.
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While porosity is often treated as a defect that reduces mechanical performance, recent studies
suggest that the distribution, morphology, and size of pores can significantly influence the
phase transformation mechanisms governing superelasticity. In particular, pores can introduce
localized stress concentrations that alter the stress-induced martensitic transformation pathway.
For example, atomistic and experimental studies have shown that the presence of pores can
modify the transformation sequence from the conventional B2 — B19' transition to a two-step
transformation (B2 — B19 — B19’) near pore surfaces, which may affect the stress—strain

response and recovery behaviour of NiTi alloys [127].

Furthermore, controlled pore architectures have been reported to influence the evolution of
martensite variants and transformation kinetics, potentially enhancing energy dissipation and
strain recovery under cyclic loading. This indicates that the mechanical functionality of NiTi
alloys is not solely governed by overall porosity but also by pore distribution and internal
surface characteristics, which can interact with the transformation-induced deformation
mechanisms [128,129]. Consequently, relying solely on porosity or relative density as the
primary metric for process optimization in additive manufacturing may be insufficient. A more
comprehensive evaluation that considers the coupled effects of pore architecture, local stress
fields, and phase transformation behaviour is necessary to better understand and optimize the

superelastic performance of additively manufactured NiTi components.

2.5.2 Residual stress

Residual stress is a significant characteristic in thermal manufacturing processes, particularly
affecting parts produced by the PBF-LB process by leading to various defects and failures
[130]. The high temperature gradients and densification ratio inherent to PBF-LB contribute to
elevated residual stresses. These thermal stresses commonly manifest around the melt pool,
causing surface defects, porosity, and, in severe cases, distortion, shrinkage, cracking, warping,
and delamination from support structures. Consequently, these factors compromise mechanical
properties, fatigue life, part density, and dimensional accuracy of PBF-LB parts [131]. This
issue is particularly critical for NiTi shape memory alloys, as their functional performance
strongly depends on stress-induced martensitic transformations and precise thermo-mechanical
behaviour. Residual stresses introduced during PBF-LB can significantly alter transformation
temperatures, stabilize martensite phases, and modify the superelastic response, thereby

affecting the functional reliability of the material. Furthermore, the repeated rapid heating and
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cooling cycles during layer-by-layer fabrication generate complex residual stress distributions
along the build direction, which may interact with the phase transformation mechanisms of
NiTi and lead to microcracking or distortion of thin structures. Due to the strong coupling
between thermal history, phase transformation, and mechanical behaviour in NiTi alloys,
controlling residual stress is therefore a key challenge in achieving both structural integrity and
functional performance in PBF-LB fabricated NiTi components, motivating ongoing research
on scan strategies, preheating, and process optimization to mitigate stress accumulation
[118,132,133]. Various failures observed in metal additive manufacturing due to residual stress

are depicted in Figure 2.12.

(@)

(©)

Figure 2.12 Failures caused by residual stress in PBF-LB produced parts, (a) cracks [134] (b)
distortion and delamination [135], (¢) Distortion caused by residual stress on PBF-LB

produced components [136].

Mitigation strategies involve adjusting process parameters to minimize thermal gradients,
controlling cooling rates, and using proper design and optimization of support structures, to
minimize distortion and warping during printing of NiTi. In addition, post-processing
techniques such as heat treatment and HIP can also be applied in order to relieve these thermal
residual stresses. Finite element (FE) simulation methods are commonly employed to predict
the distribution and evolution of residual stresses in PBF-LB due to the complexity and
challenges of experimental measurement. Some of the experimental techniques used for
measuring residual stresses are X-ray diffraction (XRD), hole drilling method, contour method,
neutron diffraction, ultrasonic method, and thermoelastic method [137,138]. Rangaswamy et
al. [138] established a non-monotonic relationship between VED, thermal gradient and residual
stresses in PBF-LB printed NiTi, with stresses measured using XRD and the hole drilling
method and in-situ melt pool temperature monitored via infrared pyrometry. Ma et al. [139]

evaluated the residual stresses in PBF-LB NiTi through contour method, prior to and post heat
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treatment and found that the heat treatment reduced the residual stress levels and enhanced the

superelasticity of NiTi.

2.5.3 Delamination and cracks

Stresses generated during the PBF-LB process can lead to defects, such as cracking which
occurs when these stresses surpass the material's ultimate yield strength. The elongated,
nonsymmetric shape of the melt pool also induces uneven thermal gradients and shrinkage
along the melt track, creating local residual stresses. Strategies like reducing the scanned area
per layer through part orientation and shorter scan vectors, such as implementing an island
scanning strategy, have shown promise in reducing these stresses and minimizing cracking as
shown in Figure 2.13 [140]. In typical PBF-LB scan strategies, the outer border or contour
scans define the part boundary and improve surface quality, while hatching refers to the internal
infill scanning used to consolidate the bulk material. Adjusting the energy input between these

zones is commonly used to manage residual stresses and mitigate cracking.

NN NSNS

Figure 2.13 Scanning strategies: (a) total fill, (d) meander (90° raster scanning) and (g)
island. The final appearance of respective surfaces of the produced parts is shown in (b, e, h).
The optical micrographs of the total fill and meander are shown respectively in (c, f)

[134,141].
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The linear energy density (Evr), defined as the ratio of power to scan speed, is a design parameter
that can be used for assessing parameter selection leading to defect-free manufacturing of NiTi
parts via PBF-LB [142]. Cracks are especially problematic when producing superelastic NiTi.
Achieving superelasticity itself with PBF-LB is also challenging, which according to
Dadbakhsh et al. [143] is partly due to the formation of martensite caused by thermal stresses.
Additionally, Lu et al. [144] noted that nickel vaporization during production can increase the
austenite finish temperature, thereby diminishing the superelastic behaviour of the material. As
a result, identifying process parameters that simultaneously enable superelasticity and prevent
cracking is challenging. However, Li et al. [121] reported a narrow processing window
involving high scanning speeds and laser power that successfully produced crack-free,
superelastic parts. Monu et al., [115,145] reported increased susceptibility to liquation cracking
in equiatomic NiTi processed by PBF-LB at high VED (Figure 2.14 a—d). Specifically,
samples fabricated at a VED of 80 J/mm exhibited an average liquation crack length of 61.32 +
4.35pm. Increasing the VED by 100% to 120 J/mm? led to a marked increase in both liquation
crack length and crack density, with an average crack length of 126.39 £+ 135.58um. The
reported maximum longitudinal crack length observed (Figure 2.14 b-c) reached
approximately 515.56 pm.

Delamination defects in PBF-LB of NiTi alloys are strongly influenced by both alloy
composition and processing parameters, which together govern melt pool behavior,
microstructural evolution, and residual stress development. NiTi alloys are highly sensitive to
small variations in composition, particularly the Ni content. During PBF-LB, the extremely
high melt-pool temperatures can cause preferential evaporation of Ni, leading to local
compositional shifts toward Ti-rich regions. This compositional deviation may promote the
formation of brittle Ti-rich intermetallic phases (e.g., Ti2Ni1) and alter transformation behavior,
thereby reducing ductility and increasing susceptibility to cracking or interlayer separation.
Because the phase transformation temperature of NiTi can shift significantly with very small
changes in Ni concentration, even minor compositional fluctuations introduced during
processing can affect thermal stresses and the mechanical response of the material [146,147].
Processing parameters such as laser power, scan speed, hatch spacing, and scan strategy also
play a critical role in the formation of delamination defects. These parameters control the
energy input and thermal gradients during fabrication, which in turn influence melt-pool
stability, solidification rate, and residual stress accumulation. Excessive energy input can

intensify Ni evaporation and increase thermal gradients, while insufficient energy input may
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lead to incomplete melting and weak interlayer bonding. The rapid heating and cooling cycles
characteristic of PBF-LB generate steep thermal gradients and high residual stresses within the
build, which may exceed the local fracture strength and result in cracking or delamination
between layers. Furthermore, scanning strategies that promote uneven heat distribution can
exacerbate residual stress development and distortion, increasing the likelihood of defect
formation [118,132,145]. Therefore, controlling both composition stability and process
parameters is essential for minimizing delamination and achieving dense, defect-free NiTi

components.

VEDyg; = 80 J/mm? | VEDy = 1203 /mm?

Figure 2.14 SEM micrographs of liquation cracks in PBF-LB processed equi-atomic NiTi at
(a) volumetric energy density (VED) of 80 J/mm? (hatch spacing of 63 pm) (b) VED of 120
J/mm? at hatch spacing of 42 um (c) high-magnification image showing transverse cracks
(approximately perpendicular to the fusion boundaries/scan direction) and longitudinal cracks
along fusion boundaries; and (d) high-magnification image highlighting the intergranular

nature of the liquation cracks. Reproduced from [115].
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2.5.4 Surface roughness

Surface roughness is intrinsic to additively manufactured components due to the layer-wise
nature of the PBF-LB process and is strongly influenced by processing conditions. Although
not typically classified as a defect, surface roughness is a critical quality attribute, particularly
for NiTi, where surface condition directly affects biocompatibility via osteointegration and
nickel ion release [148]. This is especially relevant for biomedical applications, as PBF-LB-
fabricated NiTi generally exhibits poorer surface quality than conventionally processed
material. Beyond the inherent stair-stepping effect, partially melted powder particles adhering
to the surface can detach during service, posing biological risks. Surface roughness also
governs corrosion behaviour and acts as a preferential site for crack initiation, thereby
significantly influencing fatigue life [86,149].

Feedstock characteristics play a central role in determining surface finish. Fine powders with
controlled morphology are preferred, as irregular particles and powder satellites increase
surface roughness and degrade part quality. Powder satellites, in which small particles are
attached to larger ones can increase surface roughness and negatively affect the part quality
[89]. Process-related phenomena including partially melted particles, balling, spatter
formation, and melt pool instability; further exacerbate surface irregularities. While post-
processing techniques such as mechanical, chemical, and electrochemical treatments can
improve surface quality, they increase manufacturing time and cost [150]. Consequently,
optimisation of process and build parameters is often preferred. Processing maps (e.g., Figure
2.11) of NiTi [98], indicate that parameter sets approaching the keyholing boundary and
avoiding balling are more likely to produce smoother surfaces, albeit with an increased risk of
keyhole-induced defects. Layer thickness and laser beam diameter are also influential; Sow et
al. [151] showed that a larger beam diameter combined with lower volumetric energy density

yields smoother surfaces than a smaller beam operating at higher energy density.

The scanning strategy has a significant influence on surface roughness in PBF-LB. The use of
a contour scan with optimized process parameters, together with appropriate part positioning
and orientation relative to the gas flow direction, has been shown to improve surface quality
[140,150]. The contour refers to the laser scan path that defines the outer boundary of each
layer and plays a critical role in controlling edge definition and surface finish. Selective laser
remelting (SLRM), illustrated in Figure 2.15, is an additional strategy employed to further

reduce surface roughness.
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Figure 2.15 Schematic representation of PBF-LB melt pool morphology: (a) regular laser
tracks, and (b) remelted laser tracks [152].

In SLRM, previously consolidated material is reprocessed to smooth surface irregularities and
reduce near-surface porosity. When every layer is remelted, the build time approximately
doubles relative to standard fabrication (Figure 2.15 a and c). To reduce this time penalty, an

alternative strategy involves remelting every second layer (Figure 2.15 b and d), which

increases the total processing time by only ~50% compared with the original build.

Remelting is typically performed using a lower volumetric energy density (VED) than that
applied during initial layer fabrication. Using this alternate-layer SLRM approach, Bayati et al.

[152] achieved an approximately 50% reduction in surface roughness in PBF-LB-processed
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NisogTisg, components, together with improved density, by employing a remelting parameter
set corresponding to at least 50% of the primary VED (83 ] mm™3). Importantly, these
improvements were obtained without significant changes in transformation temperatures. The
enhanced surface quality and densification were attributed to the elimination of irregular
porosity in the upper region of previously deposited layers, thereby improving the overall

quality of the fabricated parts [152,153].

Recent research has focused on several surface polishing techniques, which can be broadly
categorized into mechanical, chemical/electrochemical, and energy-based methods.
Mechanical polishing methods, including abrasive flow machining, vibratory finishing, and
micro-grinding, are widely used to remove loosely bonded particles and reduce macro-scale
roughness. However, these techniques may be limited when processing complex geometries
typical of additively manufactured parts. Consequently, chemical and electrochemical
polishing methods, such as acid etching and electropolishing, have attracted considerable
attention because they can uniformly smooth complex surfaces while also improving corrosion

resistance by forming a stable TiO--rich oxide layer on NiTi surfaces [154—-156].

More recently, advanced polishing approaches such as laser polishing, plasma polishing, and
hybrid finishing techniques have been investigated to further improve surface quality of
additively manufactured NiTi components. Laser polishing utilizes controlled surface
remelting to reduce surface irregularities and significantly decrease roughness without
mechanical contact [157]. Similarly, electrochemical polishing has been widely optimized to
achieve substantial reductions in surface roughness by selectively dissolving surface asperities
under controlled voltage, temperature, and electrolyte conditions [158]. Hybrid processes that
combine mechanical and electrochemical methods are also emerging as effective solutions for
complex geometries and internal channels [159,160]. Overall, these recent advances in
polishing technologies play a critical role in enhancing the surface integrity, functional
performance, and biomedical applicability of NiTi components fabricated by additive

manufacturing.
2.5.5 Oxidation

The atmosphere within the PBF-LB chamber is a critical determinant of oxygen uptake in NiTi
components, as oxidation can occur both on the part surface and on every newly deposited

powder layer. Impurities originate primarily from residual chamber gases, surface oxides or
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carbonates formed during powder gas-atomization, and trace contaminants interacting with the
molten alloy during laser exposure [161]. Given titanium’s high oxygen affinity and the
preferential evaporation of nickel at elevated temperatures, available oxygen or carbon species
promote the formation of secondary phases such as TiaNi2Ox, TiNiOs, TiOz, TiNis, and TiC,
which locally modify alloy composition and functional behaviour [140]. Studies by Xue et al.
[98] and Haberland et al. [94] demonstrated that oxygen and carbon uptake in as-built NiTi
increases with higher PBF-LB process energy densities, though levels in PBF-LB NiTi remain

significantly lower than in as-cast material [162].

Residual oxygen enters the melt pool through two primary feedstock-related pathways: inter-
particle gas entrapped between powder particles, and native surface oxide films on the powder.
The extreme thermal gradients and vigorous melt-pool convection cannot fully expel this
entrapped oxygen before reactive incorporation, making truly oxide-free processing
challenging [12]. Consequently, most oxides formed are Ti-rich, leading to local Ti depletion
and a reduction in phase-transformation temperatures [122,140]. The surface oxidation of near-
equiatomic NiTi follows a sequential, diffusion-controlled mechanism, initiated by the
preferential oxidation of titanium, which forms an outer TiO: layer and creates a Ti-depleted,
Ni-enriched zone beneath. As oxidation continues, Ni enrichment eventually reaches the
solubility limit in the B2 matrix, precipitating an inner TiNis intermetallic layer. Once the TiNis
layer attains a critical thickness which hinders outward Ti diffusion, the oxidation pathway
shifts to the decomposition of TiNis. This leads to the formation of an intermediate composite

layer of TiO2 and Ni (T1) solid solution, as illustrated in Figure 2.16, establishing a dynamic

equilibrium.
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Figure 2.16 Formation of oxide layers in NiTi [163].
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In this steady state, TiNis concurrently forms at its inner interface and decomposes at its outer
interface, maintaining a constant thickness while the composite layer expands inward and
results in a distinct multilayer architecture. These surface oxides are brittle ceramic compounds
that exhibit no martensitic transformation, thus acting as a mechanical constraint to shape
memory deformation and recovery [163]. For example, Xue et al. [122] investigated the effect
of chamber oxygen levels (100 ppm vs. 500 ppm) on Nisi.2Tias.s (at. %) and found that lowering
the oxygen content noticeably enhances functional response. Samples processed at 100 ppm
showed markedly better tensile superelastic behaviour than those fabricated at 500 ppm. At test
temperatures of 25 °C and 35 °C (about 10 °C above the Ar temperature), the low-oxygen
material was able to recover approximately 4 % and 6 % strain, respectively, whereas the

higher-oxygen material exhibited substantially reduced recoverable strain.

The relationship between Ni loss and phase transformation temperature in NiT1 alloys deserves
further clarification. In conventional NiTi metallurgy, a decrease in Ni content typically shifts
the alloy toward a Ti-rich composition, which generally leads to an increase in martensitic
transformation temperatures (Ms, As, and Af). Nevertheless, several studies on additively
manufactured NiTi have reported cases where the transformation temperature decreases despite
a reduction in Ni content. This seemingly contradictory behaviour is often associated with the
complex microstructural evolution occurring during rapid solidification processes such as PBF-
LB. Factors including non-equilibrium solidification, suppression or redistribution of
precipitates (e.g., NiaTis), residual stress accumulation, and local compositional heterogeneity
can significantly influence the effective matrix composition and transformation behaviour. In
addition, oxidation and oxygen incorporation may alter local chemistry and defect structures,
further affecting phase transformation characteristics [14,146,164]. Therefore, the
transformation temperature of additively manufactured NiTi alloys cannot be explained solely
by bulk Ni concentration, and a comprehensive analysis considering microstructure, precipitate
evolution, residual stress level, and processing-induced defects is necessary to fully understand

this phenomenon.

Oxidation behaviour is further influenced by the prevailing melt-pool regime. In conduction
mode, the shallow melt pool incorporates oxygen primarily through surface reactions and the
wetting of surface oxides, with limited transport to deeper zones. In keyhole mode, the deep
vapor cavities, elevated temperatures, and intensified convection enhance the entrapment and

transport of oxygen-bearing species into the melt, promoting oxide inclusion and local
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compositional perturbations. Given these pathways, gettering strategies offer a complementary
approach to reduce oxygen uptake. Getters are materials that preferentially react with oxygen,
scavenging reactive species before they interact with the NiTi melt [165,166]. Relevant
categories include [165] (a) Evaporable getters (e.g., Mg, Ca), which volatilize at high
temperature and bind oxygen in gaseous or liquid phases. (b) Non-evaporable getters (e.g., Al,
Ti, Zr, Y, Si), which react with dissolved or gaseous oxygen to form stable, high—melting point
oxides. (c) Reactive gases (e.g., H2), which remove impurities by forming volatile compounds
with oxygen or other contaminants [167]. Examples from other systems, such as silane-doped
argon in PBF-LB of Ti-6Al1-4V [168] or ZrH: additions in tungsten PBF-LB processing by
NASA [169], demonstrate how in-situ gettering mechanisms can be adapted for PBF-LB
processing of NiTi, particularly under high-energy-density, keyhole-dominated conditions

where oxidation risks are greatest.
2.6 Modelling the PBF-LB process of NiTi

The integration of multi-scale modelling and simulation techniques will enhance the reliability,
efficiency, and performance of NiTi components produced through PBF-LB. Such
computational modelling serves as a potent tool for investigating additive manufacturing
processes. By simulating various design iterations, engineers can evaluate different geometries,
support structures, and build orientations. This iterative process helps in minimizing material
usage, reducing post-processing requirements, and enhances the overall efficiency of the
manufacturing process [4,98,103,122,170]. As several physical phenomena are involved in
additive manufacturing and in particular PBF-LB, various attempts have been made to develop
models to predict different aspects of the process. However, modelling a multifaceted process
like PBF-LB remains challenging, especially for specialized materials such as shape memory
alloys. This is mainly due to the fact that it is made up of several independent sub-processes
occurring at different scales and governed by diverse physical phenomena. A tailored
modelling approach is required in order to capture the real interplay of thermodynamics,
intricate geometries and material behaviour, especially considering the thermomechanical
phase transformation characteristics [15-17,171].

Models play a key role in analysing and optimising the process as well as predicting the
properties of the part. Numerous models in the literature are developed for laser welding and
additive manufacturing. These models can predict important aspects of printed parts such as

microstructure and phase transformations, thermal behaviour, mechanical properties, melt pool
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dimensions, and defect formation [172—174]. These features are intertwined and often need to
be investigated together to gain meaningful insights. There are two main approaches for
modelling the PBF-LB process: physics-based models and data-driven models. Physics-based
models rely on mathematical equations grounded in fundamental physical principles to
illustrate material performance. Although they often require simplifying assumptions, these
models can accurately predict outcomes based on process conditions and provide detailed
insights into the physical mechanisms, upon proper calibration. This allows them to capture
multiscale and multi-physics interactions crucial for materials like SMAs [175-177]. On the
other hand, data-driven modelling relies on empirical data and machine learning (ML)
algorithms for optimizing the process through pattern recognition. These models are
increasingly integrated into PBF-LB workflows to achieve smart part design, automatic support
generation, optimizing part location and build orientation. They can also be utilized for in-situ
monitoring, allowing for adjustment of process parameters to counteract defects occurring
during the processing by analysing historical data [178,179]. Their ability to adapt to the
intricacy and nonlinearity of SMA printing, along with lower computational expenses, makes
them highly favourable. However, the requirement of large and high-quality datasets and the
produced machine learning algorithm can pose challenges in interpreting the underlying
physical significance of their predictions, which is commonly referred to as the “black box™
problem [180,181].

These limitations can be mitigated through hybrid approaches integrating physical knowledge
into machine learning. This can be seen in the recently emerged techniques such as physics-
informed machine learning and physics-informed Bayesian optimization [182—-185]. These
developments aid in reducing the data requirements, enhance prediction accuracy and shorten
the trial-and-error cycle. While these techniques have been effective in predicting phase
transformations and thermomechanical behaviour in SMAs and optimizing AM process
parameters, they have yet to be fully applied to additively manufactured SMAs. The datasets
used for these models range from empirical data, such as micrographs and in situ monitoring
results to numerical modelling and simulation outputs, with finite element analysis (FEA) now

also being a common and valuable source [140,171,186,187].
2.6.1 Thermal modelling

The inherent complexity of thermodynamics in PBF-LB, characterized by highly localized

cooling rates and steep thermal gradients, plays an essential role in determining the final
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properties of printed NiTi components. The interplay between thermal history and shape
memory alloy behaviour makes thermal modelling particularly significant for understanding
and optimizing the PBF-LB process for NiTi [171]. While PBF-LB excels at producing parts
with complex geometries, such intricate designs present challenges as geometrical factors
heavily influence heat distribution, dissipation, and fluid flow dynamics during processing
[188]. For NiTi alloys, accurate thermal modelling is especially critical because the phase
transformation temperatures (martensite-austenite transition), transformation hysteresis, and
resulting shape memory effects are directly governed by the thermal history experienced during
fabrication. Thermal modelling enables tracking of this history, prediction of melt pool
dimensions, and estimation of residual stresses and microstructural evolution [171], all of
which dictate the functional performance of printed NiTi parts.

Accurate thermal property data for NiTi is fundamental to any modelling approach. Specific
properties including material’s density (p), specific heat capacity (c), and thermal conductivity
(k), are obtained either experimentally or, more commonly, via CALPHAD-based
thermodynamic software such as Thermo-Calc, JMatPro, or PyCalphad. For NiTi, particular
attention must be paid to the temperature dependence of these properties, as the alloy undergoes

solid-state phase transformations that alter its thermal behaviour.

2.6.1.1 Physics-based Thermal Modelling for NiTi

Physics-based thermal modelling begins by solving heat transfer equations to simulate
temperature distribution during and after laser exposure [171,187]. The transient heat

conduction equation forms the foundation:

peli=a (k) + (k) +2-(k5) +0 (Eq. 2.6)

The convection and radiation heat transfer equations are expressed respectively in Eq. 2.7 and

Eq. 2.8 [186,189], where t represents the time, T represents the temperature, and Q is the heat
source. Boundary conditions account for convective (Q.) and radiative heat (Q,44) losses:

Qc = h(T = Ty) (Eq. 2.7)

Qraa = €0(T* = Tg) (Eq. 2.8)

where h is the coefficient of thermal convection, T is the surface temperature and T, is the

ambient temperature, € is the material’s emissivity, and ¢ is Stephen Boltzmann’s constant.

While many models simplify by considering only conduction, the accuracy of predictions for

NiTi, particularly regarding melt pool geometry and cooling rates, depends strongly on the heat

source formulation. This is typically modelled as a Gaussian volumetric heat source given in

Eq. 2.9, which provides a spatially distributed energy input resembling the laser beam profile.
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2(4P) exp VZ‘; (Eq. 2.9)

Q=

where A is the absorptivity, P is the laser power, w is the laser spot radius and r is the position

w?

of the laser beam. However, more sophisticated volumetric heat source models have been
developed to better capture the energy distribution in PBF-LB. Table 2.3 summarizes the key
heat source models applicable to NiTi processing, their characteristics, and their relevance for
predicting NiTi-specific features.

The Rosenthal equation offers a simplified analytical solution for a moving point heat source

on a semi-infinite solid [190]:

2a (Eq. 2.10)

where T is the transient temperature in the material, T,, indicates the initial temperature of the

base plate, A is the absorptivity, P the laser power, k is thermal conductivity of the material,

and v is the laser scanning speed. The thermal diffusivity, & defined as a = p%. Consider a
p

typical PBF-LB process in which the laser scanning is performed along the x-axis for a duration
t. The distance from the laser beam along this axis will then be x-V#, which is replaced by j in

Eq. 2.10. The distance r of any point (x, y, z) on the base plate from the laser beam is defined
asr =./j2 +y? + z2. x, y, z are the laser’s spatial coordinates along the three Cartesian axes).

The Eagar-Tsai (ET) improves upon Rosenthal by incorporating a moving Gaussian heat

source [191]:

(st )
B _ tAP(t—t’)_Ee sa(t—-t+2a2 sa(t-t’' ,
r TO - fO npCpVanaa(t—t")+a?) dt (Eq° 2'11)

where t is the total scanning time, t’ represents the instantaneous time, and a is the radius of
the laser beam. All the other variables retain their previous definitions. This time-dependent
formulation better captures the thermal history experienced by NiTi during processing.

Recent advances have focused on volumetric heat sources that account for energy attenuation
through the powder bed. These include the conical, linearly decaying, exponentially decaying,
and double-ellipsoidal models as illustrated in Figure 2.17. While these volumetric heat source
models describe the spatial distribution of laser power within the material volume, they differ
in how heat intensity decays with depth and in the radial or axial directions. These differences
influence their ability to approximate realistic melt pool geometries in PBF-LB processed NiTi

[192].
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Table 2.3 Comparison of heat source models for thermal modelling of PBF-LB NiTi.

Model [Equation] Key Outputs Advantages Limitations NiTi-Specific Relevance
Key Inputs
Rosenthal [190] [Eq. 2.10] Temperature Analytical, Neglects Provides rapid estimation of cooling
P v Ak « distribution, computationally convection/radiation, rates for predicting martensitic
cooling rates efficient assumes steady state transformation, but underestimates
melt pool width and overestimates

melt pool depth in NiTi tracks [170]

Eagar-Tsai [193] [Eq. 2.11] Temperature field, Includes moving Semi-infinite domain, Improved melt pool width

Conical [194,195] [196]

Linearly Decaying (LDM)
[192,197-199]

Exponentially Decaying
(EDM) [180-182]

Double-Ellipsoidal
(Goldak) [176,177,183,184]

FEM (Ansys Additive,
CALPHAD) [189,201] [202]

P vAd aa t

[Eq. 2.12]
P A hw

[Eq. 2.14]
Pwh B, v

[Eq. 2.19]
P Aw 6, v

[Eq. 2.20-2.21]
P A, v, af, ay,

b, c fr fr

Full thermal
propetrties,
geomelry, scan
Strategy

melt pool geometry

Volumetric heat
distribution, melt
pool depth
Heat flux
distribution,
maximum
penetration depth
Depth-dependent
energy absorption,
melt pool
dimensions
Asymmetric melt
pool geometry,
temperature
gradients

Melt pool
dimensions,
porosity, thermal
history, residual
stresses

Gaussian source, time-
dependent

Captures depth-
dependent energy
attenuation
Simple analytical form,
links to process
parameters

Physically grounded
(Beer-Lambert),
computationally

efficient

Captures directional

heat flow,
experimentally
validated for NiTi
[200]
High spatial/temporal
resolution,
multiphysics capability
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constant properties

Requires calibration of cone
height

B is not universally
transferable, requires
recalibration.

Assumes homogeneous
powder optical properties

Neglects fluid convection,
requires extensive
calibration

Computationally expensive,
requires temperature-
dependent property
calibration

prediction with < 10% mean
absolute error; but unreliable for
estimating melt pool depth of NiTi
tracks [170]
Useful for predicting penetration
depth in NiTi single tracks

Applicable for conduction-mode
NiTi processing where keyholing is
avoided

Most physically representative for
NiTi powder systems; & governs
melt depth

Successfully applied to NiTi [200]
with f =0.4; f, =1.6; b=
107®mand ¢ = 400 X 107° m;

captures melt pool asymmetry
critical for track continuity

Industry standard for NiTi process

optimization; predicts
transformation behaviour
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Figure 2.17 Volumetric heat flux distributions with different heat source models (a) conical,
(b) linearly decaying, (c) exponentially decaying, and (d) double ellipsoidal; (¢) Model for

the finite element thermal analysis, and (f) simulated temperature field [195].

While the general heat conduction and analytical models are well-established, a consolidated
description of the volumetric heat source models is lacking, particularly for NiTi, where the
literature remains sparse. Therefore, the following paragraphs provide an extended overview

of these models to establish a coherent foundation and its applicability to NiTi, where available.

The conical volumetric heat source model: The conical volumetric heat source model (Figure
2.17 a) describes laser energy deposition within a three-dimensional conical volume whose
base is located at or near the top surface of the workpiece and whose apex extends into the
material [196]. This formulation explicitly captures the variation of heat input along the build
direction z, while maintaining a Gaussian heat flux distribution in the radial (x—y) plane at each

depth. In this model, the volumetric heat flux is maximal at the top surface (z =0) and
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decreases toward the bottom of the cone (z = h). The radius of the energy deposition region
decreases linearly with depth, while the peak heat flux along the cone axis is maintained
constant. Consequently, the conical heat source can be interpreted as a superposition of
Gaussian heat sources with depth-dependent radii and identical central intensities [196].

To satisfy energy conservation, the volumetric heat flux is normalized such that the integral of
the heat source over the conical volume equals the absorbed laser power AP. The governing

heat flux expression is given as [194,195]:

6AP 2+y )
CI(xyZ) TL’th(z) exp [ w2(z2) ] 0<z<h (Eq. 2.12)

where P is the laser power, A is the effective laser absorptivity, h is the conical heat source
height (maximum penetration depth), z is the depth measured along the build direction. Outside
the domain 0 < z < h, the volumetric heat flux is zero. w is the Gaussian beam radius at the

top surface (z = 0) is defined as:

w(z) =w (1 - %) (Eq. 2.13)

Linearly Decaying Volumetric Heat Source Model (LDM): The LDM assumes that the laser
energy input at the powder surface follows a Gaussian distribution in the radial (x—y) plane,
and that the heat flux attenuates linearly with depth (z) within a prescribed penetration height.
This approach provides a simplified representation of laser attenuation while retaining
analytical tractability and is frequently applied in reduced-order melt pool models where

shallow, smoothly tapered penetration is desired (Figure 2.17 b) [192,197-199].

Zhou et al. [198] and Bayat et al. [199] employed this framework for modelling heat deposition
in laser sintering and PBF-LB processes, respectively. In this formulation, the laser energy
obeys Gaussian decay on the surface and decreases linearly to zero at the maximum
sintered/melting depth (z,,,,). Consequently, the volumetric heat flux reaches a maximum at
the surface (z = 0) and diminishes to zero at the prescribed penetration depth. The LDM

volumetric heat flux distribution is given as [198]:

Qe 3 2 = g exp-2522) (1 - ) (Eq. 2.14)
where P is the laser power, w is the Gaussian beam radius (approximated by the laser spot
radius), and h is the height of the volumetric heat source taken as the maximum penetration
depth (Zpq, = h). This yields a conical energy deposition field with z € [0, h] and qy, 5, ») =
Oatz=h.
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The linear attenuation coefficient S represents the rate at which energy decreases with depth

and is defined as:

=", (Eq. 2.15)
where E; is the incident laser energy at the powder surface. Thus, the available laser energy at
any depth z within the powder bed can be expressed as:

Exyzn =—Bz+E, (Eq. 2.16)
The maximum penetration depth z,,,, follows from a heat-balance criterion in the YOZ plane
at x = 0, derived under a semi-infinite conduction assumption in which beam absorption is
lumped into effective thermal parameters. It accounts for laser dwell time, material thermal

properties, and scan velocity [198]:

1/2
Vzalow 1 } (Eq. 2.17)
t

z = {4atln
max { AT (4at)3/2 iz"'_
w 4

where T, is the melting temperature of the powder, A is the effective thermal conductivity, « is
the effective thermal diffusivity, v is scanning velocity, t is the local dwell time of the laser
traveling at v at each position, and I, is the beam centre intensity at the spot centre. This
expression governs the geometric extent of the heat source and links the decay function directly
to process parameters; however, it is not universally transferable to all alloys, scan strategies,
or thermal boundary conditions without recalibration. The LDM model is appropriate under
conduction-mode conditions where [192,197-199]; (a) phase explosion or evaporation is
negligible, (b) keyholing does not occur (no deep vapor cavity formation), (¢) melt pool depth
remains comparable to the maximum penetration depth, and (d) powder optical properties can

be treated as homogeneous.

Exponentially Decaying Volumetric Heat Source Model (EDM): EDM is derived from Beer—
Lambert optical attenuation, which models exponentially decreasing absorption with depth:
q(z) = qoexp(—az) (Eq. 2.18)
where @ = 1/6 and § is the optical penetration depth. The radial (x—y) heat flux distribution is
modelled as Gaussian, producing a Gaussian—exponential hybrid source that reflects strong
near-surface absorption with rapid decay at depth (Figure 2.17 ¢) [199,203]. This behaviour is
more physically representative of light-metal interaction in powder systems and is widely used
in conduction-mode PBF-LB melt pool simulations [204]. Yin et al., [203] implemented this
model for a laser moving along the +x direction at velocity v, with the volumetric heat flux

expressed as:
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2AP —vt)24y2 |z|
Aix, y, 2z, t) = 25 €XP [—2 %} exp [— %] (Eq. 2.19)

where A denotes the effective laser absorptivity by the powder bed, P is the laser power, w is
the Gaussian beam radius at the point where the peak intensity diminishes to 1/e? of its
maximum value, § is the optical penetration depth (Beer—Lambert attenuation length), v is the

scan velocity, and x — vt defines the local coordinate in the moving laser frame.

This formulation yields a near-surface energy deposition with heat dissipating rapidly beyond
approximately 3§, naturally constraining heat input to the upper melt region. Relative to the
linearly decaying model, 6 is the physically grounded depth-governing parameter (versus the
geometrically imposed h = z,,,5 in the LDM). This model is valid under the same conduction-
mode regime assumptions applied to the LDM framework, specifically, (a) melt pool depth
remains comparable to optical penetration depth (z ~ §), and (b) powder optical response is
approximated as homogeneous; multiple scattering is lumped into A and §. Under these
assumptions, the model provides a closed-form, computationally efficient representation of
heat deposition and is generally more physically grounded than linear decay formulations for

metallic powder systems [199,203].

Double-Ellipsoidal Volumetric Heat Source Model: The double-ellipsoidal heat source model
(Figure 2.17 d), originally proposed by Goldak, represents the moving laser as two three-
dimensional ellipsoidal volumetric heat sources located ahead of and behind the beam
centreline. The front and rear ellipsoids are assigned different characteristic dimensions and
power fractions, allowing the model to capture the inherent asymmetry of experimentally
observed melt pools during laser processing [205].

Within each ellipsoid, the volumetric heat flux follows a Gaussian distribution along the
longitudinal (scan), transverse, and depth directions. This formulation enables independent
control of melt pool length, width, and penetration depth. For a laser scanning along the

positive x-direction at velocity v, the volumetric heat flux is expressed as [194,196,200,205]:

x-vt)? 2 2
6V3 APy exp l—3 <( > ) +y—+z—>l, x < vt,

n3/2agbc af b2 2

q(x,y,z,t) = 5 (Eq. 2.20), (Eq. 2.21)
oviargy o [ g (VD" 52 22 > vt
n3/2a,bc €xp a? i)l ¥7vb

where P is the laser power, v is the laser scan velocity, and A is the effective laser absorptivity.

The parameters frand f, denote the fractions of the absorbed laser power assigned to the front
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and rear ellipsoids, respectively, with the constraint ff + f, = 2. The quantities arand a,.are

the semi-axis coefficients in the scan direction (x-direction) for the front and rear ellipsoids,
respectively, while band care the transverse (y-direction) and depth (z-direction) semi-axis

coefficients.

These geometric and power-distribution parameters are not universal constants and must be
determined experimentally or calibrated empirically for a given material system and process

parameter window. For NiTi alloys, Chernyshikhin et al [200] reported values of fr = 0.4 and
fr = 1.6. Using a Bound Optimization BY Quadratic Approximation (BOBYQA) algorithm,
they further identified optimal shape coefficients of b = 10™® m and ¢ = 400 X 107 m.

The double-ellipsoidal model effectively captures melt pool asymmetry arising from
directional heat flow and laser motion [206]. However, it assumes a prescribed longitudinal
energy distribution and does not explicitly resolve convective heat transport within the melt
pool. As a result, longitudinal heat flow is indirectly represented through the asymmetric
ellipsoidal geometry rather than through coupled fluid flow, which can reduce temperature
gradients and smooth isotherms in planes normal to the scan direction [205]. In essence, heat
conduction is isotropic and melt pool fluid dynamics is neglected. As with the other volumetric
heat source models, the double-ellipsoidal models also assumes that powder bed is

homogeneous, continuous, and flat; evaporation is neglected [200].

2.6.1.2 Data-Driven Approaches for NiTi Thermal Modelling

While physics-based models remain the predominant approach for thermal simulation of PBF-
LB NiTi (Table 2.3), data-driven methods are emerging as computationally efficient
alternatives. These approaches are particularly attractive for NiTi processing due to the wide
parameter space that must be explored to achieve desired transformation temperatures and
mechanical behaviour. However, their application to NiTi remains limited, with most studies

focusing on other alloy systems.

In thermal simulations, boundary conditions are commonly simplified using convective heat
transfer to approximate heat loss mechanisms, helping manage the high computational cost
associated with FEM [187,195,207,208]. Data-driven models offer a pathway to further reduce
these computational demands while enabling faster predictions, though they are less commonly

used for thermal modelling of NiTi specifically. The potential of data-driven approaches for
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NiTi lies specifically in their ability to rapidly map the relationship between process parameters
and resulting thermal histories—relationships that directly govern the phase transformation
behaviour unique to shape memory alloys. This rapid mapping capability is particularly
valuable for NiTi because the thermal history determines not only microstructural evolution
but also the characteristic transformation temperatures that define the alloy's functional

performance.

However, the unique characteristics of NiTi present distinct challenges for purely data-driven
approaches. The alloy's composition-dependent transformation temperatures and its
pronounced sensitivity to thermal gradients mean that data-driven models must capture highly
nonlinear relationships that are specific to NiTi metallurgy. Consequently, training data must
adequately sample the parameter space where desirable shape memory properties are obtained,
which itself requires careful experimental design. This creates a circular challenge: data-driven
models need comprehensive training data from the very parameter space they aim to explore

efficiently.

Figure 2.18 demonstrates the inherent interdependence of thermal and microstructural
phenomena in NiTi processing, showing how Hosseinzadeh et al. [187] incorporated melt pool
dimensions and thermal behaviour into a computational algorithm to model NiTi
microstructural evolution. Addressing these coupled phenomena typically requires physics-
based modelling, which captures the underlying physical interactions governing NiTi's unique
behaviour. Data-driven and machine learning approaches offer alternative routes when thermal
behaviour is not modelled explicitly, enabling property predictions based on empirical

correlations rather than first principles.

For NiTi, such approaches could potentially predict transformation temperatures, recoverable
strain, or superelastic response directly from process parameters, thereby bypassing detailed
thermal simulation. This direct prediction capability is particularly appealing for NiTi because
the functional properties are costly and time-consuming to characterize experimentally.
However, the limited availability of high-quality NiTi processing data and the alloy's intrinsic
sensitivity to both composition and thermal history currently constrain the generalizability of

purely data-driven models.
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These constraints suggest that for NiTi, the most effective approach may combine physics-
based understanding with data-driven efficiency, leveraging the strengths of each while

mitigating their individual limitations.
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Figure 2.18 A computation flowchart for thermal and microstructural simulation of PBF-LB

NiTi [187].
2.6.2 Melt pool modelling

Melt pool dimensions are fundamental because they directly influence the microstructure and
defects of the solidified material, which affects the mechanical properties of the finished part.
Using analytical models for thermal modelling is an advantageous alternative to FEM, offering
a simpler, more efficient approach to predicting melt pool dimensions, notably width and depth.
Rosenthal laid the basis and the theory for using a heat conduction model to predict melt pool
formation, and the Rosenthal equation is still applied for this purpose. Nevertheless,
Rangaswamy et al. [170] established that this model produced results with lower accuracy

when it came to the melt pool dimensions of NiTi in PBF-LB. The Eagar-Tsai (ET) thermal
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model is another widely employed approach to predict the geometry of the melt pool.
Rangaswamy et al. [170] also observed that this model provided a more accurate prediction of
the melt pool width for NiTi in PBF-LB compared to the Rosenthal model, but it fell short in
reliably predicting the melt pool depth. The Gladush and Smurov [209] model is frequently
utilized as a correction tool alongside other analytical models and was specifically developed
to address melt pool depth, which is the most challenging aspect to predict. Chernyshikhin et
al. [200] employed COMSOL Multiphysics software to develop a model that estimates the
melt pool dimensions of NiTi during PBF-LB, shown in Figure 2.19. As mentioned previously,
the finite element method plays an important part for modelling melt pool dimensions through
thermal simulations, providing reliable predictions when employing volumetric heat sources.
However, its predictive effectiveness is limited under conditions of high energy density,
necessitating specific modifications to accurately depict the transition from conducting to
keyhole melting mode [208,210]. Similar to other elements of PBF-LB, melt pool dimensions
can also be predicted using data-driven modelling techniques. Commonly utilized machine
learning methods, such as principal component analysis, support vector machines, and linear
discriminant analysis, have demonstrated their effectiveness in predicting melt pool
geometries. Among these, artificial neural networks (ANN) models are particularly valuable
due to their robust integration of the multi-scale dimension, which is critical for analysing melt
pools. Specifically, convolutional neural networks (CNNs) are frequently central to various
modelling frameworks because they are tailored for tackling issues related to images and
acoustic emissions [211,212]. Fang et al. [213] employed this model within their probabilistic
data-driven framework, that incorporates for process noise and uncertainty. Similarly, Vaghefi
et al. [ 188] combined it with a deep multilayer perceptron to accurately predict melt pool depth,
achieving a commendable accuracy rate of 95% even for previously unseen part geometries
post-training. Straying away from traditional techniques, Hang et al. [211] presented a
dimensional analysis framework offering enhanced generality compared to earlier studies as it

utilizes experimental data from a range of materials and additive manufacturing machines.
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Figure 2.19 A comparison between predicted and experimental observations of melt pool of

NiTi (a) cross-sectional view, (b) top-view, and (c) longitudinal cross-section [200].
2.6.3 Residual Stress Modelling

Residual stress modelling in PBF-LB is typically performed using thermo-mechanical
frameworks that couple temperature evolution with elastic—plastic deformation. Because
residual stresses originate from highly non-uniform heating and cooling cycles, modelling
approaches usually begin with the prediction of the temperature field and subsequently
determine the resulting thermoelastic stresses.

The resulting thermal gradients generate thermal strains that contribute to residual stress
formation. The total strain in the material can be expressed as:

Etotal = €e T Ep + Emn (Eq. 2.22)
where &, €,, and &, represent elastic strain, plastic strain, and thermal strain, respectively.
The thermal strain component is given by:

gn =a(T —T,) (Eq. 2.23)
where «a is the coefficient of thermal expansion and T is the reference temperature. Residual
stresses arise when thermal contraction during cooling is constrained by surrounding material
or previously solidified layers.

Analytical modelling approaches have also been developed to relate residual stress directly to
processing parameters. For example, simplified analytical formulations relate the residual
stress magnitude to the thermal gradient and elastic modulus:

Ores = EaAT (Eq. 2.24)
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where E is the Young’s modulus and AT represents the temperature difference between the
melt pool and the surrounding material. Such analytical models provide a rapid method for
estimating residual stress trends and evaluating the influence of process parameters such as
laser power, scan speed, and hatch spacing. However, high-fidelity thermo-mechanical finite
element models remain necessary to accurately capture the complex interactions among heat
transfer, mechanical constraints, and layer-wise deposition in PBF-LB processes [214,215].

In classical thermal stress mechanics, the thermoelastic potential function is commonly used to
evaluate thermal stresses under plane strain conditions. To simplify the analysis of thermal
stresses in the PBF-LB process, the thermoelastic potential function can be indirectly related
to the temperature distribution field, which is obtained from thermal modelling of the process
[216,217]. By replacing the thermoelastic potential function with the temperature distribution
function T(x,y,z), the stress components can be expressed in terms of the temperature

gradients as:

" o%T

Oy = _Z’UO_yZ (Eq. 2.25)
" o’T

gy = —Zuﬁ (Eq. 2.26)
" 9T | 9°T

o = -2y (ﬁ+ﬁ) (Eq. 2.27)

where oy, gy, and o, represent the indirectly calculated thermal stresses along the x, y, and

zdirections, respectively, T denotes the temperature field, and u is the shear modulus. These
relations enable the estimation of thermal stresses directly from the predicted temperature
distribution, which is typically obtained using analytical or numerical heat transfer models of
the PBF-LB process. This approach provides an efficient way to link temperature gradients to
stress development during the layer-by-layer fabrication process.

More advanced analytical formulations predict thermal stresses by employing Green’s
functions associated with point body loads [218,219]. In this framework, the thermal stress
field induced by non-uniform heating can be expressed as a superposition of stresses due to
body forces, normal tractions, and hydrostatic stresses. For example, the stress component in

the scanning direction can be expressed as:

a(MET) “ p(s)(s—x)?
Oxx(X,2) = — 1—2v(T) j f xh % + Gy )dx dz' += f ((5—x)2+22)2 ds —

a(T)E(T)T (x,2)

e (Eq. 2.28)
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ety (Eq. 2.29)
a(T)E(T) X @ _

(Eq. 2.30)

0yy (x,2) = V(T)(Oxx+0,,) — a(T)E(T)T (x, 2) (Eq. 2.31)

where a is the thermal expansion coefficient, E is Young’s modulus, and Gy, Gy, G,p, G, are
plane-strain Green’s functions describing the stress response to temperature gradients.

To predict the final residual stress state, the thermal stresses must be coupled with the material
constitutive model, which describes plastic deformation at high temperature. One widely used
model in additive manufacturing simulations is the Johnson—Cook flow stress model, which

accounts for strain hardening, strain-rate sensitivity, and thermal softening [220,221]:

o= (a+Be) (1+ ) (1- (22" (Eq. 2.32)

Tm—To
where &, is the effective plastic strain, &, is the plastic strain rate, T is the material temperature,
T,y is the melting temperature, and A4, B, C, n, m are material constants.

Overall, these analytical and numerical formulations provide valuable insight into the
formation of residual stresses in PBF-LB processes. However, most analytical models neglect
geometric complexity and assume bulk temperature-dependent material properties. For NiTi
alloys, residual stress modelling becomes more challenging due to the strong temperature
dependence of material properties and the presence of stress-induced martensitic phase
transformations, which can significantly influence stress evolution during cooling. Therefore,
advanced modelling approaches increasingly integrate thermo-mechanical coupling with
transformation kinetics and process parameter effects to better predict residual stress
distributions in additively manufactured NiTi components. Consequently, high-fidelity finite
element simulations are often required to capture the full thermo-mechanical behaviour,
particularly for complex geometries and materials with temperature-dependent phase
transformations such as NiTi alloys. The model employed by Ma et al. [139] for residual stress

prediction in PBF-LB NiTi is shown in Figure 2.20.
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Figure 2.20 (a) PBF-LB printed NiTi (b) The model developed for residual stress evaluation.
The contour method results for residual stress distribution for samples heat-treated at

temperatures (c) 25, (d) 350, and (e) 450 [139].
2.6.4 Microstructure modelling

Microstructural modelling is crucial for simulating PBF-LB parts since microstructure
directly influences mechanical properties, with grain orientation being significant in
anisotropy, necessitating a good understanding of its features to ensure part reliability. Most
models utilize multi-scale frameworks, enabling better comprehension of the various
subprocesses involved in PBF-LB and facilitating precise predictions [222,223]. As previously
mentioned, thermal history is a primary method for assessing solidification and microstructural
changes such as grain growth, phase transformations, and texture development. The majority
of microstructure modelling techniques are numerical and rely on this thermal history; for
example, cellular automata (CA), Monte Carlo (MC), and phase field (PF) methods are
commonly employed. The MC method is a meso-scale model that uses random samples to
represent the system and is often linked to the Metropolis algorithm for alloys. It iteratively

models microstructure evolution by computing energy changes resulting from random
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modifications to the microstructure in order to accept or reject these changes until equilibrium
is achieved [224,225]. CA is also a meso-scale technique, while PF is a micro-scale model;
however, they share similarities as both employ an updating grid of cells, with their distinction
lying in how they define the interface between solid and liquid regions [223,226]. In CA, the
interface consists of a layer of cells, while PF relies on the progression of phase field variables.
Since these variables spread over multiple grid nodes, the PF method requires finer grid spacing
to accurately resolve the smallest components of the microstructure. Combined with CA’s
discrete nature, this leads to PF methods incurring higher computational expenses
[171,187,227]. Although these techniques are frequently applied for microstructure
simulations, their substantial computational demands often limit their application to small
areas, a challenge that is evolving rapidly [228]. For instance, Zinovieva et al. [228] tackled
this issue by integrating CA with finite differences to model a large-scale component and
predict the grain structure, achieving definitive results for Inconel 718. Hosseinzadeh et al.
[187] developed a computer simulation tool to estimate the microstructural evolution of NiTi
alloys using a multiscale multi-physics model. Their simulation tool is rooted in a thermal
finite-difference model linked to the CA method, enabling effective predictions of the 3D
printed grain morphologies and thereby laying a foundation for future investigations. Other
novel strategies are being formulated to model microstructure, including computational
techniques that connect distinct models of the various subprocesses involved in PBF-LB, as
illustrated by Cummins et al. [227], who strived to establish a unified and customizable
modelling framework. Data-driven methodologies once again play a vital role in accurately
predicting melt pool microstructure while being more efficient in terms of time and resources.
Qadeer et al. [229] employed a data-driven model trained with microstructure predictions from
Ansys physics-based numerical model as datasets (an example of these predictions can be
found in Figure 2.21). They noted in their work enhanced predictive capabilities through their

use of convolutional neural networks applied to the FEA datasets.
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Figure 2.21 Ansys Additive suite microstructure simulation depicting grain orientation and

boundary [229].

Validation of microstructure modelling frameworks for PBF-LB NiTi typically relies on
comparison with experimentally characterized grain structures and phase distributions.
Techniques such as electron backscatter diffraction (EBSD) and scanning electron microscopy
(SEM) are commonly used to examine grain morphology, orientation, and texture predicted by
numerical simulations. In addition, X-ray diffraction (XRD) and differential scanning
calorimetry (DSC) measurements are often employed to validate predicted phase fractions and
transformation temperatures, providing experimental benchmarks for assessing the accuracy of
simulated microstructural evolution and its implications for functional behaviour. Despite
advances in microstructure modelling, accurately predicting functional behaviour in PBF-LB
NiTi remains challenging because small process-induced composition changes, particularly
nickel evaporation, can shift transformation temperatures and alter the balance between shape

memory and superelastic responses.
2.6.5 Derived predictions

Additionally, modelling of PBF-LB process enables the prediction of phase transformation,
residual stress and distortion as well as other defects. In particular, multiscale modelling
strategies are crucial in capturing these phenomena appropriately. For instance, physics-based
defects prediction is often based on melt pool morphology modelling as most porosities are
directed by the melting modes and process parameters. Parsazadeh et al. [230] developed an
optimized mathematical model that can predict melt pool morphology and determine the area
fraction of lack-of-fusion, yielding satisfactory predictions of the fraction, although it cannot

precisely locate these defects. This model was trained based on experimental data obtained
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from SS316L, though it is claimed to be independent from the thermophysical properties of the
modelled material. Data-driven machine learning methods can facilitate the prediction of these
defects by enabling the identification of patterns related to the process parameters and are
especially useful for real time in situ detection which allows to adjust the process parameters
to minimize defects [171]. Zhao et al. [231] presented a novel method employing deep learning
on 3D point clouds rather than the conventional 2D image-based monitoring, thus overcoming
some of the latter's limitations related to lighting and inadequate data capture, while accurately
identifying three-dimensional defects. They observed that mechanical properties are influenced
by the chemical composition, along with numerous other facets of the printing process.
Microstructure and phase transformation are pivotal for achieving optimum mechanical
properties highlighting the impact of the alloy’s thermal behaviour, alongside defects, surface
quality, and build direction as other important contributors [171].

Mehrpouya et al. [232] utilized an ANN trained on experimental data to predict how processing
parameters affect the mechanical behaviour of NiTi, focusing on transformation temperatures
and strain recovery ratios, achieving commendable accuracy in comparison with experimental
findings. Residual stress and distortion are typically derived from thermal modelling such as
melt pool behaviour and microstructure, although a few studies incorporate mechanical loads
with the inherent strain method (ISM). This method offers the advantage of reducing
computational effort but faces notable limitations in precision as a trade-off [207]. To simulate
the addition of layers in PBF-LB, ISM requires the use of discrete layers characterised by a
thickness that is a multiple of the actual powder layer thickness. They are called lumped layers,
and they greatly influence the precision of this modelling method along with the mesh size
employed. Monu et al. [145] used this approach to analyse the effect of bi-directional scan
pattern on residual stress and distortion in NiT1 parts produced via PBF-LB. The residual stress
distribution was found to correlate well with the in situ melt pool temperature data collected
during the process.

Although modelling efforts for PBF-LB NiTi are advancing, the prediction of residual stress,
distortion, and their interaction with phase transformation behaviour remains relatively limited
compared with other additively manufactured alloys. Extending modelling frameworks
successfully applied to other materials may therefore provide valuable pathways for improving
predictive capability in NiTi systems, where thermo-mechanical coupling and phase
transformation effects are particularly important.

For example, Benchabane et al. [233] employed a mesoscale thermomechanical finite element

model to investigate the influence of build plate preheating on residual stress and distortion in
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Inconel 718 cantilever specimens. Their study demonstrated that such models can capture the
characteristic deflection behaviour observed experimentally (Figure 2.22), highlighting their
potential for predicting distortion in PBF-LB components. Similarly, Zhang et al. [234]
developed a high-resolution ISM for Hastelloy X that incorporated actual layer thickness rather
than the lumped layers commonly used in conventional ISM approaches. Comparison with
experimentally measured residual strains showed improved predictive accuracy relative to
traditional ISM models.

While these approaches have been validated for nickel-based superalloys, their application to
NiTi remains relatively unexplored. Adapting such thermomechanical and inherent strain
modelling frameworks to account for NiTi-specific phenomena, including phase
transformation behaviour and composition-dependent material properties, could significantly
improve the prediction of residual stress, distortion, and functional performance in additively
manufactured NiTi components.

(@)

Figure 2.22 Beam deflection after removing the supports showing the (a) numerical

modelling and (b) a picture of the corresponding experimental measurement result [233].
2.7 Summary of the literature review

This review has examined the state of modelling and process optimization strategies for the
additive manufacturing of NiTi using PBF-LB, with a particular focus on understanding and
predicting melt pool behaviour, microstructural evolution, defect formation, and functional
performance. Achieving high-quality, defect-free NiTi components remains challenging due to
the alloy’s sensitivity to composition, its complex thermo-mechanical phase transformation
behaviour, and the tightly coupled thermal and kinetic phenomena intrinsic to the PBF-LB
process. From this literature review, it is evident that process parameter optimization and robust

modelling are central to addressing these challenges.

Both physics-based and data-driven modelling approaches play complementary roles in

advancing understanding and control of PBF-LB of NiTi. Finite element and analytical models
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provide mechanistic insight into heat transfer, melt pool dynamics, residual stress development,
and defect mechanisms, but their predictive capability is constrained by computational cost and
the limited availability of reliable high-temperature thermophysical and mechanical property
data for NiTi. Data-driven approaches, including machine learning and surrogate models, offer
rapid prediction and optimization capabilities but often lack physical interpretability and
generalizability beyond the datasets on which they are trained. Emerging hybrid strategies,
most notably physics-informed machine learning, represent a promising pathway to bridge this
gap by embedding physical constraints into data-driven frameworks, thereby improving

robustness while reducing data requirements.

Within this context, several interconnected research directions emerge as critical for
progressing PBF-LB of NiTi from laboratory-scale demonstrations toward reliable, industrial
adoption. First, there is a clear need for integrated multi-physics and multi-scale modelling
frameworks capable of simultaneously capturing thermal transport, microstructure evolution,
phase transformation behaviour, and mechanical response. Such frameworks are particularly
important for NiTi, where functional properties are highly sensitive to local thermal histories
and compositional variations. Second, the predictive fidelity of all modelling approaches is
fundamentally limited by the availability of accurate high-temperature material property data.
Systematic experimental efforts to populate and validate thermophysical and mechanical
property databases for NiTi across the relevant temperature ranges are therefore essential.
Third, advances in in-situ monitoring and real-time closed-loop control offer a direct route to
mitigating defects and process variability. When coupled with fast predictive models and
artificial intelligence, real-time feedback control can enable adaptive parameter adjustment
during fabrication, addressing melt pool instability, compositional fluctuations, and defect
formation as they occur. Fourth, while physics-informed machine learning has shown promise
in broader additive manufacturing contexts, its application to shape memory alloys remains
underexplored. Targeted development of these methods for NiTi could substantially enhance
predictive capability and accelerate process optimization while maintaining physical
consistency. Finally, continued emphasis on experimental validation and standardization is
required. Benchmark datasets, standardized testing protocols, and cross-comparison of
modelling approaches are necessary to establish confidence in predictive tools and to facilitate

meaningful comparison across studies.
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Overall, further advances in modelling fidelity, data integration, and experimental validation
are essential to fully realize the potential of PBF-LB for NiTi. Addressing these challenges will
not only improve process reliability and component performance but also support the broader
adoption of additively manufactured NiTi in high-precision, mission-critical applications

where functional reliability is paramount.
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Abstract

This study focuses on single-track nitinol samples fabricated via PBF-LB. Investigating the
effects of laser power and scanning speed on melt pool dimensions revealed that melt pool
width increases linearly with laser power and decreases logarithmically with scanning speed.
However, melt pool depth exhibited outliers that deviated from these trends. Three analytical
models were evaluated to predict melt pool dimensions, generally aligning with experimental
trends. Notably, the Eagar-Tsai model delivered the most accurate predictions for melt pool
width, with a mean absolute error of less than 10%, while the Gladush-Smurov model was
more reliable for melt pool depth predictions, showing a mean absolute error under 20%. In
contrast, the Rosenthal equation yielded less reliable results for both dimensions. This suggests
that a combined approach utilizing the strengths of both the Eagar-Tsai and Gladush-Smurov

models may provide the most accurate predictions for the melt pool profile of NiTi in PBF-LB.
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3.1 Introduction

Analytical models serve as a favorable alternative to the intricate, time-consuming and
computationally expensive finite-element modelling (FEM). Phenomenon that occur within
metal AM include light absorption, solid to liquid and liquid to solid phase transformations,
solid state phase transformations, Marangoni fluid flow, preferential elemental evaporation,
convection, conduction, radiation, and spatter formation. Given that AM involves multiple
physical phenomena, diverse models have been developed to examine distinct aspects of these
processes; however, modelling the complex process of PBF-LB remains challenging [15-17].
Models help manufacturers predict the properties of the finished part before the process begins,
saving time, energy, and resources. Numerous models in the literature are developed for laser
welding and additive manufacturing. These models can predict various properties, but melt
pool dimensions are fundamental because they directly influence the microstructure of the
solidified material, which affects the mechanical properties of the finished part. There is limited
literature on using and developing analytical models for additive manufacturing of NiTi, given
the material's complexity, leaving a significant knowledge gap. This study investigates three
commonly used analytical methods in laser-based additive manufacturing/welding—namely,
the Rosenthal equation (RE), Eagar-Tsai (ET) model, and Gladush and Smurov (GS) model—
to estimate the melt pool width and depth of nitinol during PBF-LB. The obtained results were
then compared against experimental measurements of the melt pool dimensions to evaluate the
prediction accuracy of these models. The findings of this research are anticipated to contribute
to our understanding of the predictive capabilities of these analytical methods in modelling
NiTi melt pool characteristics, thereby aiding in the optimization of laser-based additive

manufacturing processes.

3.2 Materials and Methods
3.2.1 Experimental Details

The production of single tracks on a nitinol base plate using the Aconity MINI (GmbH) metal
3D printer was accomplished by applying a layer of gas-atomized, pre-alloyed nitinol powder.
The printer utilized a laser with a wavelength of 1068 nm and a power capacity of 200 W. The

pre-alloyed nitinol powder had an atomic composition of 50.3% nickel and 49.7% titanium,
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with particle sizes ranging from 29-68 pum. To maintain a low oxygen level in the build chamber

and minimize contamination, argon was used as a shielding gas.

The nitinol base plate had dimensions of 95mm x 95mm x 6mm, and a powder layer with a
thickness of 60 um was applied. For the design of experiments (DoE), a 5x5 matrix was
employed, varying the laser power (P) from 100 W to 180 W and the scanning speed (V) from
0.2 m/s to 1 m/s. The laser spot size (beam radius) was kept constant at 35 um. A total of 25
single-track samples were produced using different combinations of these parameters. Table
3.1 outlines the parameter levels employed in this study, along with the corresponding

calculation of linear energy density (Er), defined as the ratio of power to speed.

A Keyence VHX2000 3D optical microscope was used to measure the melt pool widths and
depths (see Figure 3.1 a-b). To examine the melt pool cross sections, they were cut by
Electrical Discharge Machining (EDM) at a distance of 2 mm from the end of the track.
Following this, the samples were embedded in a cold resin mount. Subsequently, they
underwent a grinding process using silicon carbide papers ranging from 80 to 4000 grit. This
was followed by polishing with diamond suspension with particle sizes of 9, 6, 3, 1, and 0.6
um, at a rotary speed ranging from 250 to 300 rpm. Additionally, a chemical solution consisting
of 5 ml nitric acid (HNO3), 4 ml hydrofluoric acid (HF), and 40 ml de-ionized (DI) water was
employed for etching the samples.

17.6 pm
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215 9 pm 31.4 pm
v J[3I (g

Figure 3.1 Measurement of (a) track width from plan view; and (b) melt pool dimensions

from transverse cross-sectional view.
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Table 3.1 Parameter levels used for the production of the NiTi single tracks.

P V EL (P/V)
(W) (mJs) (J/m)
0.2 500
0.4 250
100 0.6 170
0.8 130
1 100
0.2 600
0.4 300
120 0.6 200
0.8 150
1 120
0.2 700
0.4 350
140 0.6 230
0.8 180
1 140
0.2 800
0.4 400
160 0.6 270
0.8 200
1 160
0.2 900
0.4 450
180 0.6 300
0.8 230
1 180

3.2.2 Modelling Details

Rosenthal equation (RE), Eagar-Tsai (ET) model, and Gladush and Smurov (GS) models, the
three commonly used analytical models for predicting melt pool dimensions in laser welding
and additive manufacturing, are explored. An advantage of using these analytical models is

that they can be easily implemented using available spreadsheet applications like MS Excel,
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rather than requiring the use of sophisticated and proprietary software. These models assume
temperature-independence of the properties of the material. The properties of NiTi needed for
the models were sourced from literature or determined using the CALPHAD method through
Thermo-Calc 2024a software, utilizing the TCNI11 database [103,200,235]. The properties
were obtained with respect to the melting temperature of NiTi (1583 K), given that this
temperature represents the point of maximum energy deposition [236]. The properties of NiTi
used in this work are given in Table 3.2.
Table 3.2 Thermo-physical properties of NiTi used in the analytical models for calculating

the melt pool dimensions.

Property (Unit) Value Ref.

Thermal conductivity, k (W/mK) 20 CALPHAD, [235]
Specific heat capacity, C, (J/kgK) 700 CALPHAD
Density, p (kg/m?) 6100 CALPHAD, [103]
Thermal Diffusivity, a (m?%/s) 48x10° CALPHAD

Laser absorptivity, A 0.3-04 [103,200,235]
Melting temperature, Tr (K) 1583 [103,200]

Boiling Temperature, Ty (K) 3033 [103,200,235]

3.2.2.1 Rosenthal Equation (RE) model

The Rosenthal equation [190], as presented in Eq. 3.1, provides a simplified analytical solution
to the heat conduction equation for a moving point heat source on a semi-infinite solid
geometry. This model enables the prediction of several thermal phenomena, including
temperature gradients, thermal histories, cooling rates, and solidification rates. However, it is
subject to limitations due to inherent assumptions such as steady-state conditions, constant and
uniform material properties, a point heat source, and the omission of factors like heat loss
through convection and radiation, latent heat during phase transformation and fluid flow within

the molten pool [237,238].

V(+r)
L (Eq. 3.1)

T- TO - 2mKr €
where T is the transient temperature in the material, Ty is the initial base plate temperature, A

is absorptivity, P is the laser power, k is thermal conductivity of the material, V is scanning

speed, a is thermal diffusivity given by a = k/ oC, P represents the material density, and C,, is
P

the specific heat capacity. Consider a typical PBF-LB process where the laser scanning is

performed along the x-axis for a duration of time t. The distance from the laser beam along the
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axis will then be x-Vt, which is replaced by j in Eq. 3.1 and r is the distance of any point (X, y,
z) on the base plate from the laser beam defined as +/j% + y? + z2? (x, y, z are the laser beam

scanning distances along the three axes of the Cartesian coordinate system).

Tang et al. [239] derived an equation for melt pool width given in Eq. 3.2 based on the
Rosenthal equation and tested it on aluminium, titanium and steel alloys. They assumed the
melt pool to adopt a semi-elliptical shape, with the melt pool depth considered to be half of the
width as shown in Eq. 3.3. Furthermore, they posited that the addition of powder has no effect
on the melt pool dimensions. These analytical expressions are employed in this study to model
the melt pool dimensions and assess their predictive accuracy for NiTi.

. 8AP
Width = m (Eq. 3.2)

2AP

Depth - mepCpV(Tm—To)

(Eq. 3.3)

where T, is the melting temperature, and e is Euler’s number. Other variables retain their

meanings afore-described.

3.2.2.2 Eagar-Tsai (ET) model
The Eagar-Tsai (ET) [191] thermal model refines the Rosenthal equation (RE) by introducing

a moving Gaussian heat source on a semi-infinite flat plate, providing a more accurate
representation of temperature distribution. Although the ET model retains many assumptions
similar to those in the RE model, it offers significantly improved prediction accuracy,
particularly in regions near the heat source. As a result, the ET model has become widely
adopted for predicting melt pool geometries in laser welding and PBF-LB processes. However,
a key limitation of the ET model is its inability to account for keyhole-mode laser melting,
restricting its applicability to conduction-mode melting. In PBF-LB processes, parameter
combinations can lead to both conduction and keyhole-mode melting, and the ET model tends
to underestimate melt pool depth in scenarios where keyhole-mode melting occurs [240,241].
The model that was originally designed for temperature distribution in welding, is based on

Eq. 3.4 [242]:

1 <_ x®+y? 72 )
_ (tAP(t-t) Z2e 4a(t-t')+2a2  sa(t-t') ,
T-T,= fo mpCpVama2a(t—t')+a?) dt (Eq. 3.4)

where t is the total scanning time, t’ is instantaneous time and a is the laser beam radius. Other

variables retain their meanings afore-described.
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Rubenchik et al. [236] conducted a scaling law analysis on the original ET model using SS
316, Ti-6Al-4V and Inconel alloys to establish expressions for melt pool dimensions (see Eq.
3.5 and Eq. 3.6). These models are utilized in this work to evaluate their predictive capability
for NiTi. These are based on two dimensionless numbers p and B given in Eq. 3.7 and Eq. 3.8,
which define the melting process. The model involves several assumptions, including the
absence of a powder layer, neglecting melt motion and the effects of evaporation and surface

tension.

Width = % [0.0021 — 0.047p + 0.34p? — 1.9p3 — 0.33p* + B(0.00066 — 0.007p —

0.00059p2 + 2.8p® — 0.12p*) + B2(—0.0007 + 0.015p — 0.12p? + 0.59p3 — 0.023p*) +

B3(0.00001 — 0.00022p + 0.002p? — 0.0085p3 + 0.0014p*)] (Eq. 3.5)
Depth = % [0.008 — 0.0048B — 0.047p — 0.099Bp + plnp(0.32 + 0.015B) +
InB(0.0056 — 0.89p + 0.29plnp)] (Eq. 3.6)
p= % (Eq. 3.7)

B = npcp#m (Eq. 3.8)

3.2.2.3 Gladush and Smurov (GS) model

The model developed by Gladush and Smurov [209] is often used as an alternative correction
model when other analytical models fail to accurately predict melt pool depth. This model is
specifically designed to predict melt pool depth and does not provide predictions for melt pool
width. The derivation of the GS model is extended to encompass keyhole-mode melting by
assuming a cylindrical melt pool and solving the heat conduction equation for a semi-infinite

flat plate, which gives a simple expression given in Eq. 3.9 [243,244]:

Depth = —22_In (”—V> (Eq. 3.9)

2mkTy a

where Ty is the boiling temperature, and other variables retain their meanings afore-described.
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3.3 Results and Discussion

3.3.1 Qualitative NiTi Melt Pool Width and Depth Analysis

Figure 3.2 illustrates the NiTi single tracks fabricated using different combinations of laser
power and scanning speed. A noticeable visual trend can be observed, indicating that the track
width decreases when the scanning speed is increased while keeping the power level constant.
Conversely, when the power level was increased while maintaining a constant speed level, the
track width increased. This implies that wider tracks are formed when higher inputs of Er are
utilized, specifically at high power and low scanning speed levels. On the contrary, as the E.
decreased, the tracks became narrower. Furthermore, at lower levels of Er, interruptions in the
tracks were observed, indicating a lack of fusion. This suggests that the energy input (density)
was insufficient to achieve a continuous bead formation. Additionally, discontinuities in the
tracks, known as the balling phenomenon, can be observed at the highest levels of laser power
and scanning speed (see Figure 3.2). It is also noteworthy that, for a given energy input (from

Table 3.1), the track width increases with an increase in laser power.
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Figure 3.2 Top view micrographs of NiTi single tracks for different laser power and scan

speed combinations.
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A similar interpretation can be made for the melt pool depth, as depicted in Figure 3.3, which
displays the cross-sectional views of the tracks. The melt pool depth is strongly influenced by
the parameters, with an increase in laser power resulting in deeper melt pools and an increase
in scanning speed leading to shallower melt pools. This indicates that higher EL contributes to
greater melt pool depth. Similar to the width, it is observed that melt pool depth varies for the
same energy input depending on the levels of laser power and scanning speed suggesting that
solely considering the linear energy density is not enough for optimizing the process
parameters. Similar observations were found in a previous study by Lu et al [235]. Some
micrographs are missing for certain combinations of laser power and scanning speed in Figure
3.3, because the melt pool became too small to measure accurately, suggesting a lack of fusion.
The balling phenomenon can also be observed for combinations of high power and high speed.
Interestingly, no keyholing phenomenon, a defect hole formed in the material at higher energy
densities, was observed in any of the samples. These findings align with similar results reported
by previous studies conducted [245-247]. However, in most of these previous studies,
keyholing phenomenon and higher melt pool depths are reported. The melt pools obtained in
this work were shallower than those found in previous studies. Keyhole porosity would be less

likely to form in shallower melt pools.

Laser power (W)

0.2 0.4 0.6 0.8 1

Scanning speed (m/s)

Figure 3.3 Cross-sectional view of melt pools formed by NiTi single tracks manufactured

with various laser power and scanning speed combinations.
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3.3.2 Quantitative NiTi Melt Pool Width and Depth Analysis

Figure 3.4 (a-b) depict the effect of laser power and scanning speed on the width of the NiTi
melt pool, whereas Figure 3.4 (c-d) illustrate the influence of these parameters on the depth of
the NiTi melt pool. By statistical curve fitting analysis, it is evident from Figure 3.4 (a), that
the width increased with an increase in laser power, in a linear fashion. This suggests that
higher laser power leads to greater energy deposition, resulting in a larger melt pool width
[248]. The melt pool width decreased when the laser scanning speed was increased, but in a
rather logarithmic trend as shown in Figure 3.4 (b). As such, at lower scanning speeds (e.g.,
from 0.2 m/s to 0.4 m/s), a significant reduction in width was observed. However, at higher
speeds (e.g., from 0.8 m/s to 1 m/s), the reduction in width became less pronounced. This
logarithmic relationship with scanning speed reflects how changes in speed affect the width
less drastically as speed increases due to the balance between energy input and the time
available for heat dissipation affecting the width of the melt pool. The R? values for both the
linear and logarithmic trends were between 0.98 — 0.99. Yadroitsev et al. [249] demonstrated
that energy density directly affects the morphology of the melt pool, influencing both its width
and depth. However, exceptions to this relationship, such as the non-linear correlation between
melt pool morphology, laser power, and speed, have been documented in previous studies on
nitinol and other nickel alloys [250-252]. Similar observation was made for melt pool depth in

our work, as explained in the following paragraphs.
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Figure 3.4 Experimentally measured effects of (a) laser power on NiTi melt pool width, (b)
scanning speed on NiTi melt pool width, (c) laser power on NiT1 melt pool depth, and (d)
scanning speed on NiTi melt pool depth. Error bars on the melt pool widths are based on the
standard deviation calculated from a minimum of 10 measurements.

Regarding melt pool depth, as shown in Figure 3.4 (c-d), the relationship with laser power and
scanning speed exhibited outliers that disrupted the expected linear or logarithmic trends. For
instance, the calculated R? values for a linear correlation between laser power and the melt pool
depth of NiTi single tracks ranged from 0.37 to 0.8, indicating a high degree of scatter. This
variability makes it difficult to generalize the relationship between NiTi melt pool depth and
the range of laser power and scanning speeds explored. As a result, simple solid lines were
used to connect the data points in Figure 3.4 (c-d). Whereas, the dashed lines in Figure 3.4 (a-
b) represent the respective linear and logarithmic curve-fitting trend lines. The scatter observed
underscores the complexity of the relationship between linear energy density input (determined

by laser power and scanning speed) and melt pool depth, particularly for NiTi.
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Unlike melt pool width, which is a near-surface feature, melt pool depth is a volumetric feature
influenced by multiple factors beyond just linear energy input and exposure time. For instance,
Metelkova et al. [253] observed a consistent and generalizable linear relationship for single
track widths in SS316L stainless steel, along with a logarithmic relationship for melt pool
depths. In contrast, Lane et al. [254] reported linear relationships for both melt pool depth and
width in single tracks of IN625. These differing trends, compared to the NiTi used in this study,
suggest that material properties significantly influence melt pool solidification and
morphology. Differences in thermal conductivity, absorptivity, temperature gradients, and heat
dissipation mechanisms are likely contributors to this variability. Another factor affecting melt
pool depth variability is the measurement methodology. Depth is typically measured from a
single point along the track, whereas melt pool width is measured at multiple points (at least
10) along the track. In both conduction and keyhole melting modes, laser penetration depth can
fluctuate along the scan direction, further contributing to the scatter in depth measurements

[253,255].
3.3.3 Model Predictions of NiTi Melt Pool Width and Depth

Figure 3.5 shows the predictions of RE, ET, and GS analytical methods in modelling NiTi
melt pool characteristics. The melt pool width predictions from both the RE and ET models
exhibited a linear increase with increase in laser power as depicted in Figure 3.5 (a).
Conversely, the melt pool width demonstrated a logarithmic decrease with increasing scanning
speeds (as illustrated in Figure 3.5 b). The melt pool width trends strongly corroborate with
the quantitative experimental observations discussed earlier providing consistency between the
model predictions and the actual experimental interpretation for melt pool widths (refer to
Figure 3.5 a-b). However, it is important to note that for every instance of laser power at all
scanning speeds shown in Figure 3.5 (a-b), the ET model predictions were consistently higher
than that of the RE model. Further details on the prediction accuracy will be discussed later.

Regarding the melt pool depth, the ET model exhibited significant underestimation. This
discrepancy may be attributed to the model's sole consideration of conduction-mode melting
and other associated assumptions. Similar findings have been documented in existing literature
[103,241,244]. Consequently, the melt pool depths predicted by the ET model are not included
in further analyses. The predictions from the other two models (RE and GS models) indicated
that the melt pool depth would generally increase linearly with higher laser power and decrease

logarithmically with increased scanning speed. However, unlike the experimental results,
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outliers were not observed in the model predictions. This divergence can be attributed to the
models' exclusive consideration of scanning parameters and material properties while
neglecting other factors that could potentially influence melt pool depth during the

experiments.
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Figure 3.5 Effects of (a) laser power on melt pool width, (b) scanning speed on melt pool
width, (c) laser power on melt pool depth, and (d) scanning speed on melt pool depth,
collated from the Rosenthal Equation (RE), Eagar-Tsai (ET) and Gladush-Smurov (GS)

model predictions.
3.3.4 Model Prediction Accuracy

To assess the accuracy of the prediction, the analytical model results were compared to
experimental data by calculating the relative percentage error. Table 3.3 and Table 3.4 provide
a detailed tabular summary of the error calculations. Note that the closer the percentage error

is to zero, the more accurate the prediction.
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Table 3.3 Comparison between experimental and predicted melt pool widths.

Exp. RE Model RE Model ET Model ET Model
P A\ Melt Pool Melt Pool Melt Pool Melt Pool Melt Pool

(W) (m/s) Width Width Width Error Width Width Error

(um) (um) (%) (nm) (%)
100 0.2 194 185 -4 212 9
100 0.4 156 131 -16 161 2
100 0.6 132 107 -19 138 4
100 0.8 121 92 -23 125 3
100 1 118 83 -29 117 -0.4
120 0.2 216 202 -6 235 8
120 0.4 175 143 -18 175 -0
120 0.6 153 117 -23 148 -3
120 0.8 133 101 -24 134 0.8
120 1 123 91 -26 125 2
140 0.2 242 219 -9 255 5
140 0.4 190 155 -18 189 -0.6
140 0.6 163 126 -22 159 -2
140 0.8 145 109 -24 143 -1
140 1 139 98 -29 133 -4
160 0.2 269 234 -12 275 2
160 0.4 216 165 -23 202 -6
160 0.6 181 135 -25 169 -6
160 0.8 154 117 -24 151 -2
160 1 148 105 -29 140 -5
180 0.2 284 248 -12 292 2
180 0.4 225 175 -22 214 -4
180 0.6 196 143 -27 178 -9
180 0.8 173 124 -28 159 -8
180 1 163 111 -32 147 -9
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Table 3.4 Comparison between experimental and predicted melt pool depths.

Exp. RE Model RE Model GS Model GS Model
P \% Melt Pool Melt Pool Melt Pool Melt Pool Melt Pool

(W) (m/s) Depth Depth Depth Error Depth Depth Error

(um) (num) (%) (nm) (%)
100 0.2 44 92 110 41 -6
100 0.4 28 65 133 23 -17
100 0.6 18 53 196 16 -10
100 0.8 - 46 - 12 -
100 1 - 41 - 10 -
120 0.2 49 101 106 49 0.6
120 0.4 37 72 93 28 -24
120 0.6 29 58 101 19 -33
120 0.8 28 51 80 15 -46
120 1 - 45 - 12 -
140 0.2 53 109 106 58 8
140 0.4 31 77 151 32 5
140 0.6 30 63 113 23 -23
140 0.8 34 55 62 17 -48
140 1 - 49 - 14 -
160 0.2 57 117 106 66 16
160 0.4 37 83 124 37 0.6
160 0.6 30 67 122 26 -14
160 0.8 - 58 - 20 -
160 1 - 52 - 16 -
180 0.2 60 124 107 74 23
180 0.4 38 88 130 42 9
180 0.6 31 72 129 29 -6
180 0.8 37 62 65 23 -39
180 1 46 55 21 18 -60

Figure 3.6 provides a graphical comparison of the predictive accuracy of different models for
melt pool width and depth. The RE model consistently underestimates melt pool width, with
the highest absolute percentage error reaching 32% and a mean absolute percentage error
(MAPE) of around 20%. In contrast, the ET model demonstrates higher accuracy in predicting

width, as shown in Figure 3.6 (a-b), with absolute errors below 10% across all P-V
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combinations and a MAPE of less than 5%. For melt pool depth, the GS model outperforms
the RE model, achieving a MAPE of around 20%, while the RE model shows overestimation
errors exceeding 100% (Figure 3.6 c-d).
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Figure 3.6 Relative error between experimental and predicted results for: (a) melt pool width
using the Rosenthal Equation (RE) model and Eagar-Tsai (ET) model at varying laser powers
with constant scanning speed, (b) melt pool width using the RE model and ET model at varying
scanning speeds with constant laser power, (c¢) melt pool depth using the RE model and
Gladush-Smurov (GS) model at varying laser powers with constant scanning speed and (d)
melt pool depth using the RE model and GS model at varying scanning speeds with constant

laser power.

Another key observation is how the prediction accuracy of the models changes with varying
laser power and scanning speed. For melt pool width (Figure 3.6 a-b), both the ET and RE
models exhibit a near-linear downward trend in error as power and speed increase. However,
this change is less pronounced in the ET model, where the absolute error remains within the
10% range. In contrast, for the RE model, the prediction error stays within 13% at the lowest
scanning speed of 0.2 m/s, regardless of laser power. At higher scanning speeds (0.4 —1 m/s),

however, the RE model significantly underestimates the width, with errors ranging from 15%
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to 32%. Interestingly, the error in the RE model is more sensitive to changes in scanning speed
than in laser power; for a given speed, the error does not change significantly with varying
power, but it increases with higher speeds. For melt pool depth (Figure 3.6 c-d), the RE model
shows more scatter in prediction accuracy compared to the GS model, which follows a more
linear trend. Notably, for the GS model, error decreases with increasing power but increases
with rising speed. High error values are particularly evident at certain power-speed
combinations, especially those involving high power and speed. This discrepancy may result
from the GS model's assumption that the melt pool exhibits a keyhole-type morphology, while
observations in Figure 3.3 indicate the occurrence of balling for these P-V combinations,
which contradicts the keyhole mode assumption.

We hypothesize that the decline in prediction accuracy of the models under varying process
parameters arises from the simplifications and assumptions made during model development,
as well as material and process-related factors discussed earlier. A key assumption in the
models is that material properties remain constant and do not vary with temperature. However,
in reality, properties such as thermal conductivity, specific heat capacity, density, and laser
absorptivity are highly temperature-dependent. Additionally, there is a lack of data on
temperature-dependent properties for additively manufactured materials, particularly at very
high temperatures. These complexities make it challenging to pinpoint a single cause for the
models' reduced accuracy. Further investigation is needed, and resolving these issues in the

models will be a central focus of future research.
3.3.5 Power — Scan Speed (P-V) Process Maps

Process maps were constructed based on model predictions to indicate regions of lack of fusion
and good conduction. Balling was excluded, as melt pool length was not predicted in the
models used in this study. The criteria in Eq. 3.10 and Eq. 3.11 must be satisfied to avoid lack
of fusion and keyholing, respectively [15,239].

ORIORE ®a.310
% > 1.5 (Eq. 3.11)

where, H is hatch spacing, L is layer thickness, w is melt pool width and d is melt pool depth.
These calculations were based on a hypothetical hatch spacing of 100 pm and a solidified layer
thickness of 30 um (assuming a 50% powder packing density, resulting in an actual powder

layer thickness of 60 um). Figure 3.7 (a-b) show the calculation of process maps using the melt
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pool width and depth values from the RE model. Figure 3.7 (c-d), on the other hand, were

produced using the predictions of melt pool width from the ET model and melt pool depth from

the GS model. As can be seen in the process maps, no keyholing was predicted, aligning with

the experimental observations shown in Figure 3.3. Moreover, a comparison of Figure 3.7

with Figure 3.3 also reveals that the combined ET and GS models predict lack of fusion more

effectively than the RE model. However, it is essential to acknowledge that the process maps

serve only as guidance and may not capture all the complexities of the process.
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The overall findings indicate that the Eagar-Tsai model provided the most accurate predictions
for NiTi single tracks melt pool width, while the Gladush-Smurov model offered the best
accuracy for NiTi single tracks melt pool depth. Therefore, it is evident that utilizing both
models is beneficial for achieving the most accurate prediction of solidified melt pool
dimensions in PBF-LB processed NiTi. Monitoring the melt pool dimensions in PBF-LB is
crucial as they directly influence the microstructural and mechanical properties of the
manufactured part [256]. A high energy input produces wide and deep melt pools, while low
energy input leads to narrow and shallow ones. Excessive melt pool width may cause material
spreading, overbuilding, and poor surface finish. On the other hand, narrow melt pools can
result in incomplete fusion, leading to gaps or defects, and reduced part quality. A controlled
melt pool width minimizes the stair-stepping effect, improving surface smoothness. In terms
of depth, inadequate melt pool depth can cause poor bonding between layers, resulting in lack
of fusion porosity. If the melt pool is too deep, keyhole porosity forms, weakening the structure.
Both porosity types adversely affect the strength of the component [257-259]. Moreover, the
melt pool dimensions significantly influence the local thermal gradients. Higher local thermal
gradients lead to higher residual stresses which can in turn result in localized cracking [260].
Melt pool dimensions also inversely affect cooling rates, which in turn govern the resulting
grain structure of the material. These effects ultimately define the part's mechanical properties,
such as strength and toughness [261,262]. Predictive models can help estimate melt pool
dimensions, reducing the need for costly and time-consuming experiments. However, these
models may not always be accurate, as their predictions are sensitive to various factors,

including process conditions and environmental variables [15,263,264].

3.4 Conclusion

The objective of this study was to evaluate the predictive capability of analytical models in
estimating melt pool width and depth for NiTi single tracks based on PBF-LB process
parameters. Experimental analysis revealed that laser power exhibited an almost linear
correlation with melt pool width, while scanning speed showed a logarithmic relationship.
However, melt pool depth did not follow a consistent pattern with respect to either laser power

or scanning speed.

Among the models investigated, the Eagar-Tsai model provided the most accurate predictions

for melt pool width, while the Gladush-Smurov model delivered reasonably accurate
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predictions for melt pool depth. In contrast, the Rosenthal equation did not yield reliable results
for either width or depth predictions. Thus, combining the Eagar-Tsai model for width and the
Gladush-Smurov model for depth resulted in the most reliable overall predictions for the melt

pool dimensions across the range of power and speed (P-V) combinations tested.

Process maps were generated from the model predictions, revealing regions of good conduction
and lack of fusion, while indicating that no keyholing was predicted. These findings enhance
the ability to predict melt pool dimensions for NiTi processed via PBF-LB. Incorporating these
results into finite element models, with temperature-dependent material properties, would lead

to a more comprehensive and robust framework for predicting NiTi melt pool morphology.

This work also emphasizes that the predictive capabilities of analytical models differ across
alloy systems. A model that performs accurately for one material may not be suitable for
another. Moreover, the models' accuracy varies depending on the specific PBF-LB parameters
used. A major factor contributing to the accuracy of the models stems from the simplifications
and assumptions, such as the idea that material properties remain constant with temperature.
Furthermore, data on the temperature-dependent properties of additively manufactured
materials is limited. Future research should aim to address these limitations and improve

accuracy of the models.

Contribution towards the thesis: This chapter evaluates classical analytical melt pool models
against experimental data to assess their applicability to NiTi, identifying the strengths and
limitations of commonly used formulations. This work provided essential baseline
understanding for subsequent high-fidelity modelling. The work demonstrated that analytical
model performance is strongly alloy-dependent and parameter-regime dependent, challenging

the widespread assumption of model transferability across materials.
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Abstract

Powder bed fusion—laser beam (PBF-LB) of nickel-titanium (NiT1) has attracted increasing
interest in aerospace, biomedical, and energy applications due to its shape memory and
superelastic properties combined with the capability to fabricate complex geometries.
However, the strong sensitivity of NiTi to thermal history and process variability makes
predictive modeling and parameter selection challenging. In this work, a physics-guided digital
twin framework integrated with a decision engine is developed for melt pool prediction and
stability assessment in NiTi processed by PBF-LB. A high-fidelity thermal finite element
model calibrated using experimental measurements and CALPHAD-derived temperature-
dependent material properties was employed to simulate melt pool geometries. The thermal
model showed prediction errors below 10% for melt pool width and depth. A multi-output
surrogate model trained on the validated simulation dataset enabled rapid prediction of melt
pool geometrical features, achieving test-set R? values exceeding 0.95 with low MAE and
RMSE values. Five-fold cross-validation further confirmed robust predictive performance. The
framework integrates surrogate predictions with physics-based melt pool stability criteria to
enable rapid exploration of physically feasible processing conditions and provides a
computationally efficient foundation for future supervisory process-control strategies.
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4.1 Introduction

High-fidelity numerical simulations, particularly thermal models implemented in commercial
software such as Ansys Additive Manufacturing Process Parameters (AMPP), provide valuable
insight into melt pool evolution and underlying heat transfer mechanisms. These models
capture the complex thermal interactions governing melt pool geometry and its influence on
process—structure relationships. However, their high computational cost limits their
applicability for rapid process exploration, optimization, and real-time decision-making
[201,229]. As a result, there is growing interest in surrogate modeling approaches that can
approximate simulation outputs at a fraction of the computational cost [265-267].

Recent studies have applied machine learning techniques to predict melt pool characteristics in
laser-based additive manufacturing. While these approaches demonstrate promising predictive
accuracy, many remain purely data-driven, offering limited physical interpretability and few
safeguards against non-physical predictions [18,19,268]. In the context of manufacturing
process control and optimization, this lack of embedded physical knowledge poses a significant
challenge, as mathematically optimal solutions may correspond to physically unstable or
unmanufacturable regimes, limiting their practical applicability in process design and control
[269-271].

To address these limitations, physics-informed digital twins have emerged as a powerful
paradigm for additive manufacturing. Rather than relying solely on black-box regression, such
frameworks integrate data-driven surrogate models with explicit physical constraints, domain
knowledge, and decision logic not only to predict process outcomes rapidly but also to assess
process stability and guide parameter selection in a physically meaningful manner. This
capability is particularly important for materials such as NiTi, where melt pool stability governs
defect formation, thermal gradients, and ultimately microstructure-dependent functional
properties [20-23].

In this work, an offline physics-guided digital twin is developed for melt pool prediction and
stability assessment in PBF-LB of NiTi. A high-fidelity thermal finite element model on Ansys
AMPP, calibrated using experimental measurements, is used to generate a comprehensive
dataset of melt pool geometries. A multi-output surrogate model is then trained to predict melt
pool width, depth, and length with high accuracy. Physics-based stability criteria, formulated
using dimensionless geometric ratios, are embedded to classify processing regimes, including

conduction, keyhole, balling, and lack of fusion.

109



The proposed framework further functions as a decision engine by enabling physics-
constrained optimization of laser process parameters toward stable conduction-mode operation.
By combining rapid surrogate evaluation with rule-based physical reasoning, the digital twin
framework provides both quantitative predictions and qualitative insight into the solidified melt
pool dimensions. The present implementation represents a process-level digital twin operating
in an offline predictive mode. While the framework currently relies on surrogate predictions
generated from experimentally calibrated thermal simulations, the architecture is designed to
be extensible toward real-time implementation through future integration of in-situ sensing,

feedback communication, adaptive model updating and closed-loop process control.

4.2 Materials and Methods
4.2.1 Experimental Details

Single-track experiments were conducted on a NiTi substrate using an Aconity MINI metal
additive manufacturing system (Aconity GmbH). A layer of gas-atomized, prealloyed NiTi
powder was deposited onto the base plate prior to laser exposure. The system was equipped
with a laser operating at a wavelength of 1068 nm and a maximum output power of 200 W.
The pre-alloyed powder composition consisted of 50.54 at.% nickel and 49.46 at.% titanium,
with particle sizes in the range of 15-53 pm. Argon was supplied to the build chamber as a

shielding gas to suppress oxidation and maintain a low-oxygen processing environment.

The NiTi base plate had dimensions of 95 x95 x 6 mm. Throughout the experiments, a
solidified powder layer thickness of approximately 30 um, measured from the multi-beads
formed alongside the single tracks, was maintained. To achieve this, an actual powder layer
thickness of approximately 150 um was applied, resulting in a solidified layer thickness of ~30
um and indicating an effective powder packing density of about 20%. The multi-beads were
fabricated with constant parameters of 200 W laser power, 1000 mm/s scan speed, and 120 um
hatch spacing. For the single-track experiments, a factorial design of experiments was
implemented using a 6 x 6 parameter matrix, in which laser power was varied between 150 and
200 W and scan speed ranged from 500 to 1000 mm/s. The laser beam diameter (spot size at
the focal plane) was held constant at 80 um for all the experiments. In total, 36 single-track

specimens were fabricated using distinct combinations of power and scan speed.

Melt pool widths and depths were quantified using a Keyence VHX-1 three-dimensional

optical microscope. Related example captured images are shown in Figure 4.1. For cross-
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sectional characterization, the tracks were sectioned using ATM Brilliant 250 cutting machine
approximately at the center of the track. The extracted sections were mounted in a transparent
hot mounting resin and prepared using standard metallographic procedures. Grinding was
performed with silicon carbide papers of progressively finer grit sizes from 80 to 1200,
followed by polishing with diamond suspensions of 9, 3, and 1 um particle size at rotational
speeds between 250 and 300 rpm. To reveal melt pool morphology, the polished samples were
chemically etched using a solution containing 5 mL nitric acid (HNO3), 4 mL hydrofluoric acid
(HF), and 40 mL deionized (DI) water. More images of the top-view and cross-sectional view

of the tracks fabricated are provided in Figure 4.2, Figure 4.3 and Figure 4.4.

200 pm

Figure 4.1 (a) Top-view image of the single-track, (b) cross-section image of the single-track
showing melt pool width and depth measurements (Sample 32), (c) measurement of the

solidified powder layer thickness from the multi-bead experiments.
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Figure 4.2 Top-view of the single-tracks produced along with the parameter combinations.
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Figure 4.3 Cross-sectional of the single-tracks produced along with the parameter combinations.

Figure 4.4 Micrograph of a multi-bead (a) top-view (b) cross-sectional view.
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4.2.2 Pyrometric Infrared (IR) Data

Thermal measurements of the molten pool were obtained using two pyrometers manufactured
by KLEIBER Infrared GmbH, integrated into the Aconity MINI PBF-LB system. These
sensors capture the emitted radiation from the laser-material interaction zone within a
wavelength range of 1500—1700 nm. The acquired infrared (IR) data are stored along with their
corresponding spatial coordinates (X, y) on the build plate.

In this work, the recorded data were processed to generate graphical visualizations that
illustrate temperature variations across the build layer. The data acquisition rate was 100,000
samples per second, resulting in about 1,065,000 data points for the single layer, each
containing spatial and thermal information. To facilitate comparison and visualization of the

thermal behaviour, the temperature values were normalized to a dimensionless scale between

Oand 1.

4.2.3 CALPHAD

The temperature-dependent NiTi material properties were obtained via CALPHAD method in
Thermo-Calc 2025a software employing TCTI6 titanium alloys database using Equilibrium
with Freeze-in Temperature model. This titanium alloys is the most updated database for shape
memory alloys as it contains B2 austenite phase as well as B19' martensite phase. These
properties namely thermal conductivity, thermal diffusivity, specific heat capacity and density

are shown in Figure 4.5.
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Figure 4.5 CALPHAD (a) Thermal conductivity (b) thermal diffusivity, (c) specific heat (d)
density of NiTi with respect to temperature.

4.2.4 Thermal Modelling

A thermal finite element model on Ansys AMPP software version 2025R2 was used for
simulating the single tracks as shown in Figure 4.6. A structured Cartesian mesh is adopted to
maintain fixed coordinates and to enable more accurate identification of melt pool dimensions.
A refined mesh resolution of 15 um was applied, which is internally verified by Ansys
Additive. NiTi was added to the software as n user-defined material with the thermo-physical
properties and a quarter of the experimental dataset was used to tune the model. The governing
equations of the thermal model are given in Eq. 4.1, Eq. 4.2 and Eq. 4.3 where Eq. 4.1
represents the Fourier thermal conduction equation, Eq. 4.2 represents the heat loss due to

convection and Eq. 4.3 represents the Gaussian heat source.
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pelt = (k5) +5-(k5) + 5 (k%) +Q (Eq. 4.1)
where p is density, ¢ is specific heat k thermal conductivity T is temperature, t is time, Q is heat
source and x, y and z are directions.

QC =h(T - TO) (Eq. 4.2)
where Q. is the heat loss due to convection, h is the coefficient of thermal convection, T is

transient temperature and Ty is the initial temperature.

—2r?
w2

Q=2-—exp (Eq. 4.3)
where Q is the heat flux input, A is the absorptivity, P is the laser power, w is the laser beam
diameter and r is the position of the laser beam.
In the thermal model, temperature-dependent ratios between solid and powder properties are
applied to account for the lower effective conductivity and density of the powder. This
approach allows the model to represent not only the room-temperature powder behavior but
also the thermal properties at elevated temperatures prior to melting. Details regarding the ratio
relating the powder property to the solid property are given below:
o Thermal Conductivity Ratio values:
o Ratio =0.01 from 2 Kelvin to [0.6 x the solidus temperature]
o Ratio = 0.4 from [0.6 x the solidus temperature] to the liquidus temperature of
the material
o Ratio =1 from the liquidus temperature to 15000 Kelvin.
o Density Ratio values:
o Ratio =0.2 from 2 Kelvin to the liquidus temperature of the material.
(0.2 is the value that corresponds to the powder packing density in the build chamber after the
recoating process)
o Ratio =1 from the liquidus temperature to 15000 Kelvin.
o Specific Heat Ratio value is always 1.
Other boundary conditions in the model are:
e The top boundary of the build has a constant forced convection applied uniformly.
Aside from the laser model, radiation effects are neglected.
e The lateral boundary conditions are adiabatic while using a buffer region of powder
extending out from the part's bounding box to avoid any boundary effects.
o The user-specified Baseplate Temperature is used as a fixed-temperature boundary
condition at the bottom of the build.
For further details about the model, the reader is referred to the work by Teng et al. [272].
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Figure 4.6 Illustration of the baseplate, the single-bead and their dimensions in the model,
adapted from the ANSYS Additive User’s Guide (2020).

4.2.5 Machine Learning

4.25.1 Data Generation and Pre-processing

Thermal simulation data were generated using the Ansys Additive thermal model for single-
track laser melting. The dataset comprises process parameters and corresponding melt pool
geometrical characteristics extracted from the simulated transient thermal fields. All data were
assembled into a structured dataset and used directly without normalization, as tree-based

models are invariant to monotonic feature scaling.

4.2.5.2 Surrogate Model Development

A data-driven surrogate model was developed to approximate the mapping between laser
process parameters and melt pool geometry obtained from high-fidelity AMPP thermal
simulations. A Random Forest regressor was selected due to its suitability for limited datasets,
ability to capture nonlinear interactions between process parameters, and improved robustness
through ensemble averaging. To mitigate overfitting, the model complexity was controlled
using constrained tree depth and minimum leaf size parameters.

The final surrogate model employed 400 decision trees (n_estimators = 400), with a maximum

tree depth of 18 and a minimum leaf size of 2. These parameters were selected empirically to
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balance predictive accuracy and model generalization. To predict multiple geometrical outputs
simultaneously, a multi-output regression framework was implemented using a
MultiOutputRegressor wrapper.

The thermal simulations were performed on a workstation equipped with an Intel Xeon W-
2275 CPU (3.30 GHz), 128 GB RAM and 14 cores. Each simulation required approximately
15 minutes to compute the melt pool geometry for a single set of process parameters. In
contrast, the developed surrogate-based digital twin enables prediction of melt pool
characteristics in less than one second. This represents a reduction in computational time by
over three orders of magnitude, highlighting the potential of the proposed framework for rapid

process exploration, optimization, and real-time decision support in PBF-LB of NiTi.

4.2.5.3 Physics-Guided Digital Twin Architecture
The trained surrogate model was integrated within a physics-guided digital twin framework for
rapid prediction and assessment of melt pool behaviour in PBF-LB of NiTi. The framework
combines data-driven surrogate predictions with explicit physics-based regime classification
and constrained decision logic to support process exploration within physically meaningful
operating conditions. Unlike conventional physics-informed machine learning approaches,
physical constraints are not embedded directly into the surrogate model training objective.
Instead, physically motivated melt pool stability criteria are incorporated at the decision-engine
level to guide parameter selection and regime assessment rather than through direct embedding
of governing equations within the surrogate model loss function.
The digital twin maps a vector of laser process parameters (Eq. 4.4):

x = {h,dy, P, v} (Eq. 4.4)
where

e h=layer thickness (um)
e dp=beam diameter (um)
o P=laser power (W)

e v=scan speed (mm/s)

to predicted melt pool geometrical features (Eq. 4.5):
y = {W, D, Wref, Drer, L} (Eq. 4.5)
Where
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e W= melt pool width

e D=melt pool depth

e W= melt pool reference width
e D,.f= melt pool reference depth
e L=melt pool length

Melt pool width corresponds to the width measured at the top surface of the deposited powder
layer, while melt pool depth represents the combined depth of the remelted region and powder
layer thickness. Reference melt pool width and reference melt pool depth are defined at the top
of the remelted substrate beneath the deposited powder layer and therefore characterize only

the remelted substrate geometry.

The surrogate model f(-) was trained to approximate the Ansys Additive thermal simulation

response (Equation (4.6)):
¥ = f(x) (Eq. 4.6)

The surrogate model consists of a Random Forest regressor implemented in a multi-output
framework (Equation (4.7)):

f(x) = [W(x), D(X), Wief(%), Drer(x), L(x)] (Eq. 4.7)
To improve generalization assessment, the surrogate model was evaluated using an 80/20 train-
test split together with five-fold cross-validation. The final deployed surrogate was
subsequently retrained using the full dataset to maximize predictive fidelity within the
calibrated process space.
The digital twin was implemented as a modular Python framework consisting of dedicated
prediction, regime-classification, and decision-engine components. This architecture enables
reproducible deployment across graphical user interfaces, parameter-search routines, and

future supervisory control extensions.

4.2.5.4 Decision Engine and Physics-Constrained Parameter Search

The digital twin framework was coupled with a physics-constrained decision engine to identify
process parameter combinations associated with stable conduction-mode melting. Rather than
performing gradient-based optimization, the framework employs a surrogate-assisted discrete

parameter search constrained to the validated design-of-experiments (DOE) parameter space.
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The search space was defined using laser power and scan speed as optimization variables while
maintaining fixed layer thickness and beam diameter (Eq. 4.8).

z = {P,v} (Eq. 4.8)
For fixed layer thickness and beam diameter, the decision engine performs a discrete parameter
search over predefined laser power and scan speed combinations corresponding to the validated
DOE space used for surrogate model training. Restricting the search to DOE-consistent
parameter combinations prevents extrapolation beyond the calibrated surrogate domain and
improves physical reliability of the predictions. Candidate parameter combinations were
evaluated using the surrogate model together with physics-based regime classification criteria.
A candidate parameter set was considered feasible only if it satisfied conduction-regime
conditions (Eq. 4.9). Among feasible candidates, a scalarized objective function was used to
quantify melt pool stability, penalizing deviations from target geometric ratios:

o Reference depth-to-width ratio near 0.5
e Length-to-width ratio near 2-3

F = {z | Regime(z) = Conduction} (Eq. 4.9)

A scalarized stability objective was minimized (Equation (4.10)):
J(z) =l Rpw(z) — 0.5 | +| Rpw(z) — 2.5 | (Eq. 4.10)
Regime classification was determined using dimensionless geometric ratios derived from

predicted melt pool dimensions (Eq. 4.11 and Eq. 4.12):

Dre

Rpw = Wre; (Eq. 4.11)
L

Ruw = (Eq. 4.12)

where Rpyy represents the reference depth-to-width ratio and Ry, denotes the melt pool length-
to-width ratio. The target values of 0.5 and 2.5 correspond to characteristic geometric ratios
associated with stable conduction-mode melting reported in the literature. Minimization of J (z)
therefore selects parameter combinations closest to the desired stable melt pool morphology
while remaining within the feasible conduction regime. The first term penalizes deviation from
characteristic conduction-mode penetration behavior, while the second term penalizes
excessive melt pool elongation associated with balling instability. The candidate minimizing
this stability metric was selected as the optimal solution (Eq. 4.13). The optimal parameters
were selected as:

z" = argminJ(z) (Eq. 4.13)
ZEF
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The proposed framework employs a surrogate-assisted parameter exploration strategy rather
than a formal gradient-based optimization algorithm. Candidate process parameters are
sampled within predefined physically valid ranges and evaluated using the surrogate model.
Predicted melt pool geometries are subsequently filtered using physics-based regime
classification criteria to identify feasible conduction-mode conditions.

A scalarized stability objective function is then evaluated for all feasible candidates, and the
parameter combination minimizing deviation from target geometric stability ratios is selected

as the preferred operating condition.

4.2.5.5  Graphical User Interface Integration

A graphical user interface (GUI) was developed using the Tkinter framework to enable
interactive use of the digital twin. The GUI allows users to:

o Enter PBF-LB process parameters,
e Predict melt pool geometry and processing regime,
e Perform physics-constrained parameter search for conduction-mode operation.

The interface displays predicted melt pool dimensions, geometric stability ratios, and the
corresponding melt pool regime classification in real time, thereby enabling rapid engineering
assessment without direct interaction with computationally intensive thermal simulations.
Figure 4.7 illustrates the overall workflow of the proposed framework and the GUI is shown

in Figure 4.8 and Figure 4.9.
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Figure 4.7 Schematic of the workflow of the physics-informed digital twin and decision
engine.
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Figure 4.8 GUI showing melt pool prediction.
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Figure 4.9 GUI showing process optimization.
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4.3 Results and Discussion

4.3.1 IR Data Analysis

Figure 4.10 shows the relationship between laser power, scan speed and temperature recorded
by the pyrometers as well as the thermogram layout of the printed single-tracks and multi-
beads. It can be observed that the temperature increases with increasing power and decreases
wirh increasing speed. This reflects the effect of energy density on melt pool temperature and
thus the melt pool dimensions, where increase in energy density causes an increase in these
attributes and vice-versa [257].
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Figure 4.10 The effect of laser power on (a) maximum temperature, (b) average temperature,
the effect of scan speed on (¢) maximum temperature, (d) average temperature, and (e) the
thermogram visualization of the single-tracks and multi-beads printed along with the

corresponding temperature recorded from the pyromertic IR data monitoring.

124



4.3.2 Experimental Melt Pool Trend Analysis

Figure 4.11 presents the experimentally measured variation of melt pool width and depth as
functions of laser power and scan speed for different processing conditions. The experimental
results reveal clear and physically consistent trends where melt pool width and depth increase
systematically with increasing laser power, whereas both quantities decrease with increasing
scan speed, supporting the trends in IR melt pool temperature data (Figure 4.10). At higher
laser powers, the increased thermal energy input promotes greater heat accumulation and
enhanced melting, resulting in wider and deeper melt pools. Conversely, increasing scan speed
reduces the interaction time between the laser and material, thereby decreasing the absorbed
energy per unit length and limiting melt pool growth. The observed behavior agrees well with
established thermophysical interpretations reported in the literature for laser-based additive

manufacturing processes [170,186,211].

(2 (b)

160 A

1401 ER

2 2

£ £ 451

E / % _a
3 120 Scan Speed /R 404 Scan Speed

—o— 900 mm/s (R*=0.971) 304 —#— 900 mm/s (R*=0.959)
=8 1000 mm/s (R*=0.982) ~@— 1000 mm/s (R*=0.968)

—8— 500 mm/s (R*=0.973) —8— 500 mm/s (R*=0.939)

600 mm/s (R*=0.969) 600 mm/s (R*=0.957)

—o— 700 mm/s (R*=0.968) 351 —m— 700 mm/s (R*=0.961)

1001 —e— 800 mm/s (R*=0.959) —&— 800 mm/s (R*=0.979)

150 160 170 180 190 200 150 160 170 180 190 200
Laser Power (W) Laser Power (W)

Laser Power
—8— 150 W (R*=0.998)
160 W (R*=0.994)

Laser Power
—= 150 W (R*=0.999)

160 W (R?=0.998)
160 —o— 170 W (R*=0.998) —m— 170 W (R*=0.999)
—8— 180 W (R*=1.000) 554 —— 180 W (R>=0.999)
0~ 190 W (R*=1.000) ~— 190 W (R*=0.999)
— —o— 200W (R=0.9%) | _ 0l —m— 200 W (R*=0.999)
£ 140 g7
] 2
= < 45
2 oy
Z 1201 S 401
351
1001
© 301 @
500 600 700 800 900 1000 500 600 700 800 900 1000
Scan Speed (mm/s) Scan Speed (mm/s)

Figure 4.11 (a) Effect of laser power on melt pool width (b) effect of laser power on melt
pool depth, (c) effect of scan speed on melt pool width and (d) effect of scan speed on melt

pool depth from the experimental measurements along with the corresponding R? values.
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4.3.3 Thermal Model Performance

The developed FE thermal model was employed to simulate melt pool behavior for the 36
process parameter combinations used in the single-track experiments. The model demonstrated
good agreement with experimental measurements, achieving prediction accuracies exceeding
90% for melt pool width and depth across most parameter sets. A detailed comparison between
simulated melt pool dimensions, along with the corresponding prediction errors, is provided in
Table 4.1. In addition to width and depth, the thermal model was used to estimate melt pool
length, which is difficult to measure reliably in the experimental setup. Percentage error was

calculated as:

Predicted—Experimental

Error (%) = x 100 (Eq. 4.14)

Experimental

where positive values indicate overprediction and negative values indicate underprediction
relative to experimental measurements. A representative example of a simulated melt pool is

shown in Figure 4.12.
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Figure 4.12 Simulation of the melt pool from the model (a) top-view (b) side view.
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Table 4.1 Comparison of AMPP thermal FE model predicted melt pool dimensions with

experimental measurements and corresponding errors.

Sample Laser Power Scan Speed Exp. Model Width Exp. Model Depth Melt Melt Melt

No. Melt Melt Error Melt Melt Error Pool Pool Pool
Pool Pool Pool Pool Width  Depth  Length
Width Ref Depth Ref
Width Depth

() (mm/s) (m) (m) (%) (um)  (um) (%) (um)  (um) (wm)

1 150 500 138 152 10.1 52 57 94 173 87 567
2 150 600 127 139 9.7 47 51 7.9 163 8l 578
3 150 700 116 126 9.0 42 45 73 151 75 578
4 150 800 106 115 8.0 37 40 75 140 70 570
5 150 900 97 105 8.5 32 34 72 133 64 559
6 150 1000 88 95 7.5 28 29 47 125 59 544
7 160 500 143 156 9.1 53 59 11.1 178 89 588
8 160 600 130 143 99 48 53 94 166 83 601
9 160 700 120 131 89 43 47 103 156 77 603
10 160 800 109 119 93 39 42 7.5 142 72 598
11 160 900 100 110 10.0 35 37 6.0 137 67 593
12 160 1000 92 100 8.6 30 32 6.0 129 62 577
13 170 500 147 160 87 55 60 9.6 183 90 606
14 170 600 136 146 7.6 50 54 8.6 169 85 623
15 170 700 125 135 7.8 45 50 102 159 80 629
16 170 800 114 123 83 41 44 79 147 74 628
17 170 900 105 114 84 36 40 102 139 70 626
18 170 1000 9 105 89 32 34 7.6 132 64 610
19 180 500 161 163 1.2 56 61 94 186 91 622
20 180 600 150 150 -0.2 52 56 7.6 171 86 642
21 180 700 139 139 -03 47 51 8.6 163 8l 654
22 180 800 128 128 -0.1 43 46 7.8 152 76 655
23 180 900 117 117 03 38 42 93 141 72 652
24 180 1000 106 109 29 34 37 87 136 67 644
25 190 500 168 166 -1.2 59 62 54 189 92 636
26 190 600 157 153 -2.8 55 57 45 173 88 661
27 190 700 145 141 -25 51 53 34 165 83 676
28 190 800 134 131 -1.9 47 48 28 157 78 681
29 190 900 123 121 -1.5 42 44 39 145 74 681
30 190 1000 112 112 04 38 39 35 138 69 675
31 200 500 174 169 -3.0 63 63 -0.1 191 93 650
32 200 600 163 156 -45 59 58 -09 177 89 678
33 200 700 150 144 -40 54 54 05 167 84 697
34 200 800 138 135 -22 50 50 0.1 159 80 706
35 200 900 128 125 2.7 46 46 -09 149 76 708

36 200 1000 118 115 -2.1 42 41 22 140 71 701
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Following validation of the thermal model against experimental observations, the dataset was
systematically expanded to cover 693 process parameter combinations. This extended dataset
comprised three layer thicknesses, three beam diameters, eleven laser power levels, and seven
scan speeds. The resulting melt pool dimensions predicted for this expanded parameter space
are presented in Figure 4.13, Figure 4.14, and Figure 4.15. For most of the parameter
combinations, melt pool dimensions exhibit an approximately linear dependence on laser
power and scan speed. However, in certain cases, a logarithmic relationship with scan speed is
observed. Similar trends were reported in our previous study, where both experimental
measurements and predictions from various analytical models demonstrated comparable scan
speed—dependent behaviour [170]. The comprehensive dataset generated through this approach

was subsequently used to train the surrogate model described in the following sections.
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Figure 4.13 Thermal model predicted melt pool dimensions for 30 um layer thickness - (a)

melt pool width, (b) melt pool depth (c) melt pool length for 40 pm beam diameter, (a) melt

pool width, (b) melt pool depth (¢) melt pool length for 80 um beam diameter, (a) melt pool
width, (b) melt pool depth (c) melt pool length for 120 um beam diameter. Dashed lines

represent the overall trend.
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Figure 4.15 Thermal model predicted melt pool dimensions for 30 um layer thickness - (a)

melt pool width, (b) melt pool depth (c) melt pool length for 40 um beam diameter, (a) melt

pool width, (b) melt pool depth (¢) melt pool length for 80 um beam diameter, (a) melt pool
width, (b) melt pool depth (c¢) melt pool length for 120 pm beam diameter. Dashed lines

represent the overall trend.
4.3.4 Surrogate Model Performance

The surrogate model performance was evaluated using the coefficient of determination (R?),
mean absolute error (MAE), and root mean square error (RMSE) on an independent test dataset
obtained using an 80/20 train-test split. In addition, five-fold cross-validation was performed
to assess model robustness and generalization within the calibrated process parameter space.
The multi-output Random Forest surrogate demonstrated consistently high predictive accuracy

across all melt pool geometrical descriptors:
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e Melt pool width: R? = 0.959, MAE = 6.19 um, RMSE = 8.17 pm

e Melt pool depth: R? = 0.991, MAE = 3.57 um, RMSE = 5.72 pm

o Reference width: R? = 0.964, MAE = 6.90 um, RMSE = 10.42 um
o Reference depth: R? = 0.982, MAE =4.01 um, RMSE = 6.00 um

e Melt pool length: R? = 0.983, MAE =20.70 pm, RMSE =28.16 um

The corresponding five-fold cross-validation results further confirmed model stability, with
mean R? values of 0.964, 0.988, 0.962, 0.980, and 0.982 for melt pool width, depth, reference
width, reference depth, and melt pool length, respectively. The low standard deviations across
folds (<0.01) indicate consistent predictive performance and limited sensitivity to data
partitioning.

The high R? values demonstrate that the surrogate effectively captures the nonlinear
relationships between laser process parameters and melt pool geometry within the simulated
process space. The relatively low MAE and RMSE values indicate strong agreement between
surrogate predictions and the underlying AMPP thermal simulation outputs in absolute
dimensional terms. Among the predicted quantities, melt pool length exhibited comparatively
larger errors, which is attributed to its stronger sensitivity to trailing thermal gradients, heat
accumulation, and solidification dynamics compared with width- and depth-related features.
Overall, the surrogate model provides an accurate and computationally efficient approximation
of the calibrated thermal simulations, enabling rapid melt pool prediction suitable for digital

twin deployment and physics-constrained parameter exploration.
4.3.5 Physics-Based Melt Pool Regime Classification

Beyond numerical prediction accuracy, the digital twin incorporates explicit physics-based
criteria to classify melt pool regimes. Regime classification is based on dimensionless
geometric ratios derived from predicted melt pool features, specifically the reference depth-to-
width ratio and the melt pool length-to-width ratio. These criteria reflect well-established
physical interpretations of melt pool stability in laser powder bed fusion processes.
The following regimes are identified within the framework:

o Lack of fusion, corresponding to insufficient penetration when the melt pool reference

depth is smaller than the layer thickness [239]

e Conduction mode, characterized by stable melting within the range 0.3 < Do/ Wier <
0.6 [215]
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o Keyhole mode, associated with excessive penetration when D,.¢/W,.;s > 0.6 [101]

o Balling, identified when the melt pool length-to-width ratio exceeds a critical threshold

of 3 [108]

This rule-based classification incorporates metallurgical and fluid-mechanical knowledge into
the regime assessment process, ensuring that melt pool regime identification is governed by
physically motivated criteria rather than purely data-driven classification. As a result, the
framework provides not only quantitative melt pool geometry predictions but also qualitative

insight into process stability and manufacturability.
4.3.6 Physics-Guided Decision Engine and Input Constraints

A key contribution of this work is the integration of physics-guided constraints within the
decision-engine framework. Input parameters are restricted to discrete values corresponding to
the experimentally and numerically validated DOE space used for surrogate model
development, thereby preventing extrapolation beyond the surrogate’s reliable operating
domain. This constraint-based strategy ensures that all predictions and parameter-search results
remain physically meaningful and manufacturable.

By enforcing both numerical validity and discrete parameter constraints, the digital twin
operates as a controlled decision-support tool rather than a purely predictive model. This design
choice is particularly important for additive manufacturing applications, where small
deviations in process parameters can lead to unstable melt pool behaviour or defect formation

[262].
4.3.7 Physics-Constrained Process Parameter Search

The developed framework enables automated process parameter exploration through a physics-
constrained parameter-search routine aimed at identifying conduction-mode operating
conditions. The decision engine leverages the surrogate model to rapidly evaluate candidate
parameter combinations while rejecting solutions that violate melt pool stability criteria.

Unlike unconstrained parameter-selection approaches, the proposed decision engine prioritizes
physical feasibility over purely mathematical optimality. As a result, optimized solutions
consistently satisfy conduction-mode conditions while maintaining realistic laser power and
scan speed combinations. This demonstrates the suitability of the digital twin for use as a

supervisory decision-support tool in additive manufacturing process planning.
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4.3.8 Digital Twin Interpretation and Implications

The integration of surrogate modelling, physics-based regime classification, and constrained
optimization constitutes a process-level physics-guided digital twin framework for laser
powder bed fusion of NiTi. The developed framework enables rapid prediction of melt pool
geometry and stability, allowing rapid exploration of process parameter effects without
repeated high-fidelity simulations. This capability represents a significant reduction in
computational cost and provides a practical pathway for accelerated process development and

optimization.

Figure 4.16 shows the feature importance and partial dependence plots to evaluate the effects
of various PBF-LB process parameters on melt pool geometry. The feature importance analysis
reveals that different melt pool dimensions are governed by distinct process parameters,
highlighting the multi-physics nature of laser-matter interaction in PBF-LB [273]. Melt pool
width is primarily controlled by scan speed and laser power, reflecting the role of energy input
per unit length and lateral heat diffusion [108,190]. In contrast, melt pool depth is dominated
by beam diameter and layer thickness, indicating the importance of power density and
penetration efficiency [101,274]. Melt pool length is most sensitive to beam diameter and laser

power, consistent with thermal trailing and solidification dynamics [262,275].

Partial dependence plots further demonstrate monotonic and physically consistent trends, with
increasing laser power enhancing all melt pool dimensions, while increasing scan speed
systematically reduces width, depth, and length [92,276]. The trends corroborate well with the
parameter-temperature relationship from the IR data analysis illustrated in Figure 4.10. These
results validate the surrogate model’s physical fidelity and provide a mechanistic basis for

regime-based process optimization.

From a materials perspective, the predicted melt pool geometries are directly linked to
solidification conditions, thermal gradients, and cooling rates, which govern microstructure
evolution, defect formation, and phase transformation behaviour in NiTi. In particular, the
transition between conduction, keyhole, balling, and lack-of-fusion regimes provides a
physically meaningful basis for identifying process windows that minimize defects and ensure
stable processing conditions [132,133,257]. The incorporation of such physics-based criteria
within the digital twin enables not only prediction but also informed decision-making aligned

with materials performance requirements.
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Figure 4.16 Random Forest feature importance plots for melt pool (a) width, (b) depth, (¢)
length, and partial dependence showing the influence of laser power on melt pool (d) width,
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Importantly, the framework is inherently extensible. While the present study focuses on offline
prediction and optimization, the architecture is readily adaptable to closed-loop or supervisory
control by incorporating in-situ sensing and feedback. In this context, the surrogate model
serves as the predictive core, while the physics-based decision logic ensures safe and stable

operation.

Overall, the results demonstrate that embedding physical knowledge into data-driven surrogate
models yields a robust, interpretable, and computationally efficient digital twin. The proposed
approach not only enhances process understanding but also provides a scalable foundation for
linking process parameters to microstructure and functional performance in NiTi-based

additive manufacturing.
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4.3.9 Limitations and Future Outlook

Several limitations of the present study should be acknowledged. First, the surrogate model is
trained exclusively on simulation data and is therefore limited by the assumptions and fidelity
of the underlying thermal model. While experimental validation was performed for a subset of
conditions, broader experimental verification would further strengthen confidence in the digital
twin. Second, the current regime classification relies solely on geometric criteria and does not
explicitly account for fluid flow, vaporization, or spatter dynamics, which may influence melt

pool stability under extreme conditions [252,277].

Future work will therefore focus on integrating hybrid simulation—experimental datasets and
in-situ monitoring data to further improve physical representativeness. Furthermore, the digital
twin framework can be extended to part-scale predictions, including porosity formation,
surface roughness and residual stress development. Additionally, integration with in-situ
sensing modalities such as melt pool imaging or pyrometry would enable closed-loop control
and continuous model updating. These extensions would further enhance the applicability of

the proposed framework for real-world additive manufacturing environments.

4.4 Conclusion

In this study, an offline physics-guided digital twin framework was developed for predicting
and optimizing melt pool behavior in PBF-LB of NiTi. A high-fidelity thermal finite element
model was first established and calibrated using single-track experimental measurements and
temperature-dependent thermophysical properties obtained via the CALPHAD method. The
calibrated thermal model demonstrated strong agreement with experimental observations,
achieving prediction accuracies exceeding 90% for melt pool width and depth.

Leveraging the validated thermal model, an extensive dataset comprising melt pool width,
depth, and length was generated over a broad range of process parameters. This dataset was
subsequently employed to train a multi-output Random Forest surrogate model capable of
rapidly predicting melt pool geometrical features with high computational efficiency. The
surrogate demonstrated excellent predictive performance, achieving coefficients of
determination (R?) greater than 0.95 for all melt pool descriptors, along with low mean absolute

error (MAE) and root mean square errors (RMSE) relative to the thermal model outputs.
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To ensure physical interpretability and manufacturability, physics-based geometric criteria
were embedded into the framework to classify melt pool regimes, including lack of fusion,
keyholing, balling, and stable conduction. By integrating these criteria with surrogate
predictions, the physics-guided digital twin functions as a decision engine that identifies
process parameter combinations conducive to stable conduction-mode melting. A graphical
user interface was developed to facilitate intuitive interaction with the digital twin and to
support informed process parameter selection.

While the current implementation is focused on micro-scale melt pool predictions, the proposed
framework is inherently extensible. Future work will target expansion to meso-scale, micro-
scale and part-scale predictions, including porosity formation, surface roughness, residual
stress development, microstructure, phase fractions and resulting functional properties, thereby
enhancing its relevance for component-level performance assessment. Furthermore, integration
of the offline digital twin with in-situ sensing and manufacturing hardware would enable
closed-loop process control, paving the way toward adaptive and intelligent additive
manufacturing systems. Additional experimental validation over the extended parameter space
will further assess the robustness and generalizability of both the thermal and surrogate models.
Overall, this work demonstrates that coupling high-fidelity thermal modeling with data-driven
surrogates and physics-based decision logic provides a powerful and scalable approach for melt

pool prediction, regime identification, and process optimization in PBF-LB of NiTi.

Contribution towards the thesis: In this chapter, a calibrated thermal finite element model
was developed to simulate melt pool behaviour under PBF-LB conditions. Temperature-
dependent material properties were derived using the CALPHAD method, enabling improved
representation of NiT1’s thermophysical and phase-dependent behaviour, addressing a major
limitation identified in the literature. The FE model was validated against experimental melt
pool measurements and subsequently used to generate datasets for training multi-output
surrogate models. These surrogate models form the core of a physics-informed digital twin
framework, enabling rapid melt pool prediction and process parameter optimisation within
physically constrained regimes. The results represented a substantial improvement over
analytical models and demonstrated the importance of temperature-dependent material data.
The successful integration of FE modelling, CALPHAD data, surrogate machine learning, and
physics-based constraints represents a step-change in melt pool prediction and optimisation for

NiTi, bridging the gap between accuracy and computational efficiency.
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Abstract

This study provides a comprehensive analysis of residual stress characteristics in nitinol parts
fabricated via PBF-LB. Unlike previous works that primarily focus on qualitative assessments
or single-measurement techniques, this research employs a multi-modal experimental
approach, Electronic Speckle Pattern Interferometry-Hole Drilling (ESPI-HD) and X-ray
Diffraction (XRD), to achieve a more precise and spatially resolved evaluation of residual
stress distribution. Furthermore, the study establishes a direct correlation between residual
stress evolution and in situ pyrometric melt pool temperature data, an aspect that has not been
extensively explored in prior investigations. A key novel finding is the non-monotonic
relationship between volumetric energy density (VED) and residual stress. In this work, laser
power was kept constant, and VED was varied by adjusting scanning speed and hatch spacing.
The results show that the average residual stress initially increases with decreasing scan speed
and hatch spacing, plateaus at a critical threshold, and subsequently decreases. However,
residual stress was also found to vary in the build direction, indicating the complex stress
distributions and accommodation mechanisms within the material. Additionally, an inverse
relationship was recorded between the thermal gradient and VED which challenges
conventional assumptions about their relationship. These insights offer a new perspective on
optimizing PBF-LB process parameters for enhanced structural performance and long-term
reliability of additively manufactured nitinol.
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5.1 Introduction

Residual stress (RS) can be evaluated through destructive (distortion-based), semi-destructive
and non-destructive techniques (diffraction-based). The destructive measurements work on the
basis of the strain—release principle. When an RS-free material is sectioned at a plane, the total
summation of stresses normal to the plane should be zero at static equilibrium. If a nonzero
strain value is measured normal to the plane, then this difference caused by disturbance of the
mechanical equilibrium provides an indication of the RS. The measured strain can then be
processed via an analytical or finite element (FE) model to estimate the actual stress values.
Common destructive methods include the hole-drilling (HD) method, contour method, and
micro-ring core milling analysis [278,279]. A recent modification has been introduced to the
traditional hole-drilling method, known as the electronic speckle-pattern interferometry
(ESPI)-hole drilling method. ESPI is an innovative, noncontact optical measurement technique
designed for the precise measurement of small displacements across the entire field of view. It
is a semi-destructive RS measurement technique that is utilized to measure the distribution and
magnitude of RS near the surface of a component. It involves drilling a small hole at small
increments on the surface of the component, which is illuminated by coherent laser light. The
removal of material causes surface displacements and strains as a result of stress release, while
the back calculation of these strains is used to determine the original RS at each increment. The
method is based on image analysis of images created by the interference of the object beam
and the reference beam, where the reference beam is phase shifted and an image is taken at
each shift. The ESPI method is therefore more effective in determining the stress relaxations
identified by the changes in the speckle pattern. By subtracting this modified speckle pattern
from a reference pattern, correlation fringes are obtained, enabling accurate quantification of
RS in a highly efficient and non-invasive manner [280,281].
Diffraction-based methods, such as X-ray diffraction (XRD) and neutron diffraction (ND), rely
on two fundamental principles. The first is Bragg's law presented in Eq. 5.1, which relates the
position of the diffracted peak (8) to the lattice spacing (dyy) and the wavelength of the
incident radiation (). This relationship allows the measurement of the lattice spacing, which
can then be compared with the unstrained lattice parameters and ray constants to determine the
existing lattice strain [282,283].

nA = 2dp; Sin 6 (Eq.5.1)
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The second principle is based on Hooke's law, which relates strain to stress through the
material's modulus of elasticity (E). In diffraction-based methods, this relationship is used to
estimate stress values. The stress normal to the measured plane is assumed to be zero, allowing
the lattice spacing (d) to be directly interpreted as the strain measurement. The relationship

between the stress (o), Young’s modulus (E), Poisson’s ratio (v), and slope (m) of d vs. sin?¥

(W is the angle between the sample surface normal and the diffraction vector) is given by Eq.

5.2 [284,285], where @ represents the orientation angle.

o, = (i) m (Eq. 5.2)

1+v

The primary objective of this study was to investigate the influence of VED (controlled through
variations in scanning speed and hatch spacing while keeping laser power constant) on the
development of RS in NiTi samples fabricated via PBF-LB. RS measurements were conducted
using two complementary techniques: X-ray diffraction (XRD) for surface-level stress
distribution (up to 100 um depth) and Electronic Speckle Pattern Interferometry-Hole Drilling
(ESPI-HD) for stress analysis up to 250 um in depth. Unlike previous studies that primarily
focus on qualitative residual stress assessments or single-measurement methods, this work
provides a depth-resolved, multi-modal analysis, offering a more comprehensive
understanding of RS distribution in additively manufactured NiTi. Furthermore, the measured
residual stresses were systematically correlated with in situ pyrometric infrared (IR) melt pool

temperature data—an approach that had received limited attention in the literature to date.

5.2 Materials and Methods
5.2.1 Experimental Details

The NiTi powder used was composed of 50 at.% Ni and 50 at.% Ti. The samples were
fabricated using Aconity MINI (GmbH) PBF-LB machine equipped with a Nd:YAG fiber laser
system from IPG Photonics, which has a wavelength of 1070 nm and a maximum power
capacity of 200 W. The build chamber was installed with a rubber-based recoater blade. The
chamber was purged with argon gas (99.999%) to ensure a minimum oxygen content (<50
ppm) throughout the melting and solidification process. A powder supply factor of 1.8 (nearly
twice the layer thickness) was used in the print process to ensure sufficient powder spread. To

reduce spatter on fresh layers, the printing sequence started from the inert gas exit side of the

build chamber.
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Printing was performed using the laser parameter levels shown in Table 5.1, with a layer
thickness of 40 um and a spot size of 50 um. The sample dimensions were 20X 10X7.5 mm?>.
The layer thickness was determined on the basis of the feedstock particle size distribution to
ensure good powder spread and flowability on the build platform.

The laser power was kept constant, while the scanning speed was decreased in increments of
300 mm/s, and the hatch spacing was reduced by 15 um steps to achieve increasing VED.

The samples were arranged on the substrate plate at an in-plane angle of 30° to reduce any
impact load on the re-coater assembly and to allow more gradual gas flow/fume removal over
the layers in the chamber during printing. A simple stripe scanning strategy was maintained
with a rotation of 90° for each subsequent layer. This prevents any unwanted overheating
around the corners of the sample. The build chamber ambient temperature during the process
was 20+ 1 °C.

Table 5.1 Parameter levels used and respective volumetric energy densities.

Sample LP SS HS VED
(W) (mm/s) (nm) (J/mm?®)
S1 ‘ 150 1200 70 44.64
S2 ‘ 150 900 55 75.76

S3 ‘ 150 600 40 156.25

5.2.1.1 Thermal data monitoring

The thermal data of the molten pool were captured using two pyrometers from KLEIBER
Infrared GmbH, which were employed in the Aconity PBF-LB machine. These pyrometers
detect the light emitted from the area where the laser interacts, which falls within the 1500—
1700 nm wavelength range. The resulting infrared (IR) data are recorded in terms of voltage
(mV) units and the corresponding coordinates on the build plate (x, y, z). In this study, we
generated graphical representations to visualize the temperature variations across different
sections of a sample. The rate at which the data were collected was 100000 samples per second.
Approximately 6 million data points were collected for a single layer, each comprising both
coordinates and temperature values in mV. To depict the thermal profile, the temperature

readings were transformed into a normalized scale ranging from O to 1.

5.2.1.2 Experimental RS measurement

XRD measurements were performed using a 3-circle portable-type stress diffractometer in

modified-y mode. Considering the fluorescence of copper with nickel and chromium with
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titanium, it was not possible to measure the stresses with those well-known X-ray sources. As
alternatives, Mn—Koa and Ti—Ka radiation were used, and the best results were acquired using
Ti—Ka radiation with an average wavelength of 0.2752 nm. Using this radiation, considering
the diffraction peaks above 20 > 120°, it was possible to perform the measurements using the
{1 10} or {2 00} set of planes of the austenite phase. Although a higher diffraction angle is
favored for the {2 0 0} set of planes, the peaks were quite broad (reaching 10°-15°) because
of the small crystallite size and high dislocation density, which resulted in the extension of the
detection range. Thus, the measurements were carried out on a (2 1 1) set of planes located at
approximately 134°. The tube voltage was set to 30 kV, and the tube current was 7 mA. Before
the measurements, the focal distance was calibrated using both commercially pure Ti (CP-T1)
and Ti-6Al1-4V powders, which are certified by the diffractometer manufacturer. In both cases,
the focal distance was adjusted so that the total error in the stress calculations was lower than
+10 MPa. Figure 5.1 (a) shows the XRD measurement setup.

For ESPI-hole drilling measurements, the sample surface was spray painted to reduce
reflections. A drilling operation was performed precisely at the center of the sample using a
?0.79 mm 2 flute carbide TiAlNi-coated inverted end mill. The drilling process involved
incremental steps of approximately 50 um until a depth of 250 pm was reached. A feed rate of
0.025 mm/s and a spindle speed of 30x1000/min were selected as the drilling conditions,
according to the recommendations of the operation manual. Simultaneously, a laser beam was
employed to illuminate the sample, while a camera captured the distinctive speckle pattern
generated by the surface roughness. This camera image captures the interference between the
object beam and the reference beam. The reference beam underwent phase shifting, and an
image was acquired for each phase shift, resulting in a total of four images to characterize the
surface conditions before and after each drilling increment. These four images facilitated the
computation of a phase angle for every pixel. This phase angle information was subsequently

translated into surface displacement. Figure 5.1 (b) shows the ESPI-hole drilling setup.
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Figure 5.1 (a) XRD measurement setup and (b) ESPI-hole drilling measurement setup, with

the three axes of the sample (x, y, z), where the z-axis represents the build direction.

5.3 Results and Discussion
5.3.1 RS analysis based on the XRD and ESPI-HD results

The XRD and ESPI-HD RS analyses were conducted on the XY plane of the samples (along
the z-axis or build direction). In the XRD method, the residual strain (lattice spacing) in the
samples was calculated as described earlier through the peak intensities, full width at half-
maximum (FWHM) and shifts in the peaks observed. To convert the measured strains into
stresses, Eq. 5.2 was applied using material properties determined from previously conducted
in-house experiments, where a Poisson’s ratio of 0.3 and a Young’s modulus of 28 GPa were
measured. These values were further validated through published literature [286,287] to ensure
consistency and accuracy. The first stress-measurement trials indicated the presence of a mild-
medium texture on the basis of the intensities recorded for 5 positive and 5 negative y-tilts,

which is expected for PBF-LB parts. This resulted in a high relative uncertainty in the results.
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To improve the results, the number of tilts was increased to 9 positive tilts and 9 negative tilts
with a tilt (y) oscillation of 2°. Moreover, for further improvement, the measurements were
carried out on 3 different orientations (¢ = 0°, 45°, 90°) with a rotation oscillation of + 5°. The
peak shifts were determined via the cross-correlation method after background removal and
absorption correction. The individual stresses for each orientation were determined by fitting
an ellipsoid model function to d-sin?y plots. After this treatment, the relative measurement
uncertainties were within 25%, which is considered acceptable for mild-medium textured

samples. The XRD patterns of the samples are illustrated in Figure 5.2.
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Figure 5.2 XRD patterns observed for samples (a) S1, (b) S2 and (c) S3.

The stress components are detailed in Table 1, where o_xx and o_yy represent normal stresses,
T_Xy denotes shear stress, and 6_Max and o_Min are principal stresses. To derive an average
generalized stress value from the RS measurements, the von-Mises stress was calculated using
the normal and shear stress components, as expressed in Eq. 5.3. The analysis revealed that the
stresses exist in both the tensile and compressive regimes. Specifically, compressive stresses
are predominant near the surface, whereas tensile stresses become more prevalent deeper
within the material. Compressive stresses can be beneficial, as they increase the resistance of
a material to crack initiation and improve its fatigue life. In contrast, tensile stresses may

increase the susceptibility to crack propagation [288,289].
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Oyon Mises — \/(G_XX)Z + (G_YY)Z — (o_xx X G—YY) + S(T_XY)Z (Eq.5.3)

Table 5.2 Stress components in the XY plane for samples S1, S2, and S3.

Von-
Sample Depth  Method o_XX o_Yyy T_XYy 6 Max o¢_Min Mises

[pm] [MPa] [MPa] [MPa] [MPa] [MPa] [MPa]
<100 XRD -11 -4 7 0.3 -15 15
S1 100 ESPI-HD 19 22 0.5 22 19 21
[Low 150 ESPI-HD 4 8 -0.9 8 3 7
VED] 200 ESPI-HD 11 8 -1 12 7 10
250 ESPI-HD 15 4 10 21 -1 22
Average 7 7 3 12 2 13
<100 XRD 0.4 -11 4 2 -13 14
S2 100 ESPI-HD 54 61 -5 64 51 58
[Mid 150 ESPI-HD 59 58 1 60 57 59
VED] 200 ESPI-HD 36 8 2 36 8 33
250 ESPI-HD 15 -4 -7 18 -6 22
Average 33 22 -1 36 19 37
<100 XRD 0.7 7 -6 10 -2 12
S3 100 ESPI-HD -9 -0.6 -3 0.6 -10 10
[High 150 ESPI-HD 35 25 -11 43 17 37
VED] 200 ESPI-HD 35 35 -2 37 33 35
250 ESPI-HD 33 20 -0.2 32 20 28
Average 19 17 -4 25 11 24

5.3.2 Effect of increasing VED by reduced scanning speed and hatch
spacing on RS

Figure 5.3 (a) illustrates the relationship between the stress components and VED along with
error bars calculated based on standard deviation of the stress values in Table 5.2. Our work
focused on increasing the VED by decreasing the scanning speed and hatch spacing, while
keeping the laser power constant. The data show that the RS behaviour varies significantly with
depth and VED. When examining the stress trends at different depths, distinct variations

emerge. For instance, at depths less than 100 pm, the von-Mises stress consistently decreases
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with increasing VED. At deeper regions, specifically at 200 um and 250 pum, a consistent
increasing trend in von-Mises stress is observed with rising VED. This depth-dependent
variation in RS highlights the need for a more nuanced interpretation of VED’s effects across
different regions of the sample. Upon analysing the averaged values of the stress components
and von-Mises stress, it can be observed that, as VED increases, RS initially rises and then
decreases. This trend suggests that at lower to intermediate VED levels, energy absorption
within the material intensifies, likely causing localized heating that leads to uneven expansion
and contraction, which in turn generates RS. Additionally, at these lower VED levels, rapid
cooling rates can promote the formation of martensitic phases, further contributing to increased
RS [290]. As VED continues to increase, the melt pool reaches higher temperatures and
expands, resulting in a larger melt pool volume and reduced cooling rates. This mitigates the
steep thermal gradients associated with high cooling and solidification rates, which are known
to drive detrimental tensile RS. The elevated melt pool temperatures and slower cooling rates
promote stress relaxation, as the material has more time to accommodate thermal strains during
solidification. Consequently, the reduction in the RS at a higher VED is observed as the cooling
rate decreases. Since scanning speed affects solidification rates, it is likely that both factors—
higher thermal energy input and slower solidification—contribute to the stress relaxation
observed at high VED. Materials exposed to high energy densities can adapt more effectively
to thermal changes, leading to lower RS [291]. Furthermore, phase transformations, such as
those from martensite to austenite at elevated temperatures, induce volume changes that aid in
redistributing internal stresses, contributing to an overall reduction in RS levels [292,293].
Mugwagwa et al. [294] also reported that intermediate VED resulted in higher RS than both
low and high VED in PBF-LB, similar to the findings of this study. These authors attributed
the higher porosity in the low- and high-VED samples as the cause for lower RS. The porosity
related to VED in PBF-LB can arise from two main causes. Excessively high VED can result
in overheating, leading to keyhole porosity, whereas insufficient VED can cause underheating,
leading to a lack of fusion porosity. However, in addition to VED, variations in scanning speed
impact solidification dynamics, further influencing both RS and defect formation. Therefore,
while VED remains a key parameter in RS development, differences in solidification rates
resulting from varying scanning speeds must also be considered when interpreting the observed
trends in the sample stress profile.

Figure 5.3 (b) shows the impact of increasing the VED on the FWHM of the diffraction peaks,
as measured via XRD. A sharp increase in the FWHM is observed when the VED increases

from low to intermediate levels, followed by a less significant increase from intermediate to

145



high levels. As indicated by the Scherrer equation, the FWHM is directly related to strain within
the material and inversely related to crystallite size: larger FWHM values generally signify
smaller crystallites, whereas smaller FWHM values are associated with larger grains and better
crystalline quality [295]. With increasing VED, the elevated energy input promotes atomic
mobility during solidification, lowers the cooling rate, and consequently leads to grain growth.
According to the Hall-Petch relationship, a reduced grain size increases the material strength.
However, the greater grain boundary area in smaller grains limits dislocation movement, which
in turn increases internal stress levels [296,297]. In our study, the grain size reduction is more
pronounced from low to intermediate VED and less so from intermediate to high VED, as
evidenced by the changes in the FWHM. This trend aligns with the observed RS, where the
intermediate VED results in the highest RS, which is likely due to the rapid decrease in the
grain size at this level. In contrast, the reduction in RS at high VED may result from a less
steep overall grain size reduction, potentially due to the formation of larger grains. Lin et al.
[298] previously reported this unique grain size behaviour in NiTi processed via PBF-LB,
noting that the grain size can vary nonlinearly with VED, increasing with increasing VED in
some cases and decreasing in others. Additionally, elevated VED levels during PBF-LB of
NiTi have been shown to increase melt pool temperatures, which can lead to Ni evaporation

and the formation of fine martensitic grains and precipitates such as Ti2Ni and Ni4T1i3[299,300].
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Figure 5.3 (a) Stress response to increasing VED, illustrating trends in normal stresses, shear
stress, principal stresses and von-Mises stress, and (b) effect of increasing VED on the

FWHM from XRD measurements.
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5.3.3 Thermal data analysis for the correlation between the RS, VED and

thermal gradient

The IR thermal data collected during the PBF-LB printing process were analysed across the
XY plane for each sample, aligning with the RS measurements. The thermal profiles, which
represent layer temperatures as a function of build height (z-axis), are presented in Figure 5.4
(a). The recorded temperature can be seen to decrease with build height. This trend can be
attributed to multiple factors. As more layers are deposited, the additional input energy results
in a temperature rise locally. This heat conducts toward the substrate to raise the temperature
toward the base of the sample. The substrate raises to a certain temperature threshold level
before stabilizing. The upper layers experience more heat dissipation to their surrounding
environment due to the convective gas flow [277,301]. These factors contribute to the observed
temperature gradient with increasing build height. Another trend observed is the progressive
temperature increase from samples S1 to S3 with increasing VED, indicating that higher VED
levels lead to higher melt pool temperatures. The thermal gradient (TG) for each sample was
calculated using Eq. 5.4, which assesses changes in the normalized temperature with respect
to the build height:

VT(z) = | T | (Eq. 5.4)
The effect of VED (reduced scanning speed and hatch spacing) on the TG is illustrated in
Figure 5.4 (b), which shows a decrease in the TG with increasing VED. As VED increases,
the larger melt pool volume and lower cooling rates promote a more uniform thermal
distribution, leading to lower thermal gradients. Figure 5.4 (c) shows the relationships between
TG and the various stress components previously discussed along with error bars calculated
based on standard deviation of the stress values in Table 5.2. Similar to the VED-RS trend, the
average RS is highest at intermediate TG level. Owing to the inverse relationship between VED
and TG, these trends mirror one another: a low TG corresponds to high VED, and vice versa.
Initially, increasing TG increases RS due to disparities in thermal expansion and contraction.
However, with further increases in TG, phase transformations (such as martensite-to-austenite)

and increased plastic deformation contribute to reducing RS [302].
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Figure 5.4 (a) Thermal profiles showing temperature variations with build height for samples
S1, S2, and S3, (b) correlation between VED and the thermal gradient, and (c) correlation

between the thermal gradient and residual stress components.

Xue et al. [122] investigated the effect of increasing VED in PBF-LB by reducing hatch
spacing, similar to this study, and observed a reduction in RS, delamination, and cracking. Lin
et al. [298] also reported that a higher VED, achieved by reducing the hatch distance, improved
the thermal gradient, reduced the cooling rate, and lowered the RS, resulting in a favourable
<001> texture in the PBF-LB of NiTi. However, as indicated by Monu et al. [115] , the
relationship between VED and RS is not always straightforward. Their study showed that an
increase in VED resulted in higher thermal gradients and increased RS in PBF-LB NiTi,
underscoring the complex nature of RS evolution in this material. This discrepancy suggests
that, while adjusting VED does influence RS, its effects are material- and process-dependent.
Liu et al. [303] observed a consistent increase in RS in the PBF-LB of NiTi when they increased

both laser power and scanning speed while keeping hatch spacing and VED constant. This

148



finding suggests that laser power plays a critical role in driving RS, highlighting the need for a
more nuanced approach in optimizing process parameters. Furthermore, Li et al. [304] reported
a trend similar to ours in their study on RS-induced cracking, where RS first increased with
VED and then decreased with further increases in VED.

More broadly, the effect of VED on RS is highly material-dependent [305]. Additional studies
examined this relationship in different materials, specifically steels, and presented trends
between RS and VED for these materials [306,307]. Simson et al. [306] found that RS, that
was measured on the top surface of austenitic 316L stainless steel samples, increased
considerably between low to mid VED values and remained relatively constant at higher VED
values. Narvan et al. [307] also examined the relationship between RS and VED on the top
surface of H13 tool steel samples. This study found that compressive stresses existed on these
surfaces and were observed to increase significantly from low to mid VED values and were
then seen to decrease slightly moving to higher VED values. These contrasting results across
different materials reinforce the need for continued research into how PBF-LB process
parameters influence RS, including for NiTi specifically.

Our study’s results, particularly the observed depth-dependent variation in RS, emphasize the
need for further investigation into the interaction between scanning speed, hatch spacing, and
laser power in determining RS. Moreover, the stochastic nature of the PBF-LB process and
practical constraints on sample characterization limit the number of specimens we can measure.
The time-intensive nature of stress measurement techniques, such as XRD and ESPI-HD,
restricts the dataset size. Although the results in this study provide valuable insights into the
role of VED in RS development, there is much more process window space that could be
investigated to provide a more detailed understanding of the relationship between the
parameters and RS. Further studies could also focus on varying laser power while keeping
scanning speed constant. This would allow for more of an understanding of how power
influences thermal gradients and RS, independent of other parameters. Additionally, VED can
be calculated based on laser spot size instead of hatch spacing, providing a different perspective
on how energy is distributed across the material during processing. Expanding experimental
datasets and leveraging in situ monitoring techniques in these ways could help provide a more
comprehensive understanding of the complex thermal-mechanical interactions governing

residual stress evolution in PBF-LB components.
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5.4 Conclusion

This study provides a comprehensive evaluation of residual stress in PBF-LB produced NiTi
via the combined use of ESPI hole-drilling and XRD techniques. The results demonstrate that
residual stress distributions are highly heterogeneous and vary significantly with build height
and processing conditions, reflecting the complex thermal history inherent to PBF-LB process.
A key finding is the non-linear relationship between VED and residual stress. Rather than
exhibiting a monotonic trend, residual stress was observed to increase, plateau, and
subsequently decrease with increasing energy input. This behaviour is closely linked to
evolving thermal gradients during fabrication, highlighting that higher energy densities can,
under certain conditions, reduce thermal gradients and mitigate stress accumulation. The study
also confirms that process parameters such as scan speed and hatch spacing play a critical role
in governing stress development. These parameters influence not only the magnitude of
residual stress but also its spatial distribution, which has direct influence on structural integrity

and functional performance.

Overall, the findings underscore the importance of employing multi-modal measurement
techniques to accurately characterize residual stress in NiTi components. Future work should
focus on integrating in-situ monitoring and predictive modelling to better control residual stress
evolution, as well as exploring post-processing strategies to enhance the reliability and

performance of NiTi structures manufactured through PBF-LB.

Contribution towards the thesis: The chapter establishes a direct experimental link between
melt pool thermal history and residual stress formation. While earlier chapters focused on
predicting melt pool behaviour and thermal conditions during PBF-LB processing of NiTi, this
chapter extends the investigation to experimentally quantify how these thermal conditions
translate into residual stress development. This enables identification of key trends, including
the non-monotonic relationship between volumetric energy density and residual stress, which
cannot be inferred from melt pool geometry alone.

By quantifying the relationship between process parameters, thermal gradients, and stress
evolution, this chapter informs model assumptions, calibration, and boundary conditions. As
such, it acts as a bridge between process-level melt pool understanding and predictive
modelling of residual stress, strengthening the overall process—structure—property framework

developed throughout the thesis.
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Abstract

Residual stress remains a critical challenge in Laser Beam Powder Bed Fusion (PBF-LB)
manufacturing of metallic components, frequently leading to cracking, layer delamination, and
distortion. This study presents a predictive framework for estimating residual stress in PBF-
LB-fabricated NiTi cantilever beams by correlating beam deflection with processing
parameters, thermal history, and phase evolution. Phase constitution was characterized using
X-ray diffraction (XRD) along with Vickers microhardness measurements. In-situ infrared
melt-pool pyrometry was used to capture process-induced thermal signatures. A CALPHAD-
coupled thermo-mechanical finite element model (FEM) was developed to replicate
experimental deflection measurements and estimate the corresponding von Mises residual
stresses based on those deflections. The modelling strategy implemented an inverse estimation
of the effective thermomechanical flow stresses responsible for the observed beam deflections.
A trial-and-error process was utilised to determine approximate Young’s modulus values that
yielded deflection values which replicated those of experimental deflections. XRD phase
analysis revealed that residual stress in NiTi is strongly influenced by phase evolution, with
high retained austenite fractions and the evidence of NisTis precipitates observed in samples
exhibiting the largest deflections. Hardness measurements revealed an increase in hardness
with increasing retained austenite content, reflecting the higher stiffness and indentation
resistance of austenitic NiTi. This phase-dependent mechanical response may contribute
indirectly to the observed variations in cantilever beam deflection. The proposed modelling
approach provides a practical tool for estimating residual stress and distortion in PBF-LB NiTi
cantilever beams and highlights the importance of integrated control of processing parameters,
thermal history, and phase constitution to improve build quality.
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6.1 Introduction

Numerous methods are used to measure and evaluate residual stresses in PBF-LB printed
samples, encompassing destructive, semi-destructive, and non-destructive approaches. Non-
destructive techniques include X-ray diffraction (XRD), neutron diffraction, synchrotron X-
ray diffraction, and ultrasonic methods, while semi-destructive and destructive techniques
commonly employed include hole-drilling and the contour method [308,309]. Although
neutron and synchrotron diffraction offer highly accurate, full-depth residual stress
measurements, their reliance on large-scale facilities, high energy consumption, and costly
beam time restricts their routine use. More generally, direct residual stress measurements are
often time-consuming and expensive.

As a result of these practical constraints, many studies assess residual stresses indirectly
through their mechanical manifestations, most notably part distortion and deflection.
Cantilever beam geometries are frequently employed in this context, as post-build deflection
provides a measurable indicator of the underlying residual stress state and enables systematic
evaluation of the influence of processing parameters and build conditions [310,311].
Compared with more extensively studied PBF-LB metals like 316L SS and Ti6Al14V, residual
stress development in PBF-LB-fabricated NiTi has received comparatively limited attention.
Consequently, existing NiTi-focused studies primarily employ accessible experimental
techniques, including XRD, electronic pattern speckle interferometry (ESPI) hole-drilling and
the contour method, supplemented by finite element modelling (FEM) to simulate residual
stress evolution during processing [138,139]. More recently, empirical approaches, such as
correlating residual stress with hardness measurements and thermal stress computation from
in-situ melt pool thermal data have also been proposed as practical indirect indicators
[115,312]. To better understand residual stress development in NiTi, a predictive framework is
proposed which combines physically grounded modelling with experimental measurements
and in situ process monitoring, particularly for PBF-LB-fabricated NiTi.

This work therefore presents a finite element thermo-mechanical model developed in Ansys
Additive for estimating residual stress evolution during PBF-LB processing of NiTi cantilever
beams. The thermal model was calibrated using the melt-pool dimensions measured from melt-
pool single-track experiments. The model was coupled with temperature-dependent thermo-
physical properties derived using the CALPHAD method implemented in Thermo-Calc,
enabling a physically consistent description of thermal and phase-dependent material

behaviour. The objective of modelling in this study is to develop a predictive framework for
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estimating residual stresses that are present in NiTi cantilever beams, based on experimental
cantilever beam deflections. A wide processing window is explored by varying the volumetric
energy density (VED) to assess the sensitivity of residual stress formation to processing
conditions.

A key novel contribution of this work lies in the combined analysis of residual stress effects
through numerical modelling, experimental deflection measurements, and in-situ infrared (IR)
melt pool thermal data, an integrated approach that has not been extensively reported for
residual stress determination of NiTi parts produced from PBF-LB in the literature. In addition,
phase analysis using X-ray diffraction (XRD) is performed to examine the influence of phase
constitution on residual stress development. Vickers microhardness mapping is employed to
complement XRD phase analysis by providing spatially resolved measurements of hardness
across the sample surface, enabling assessment of local variations in mechanical response
associated with phase distribution. By correlating melt pool thermal signatures with cantilever
deflection, processing parameters, and phase composition, this study provides new insight into
the coupled roles of thermal history and phase evolution in governing residual stress formation
in PBF-LB-fabricated NiTi cantilever beams and demonstrates a pathway toward predictive

residual stress assessment in NiTi.

6.2 Materials and Methods
6.2.1 Sample fabrication

NiTi cantilever beam samples were fabricated via PBF-LB and consisted of a fixed base, a
deflecting beam, and supporting structures (Figure 6.1). Each sample measured 25 x 3 x 5
mm. The fixed portion, which remained attached to the build substrate, measured 3 x 3 x 5
mm. The beam portion, designed to deflect after printing, was 22 mm long, 3 mm wide, and 1
mm thick. It was printed on a set of outward-lofted support structures to avoid horizontal
overhangs and ensure reliable fabrication. The feedstock powder contained 50.54 at% Ni and
49.46 at% Ti. All samples were produced using an AconityMINI (Aconity GmbH) PBF-LB
system equipped with an IPG Photonics Nd:YAG fibre laser (A = 1070 nm, maximum power
200 W). The build chamber was purged with 99.999% argon to maintain oxygen levels below
20 ppm. A powder supply factor of two was used, and all samples were printed on a NiTi
substrate. To investigate the influence of processing conditions, a Box—Behnken design of
experiment was implemented. Three key parameters (laser power, scanning speed, and hatch

spacing) were varied at three levels (Table 6.1), yielding 17 experimental builds, including
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five midpoint repetitions. Sample positions on the build plate were randomised to avoid
positional bias. Constant parameters across all samples included a starting scan angle of 22.5°,

a 67.5° rotation per layer, a 60 um laser spot size, and a 60 um layer thickness.

@ e

25mm

5mm

I1mm

Figure 6.1 (a) Dimensions of the printed cantilever beam sample, (b) as-built samples

attached to the build substrate.

Table 6.1 Box-Behnken design of experiment printing parameters.

DOE Hatch Spacing Laser Power Scanning Speed VED
Samples: (h) P) %)
(nm) (Watts) (mm/s) (J/mm?)
S1 60 120 1000 33.33
S2 120 120 1000 16.67
S3 60 180 1000 50.00
S4 120 180 1000 25.00
SS 60 150 800 52.08
Sé6 120 150 800 26.04
S7 60 150 1200 34.72
S8 120 150 1200 17.36
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S9 90 120 800 27.78

S10 90 180 800 41.67
S11 90 120 1200 18.52
S12 90 180 1200 27.78
S13 90 150 1000 27.78
S14 90 150 1000 27.78
S15 90 150 1000 27.78
S16 90 150 1000 27.78
S17 90 150 1000 27.78

6.2.2 Infrared Melt-Pool Monitoring

In-situ infrared (IR) pyrometry data were collected during printing using a black-body
calibrated KLIEBER Infrared (GmbH) pyrometer integrated into the AconityMINI system.
The pyrometers captured melt-pool thermal signatures coincident with the laser scan by
detecting radiation in the 1500—1700 nm wavelength range at a sampling rate of 100kHz. Data
were recorded as thermal intensity with corresponding x and y coordinates for each
measurement point, separated by print layer. After fabrication, the thermal data were exported
and analysed using an in-house software platform, PyroVista. This software enables efficient
processing of large in-situ IR datasets (>60 million data points), segmentation and visualisation
of melt pool thermal signatures, extraction of layer-by-layer thermal descriptors, and
application of integrated predictive models. These models combine advanced computational
and physics-informed approaches to estimate critical material properties, such as density and
hardness, at the layer level and across the entire build. To improve data quality, a thermal
threshold was applied to remove the effect of laser “skywriting”, eliminating signatures
generated during laser movement between samples. The dataset was then filtered to include
only the layers corresponding to the fabricated sample, enabling comprehensive layer-by-layer

and full-height thermal evolution evaluation of the printed part.
6.2.3 Beam Deflection Measurements

Beam deflections were measured using a Keyence VHX-X1 3D digital microscope by
recording the height difference between the free edge of the beam and the fixed base. A 3D

surface profile was created by stitching together multiple images taken at small incremental
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height variations. Support structures were progressively removed from the build substrate using
side cutter snips, and beam deflection was recorded after each step. Two rows of supports were
removed per measurement, allowing observation of deflection changes during the sequential
removal of all fourteen support rows. This procedure yielded eight deflection measurements
per sample, providing insight into how residual stresses were released as supports were

removed.
6.2.4 X-ray Diffraction (XRD)

After the deflection measurements, samples were detached from the build substrate using a
Lam Plan CUTLAM precision micro-cutter with a water-cooled system. Samples were cold-
mounted in epoxy resin, then ground and polished using a Struers Tegramin-20 machine with
silicon carbide papers from P80 to P1200. Thirteen samples were prepared for XRD analysis,
representing the minimum number of samples required to satisfy all processing parameters of
the Box-Behnken design of experiment. XRD was performed using a Bruker D8 Advance
system with a Cu-Ka source. A locked coupled scan was conducted at room temperature over
20 = 35-80°, with a step size of 0.02° and a scan speed of 1.6 s per step. Data were processed
in Match! Analysis Software, with Ko2 radiation removed, background subtracted, and
smoothing applied to isolate peaks. Phase identification was carried out using reference data
from the Crystallography Open Database: martensitic NiTi (# 96-152-2311), austenitic NiTi (#
96-110-0133), NisTis (# 96-210-0705, # 96-152-2817), NizTi30 (# 96-154-1460), and NiTiz (#
96-231-0268). Rietveld refinement using FullProf was used to quantify the percentage

composition of each metallic phase present.
6.2.5 Vick Hardness Measurements

Vickers microhardness mapping was performed at ambient temperature using a Zwick/Roell
DuraScan G5 semi-automatic testing system. Measurements were localized on the XY plane
at the fixed base portion of the cantilever beam specimen. The area of the sample that was
mapped for hardness was the cross-sectional area of the fixed support base portion of the
sample. A measurement offset of 300pum was introduced from each edge to allow a complete
area of 2.4mmx2.4mm to be mapped. A high-resolution 13x13 grid, comprising 169 discrete
indentations, was implemented across the designated area. An indentation load of 0.2 kgf
(HVO0.2) was applied with a consistent spacing of 200 pm between indent centres. Spatial

coordinates and corresponding hardness values (HV) were recorded for each point.
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6.2.6 Modelling Details

A thermo-mechanical finite element model was developed using Ansys Additive Suite 2024R 1
for predicting residual stress in PBF-LB of NiTi. NiTi was introduced to the software as a user-
defined material. The thermal part of the model was tuned based on the melt pool dimensions
of NiTi measured via in-house experiments. The temperature-dependent material properties of
NiTi were determined using the CALPHAD approach implemented in Thermo-Calc 2025a
with the TCTI6 database. This database is the most up-to-date titanium alloy database for shape
memory alloys, as it includes both the B2 austenitic phase and the B19" martensitic phase.
These properties are given in Table 6.2.

For the initial calibration of the mechanical part of the model, the yield strength and elastic
modulus were varied; 100, 200, and 300 MPa for yield strength, and 30, 40, and 50 GPa for
elastic modulus, while all other parameters were kept constant Table 6.3. Finer calibration of
the yield strength was carried out to accurately reflect the experimental beam deflection
measurements. These variations reflect the fact that as-built NiTi exhibits significant property
differences depending on the PBF-LB processing conditions, including scan strategy, laser
power, and volumetric energy density, as well as local phase composition and microstructural
evolution. By exploring a range of mechanical properties, the model is calibrated to capture the
sensitivity of residual stress analysis to realistic variations in material behaviour, thereby

improving the robustness and predictive capability of the simulations.

Table 6.2 CALPHAD temperature-dependent thermo-physical properties of NiTi.

Temperature Thermal Thermal Heat Heat

) Conductivity Diffusivity Capacity Capacity
(W/m/K) (m?/s) (J/kg/K) (kg/m?)

300 6.2 2.01e-6 479 6471
600 7.3 2.22e-6 514 6390
900 8.2 2.35e-6 552 6305
1200 9.5 2.58e-6 593 6215
1500 11.5 2.88e-6 654 6121
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1800 224 4.83¢-6 830 5595

2100 24.5 5.37e-6 838 5648
2400 26.4 5.91e-6 838 5344
2700 28.1 6.43e-6 838 5223
3000 29.6 6.92¢-6 838 5104
3300 30.9 7.40e-6 838 4988

Table 6.3 Modelling parameters.

Attribute Value
Voxel Size 0.25 mm
Voxel Sample Rate 5
Mesh Resolution Factor 5
Stress Model J2 Plasticity
Thermal Expansion Coefficient 0.000011 K!
Yield Strength 100 MPa, 200 MPa, 300 MPa
Elastic Modulus 30 GPa, 40 GPa, 50 GPa
Poisson Ratio 0.33
Initial Temperature 298 K
Support Cutoff Method Directional (-X)
Support Cutoff Steps 7

The governing equations of the thermal model are given in Eq. 6.1 (Fourier thermal conduction

equation), Eq. 6.2 (heat loss due to convection) and Eq. 6.3 (Gaussian heat source).

pcz—:=%(k3—i)+%(kz—;)+%(kg—z)+Q (Eq. 6.1)
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where p is density, c is specific heat k thermal conductivity 7 is temperature, ¢ is time, Q is heat
source and x, y and z are directions.

Qc = h(T — TO) (Eq. 6.2)
where Q. is the heat loss due to convection, / is the coefficient of thermal convection, 7 is

transient temperature and 7y is the initial temperature.

2

AP 2r
Q=2 —eXp—; (Eq. 6.3)
where Q is the heat flux input, 4 is the absorptivity P is the laser power, w is the laser spot size
and r is the position of the laser beam.

The mechanical model governing equations are given in Eq. 6.4, Eq. 6.5 and Eq. 6.6.

Vo + pb =0 (Eq. 6.4)
where o is the stress tensor, b is the body force per unit volume.
Etotal = Eelastic T Eplastic T Ethermal (Eq. 6.5)
where ¢ is strain.
Ethermal = AT (Eq. 6.6)

where « is the coefficient of thermal expansion.

In the thermal solver, every powder layer is deposited layer by layer similar to the experimental
procedure, whereas in the mechanical solver, a lumped layer approach is utilized where one
voxel layer contains several powder layers. In this work, a voxel size of 0.25 mm was selected
as there would be four rows of elements representing the thickness of the beam sample. A voxel
sample rate of 5 was selected so that each voxel would have 5x5x5 (125) samples. The mesh
resolution factor determines the fidelity of the solution through mesh scaling for the thermal
calculations. In our study, the default value of 5, recommended by Ansys, was used. It is also
possible to set the support cutoff method and steps in the model. In this work, a directional (-

X) cutoff method and 7 steps are used resembling the experimental methodology.

6.3 Results and Discussion

6.3.1 Thermal Response of NiTi Cantilever Samples during PBF-LB

The influence of PBF-LB processing parameters on melt-pool thermal behaviour was
investigated using in-situ infrared (IR) pyrometry to characterise the thermal state of the NiTi
cantilever samples during fabrication, when the parts remained fully constrained by the support

structures and build substrate. The objective of this analysis is to establish the thermal history
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that gives rise to the residual stress states subsequently manifested as cantilever deflection
during post-build support removal.

Maximum and average sample temperatures were analysed as a function of volumetric energy
density (VED) (Figure 6.2 a-b), revealing strong positive correlations with R? values of 0.93
and 0.81, respectively. Layer-wise two-dimensional thermograms (Figure 6.2 c¢) further
illustrate this trend, with high-VED samples exhibiting more intense thermal signatures than
low-VED samples. Although average melt-pool temperatures do not directly quantify thermal
gradients, which are the primary drivers of thermally induced residual stresses, elevated
temperatures under comparable constrained boundary conditions indicate increased local
thermal input and prolonged thermal exposure during solidification. Such variations in thermal
history influence the magnitude and spatial distribution of residual stresses that become locked
into the component upon cooling under constraint. These residual stresses are not directly
observable during the build, but are subsequently released and redistributed during post-build
support removal, resulting in the cantilever deflections. Accordingly, the thermal data
presented here should be interpreted as indicative of the stress-generating conditions during

fabrication, rather than as a direct measure of deformation behaviour in the unconstrained state.
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Figure 6.2 The variation of (a) maximum sample temperature and (b) average sample
temperature with respect to increasing VED. (¢) 2D Thermogram of melt pool thermal

signatures of samples during printing of a single layer.
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To quantitatively evaluate the influence of individual processing parameters on the constrained
thermal response, DesignExpert software was used to perform an analysis of variance
(ANOVA) on the average sample temperatures. A highly significant quadratic model was
obtained (p < 0.0001), revealing strong interactions among laser power, hatch spacing, and
scanning speed (Figure 6.3 a-c). The coded regression equation indicates that laser power is
the most influential parameter, followed by hatch spacing and scanning speed. Increasing hatch
spacing reduces average sample temperature due to lower local energy input, whereas higher
laser power increases temperature as expected (Figure 6.3 a). Lower scanning speeds also
produce higher temperatures owing to longer laser dwell times (Figure 6.3 c). These results
confirm how processing parameters govern the thermal conditions under constraint that

ultimately drive residual stress accumulation in PBF-LB NiTi cantilever geometries.
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6.3.2 Experimental Beam Deflection Analysis as an Indicator of Residual

Stress

The magnitude of beam deflection, and the stage of support removal at which maximum
deflection occurs, provide a qualitative proxy for the relative residual stress state in the printed
beams. Figure 6.4 illustrates the deflection of the beam samples during sequential support
removal, together with the procedure used to measure the resulting deformation. Figure 6.5
presents the maximum beam deflection for each sample and the corresponding number of
support rows removed at the point of maximum deflection. A clear trend is observed, where
specimens exhibiting larger maximum deflections generally reach their peak deflection earlier
in the support-removal sequence. For example, Sample 12 exhibited the largest overall
deflection (~0.94 mm) and reached its maximum after the removal of only six (6) rows of
supports, indicating a comparatively high level of locked-in residual stress in the as-built
condition. Conversely, specimens exhibiting smaller deflections or delayed peak responses

reflect lower residual stress levels or a more gradual response to constraint removal.
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Figure 6.4 (a) As-built NiTi cantilever beam deflection following the separation of support
structures from build substrate. (b) deflection profile of the top surface of a sample at the
maximum beam deflection point, obtained from Keyence 3D microscope. The deflection was
measured by measuring the height difference (build (z)-direction) between the fixed portion
and the free edge of the beam. The red colouration indicates areas of high deflection, while the

transition to blue indicates lower deflection.

162



S5
H=60 um,
P=150 W,
V=800 mm/s, S11
K VED=52.08)/mm?, gjfgouvan. -
09 7 M\' V=1200 rﬁm/s, H=60 um,
S12 VED=18.52J/mm?, P=150 W,
H=90 pm, 5 = 0.847mm V=1200 mm/s,
e 0, @ T g
= VED=27 Té’n/nsﬁvmi Hf90 Ho S8 6 =0.821mm
0.8 - .78 - P=180 W,
E . 6 = 0.937mm V=800 mm/s, H=120 um, -
- VED=41.67)/mm?, P=150 W,
— 6 =0.847mm V=1200 mm/s, H=60 pm,
w VED=17.36)/mm?, P=180 W,
~ 65 = 0.686mm V=1000 mm/s,
o 4 VED=50.0)/mm?,
s 07 5 = 0.684mm
i~
U
2 5
¥ H=120 um,
1 P=120 W,
o 06 V=1000 mmys,
1S VED=16.67)mm*| )
© 6 = 0.566mm
[}] 7567
£ %57
g H=00 k. V=800 mmJs,
S V=1000 mmis VED=26.04)/mm?,
< s VED=27.78)/mm?, 6=03%mm
© 0.4 1 H=90 pum, 6 = 0.367mm ST
= P=120 W, H=60 um,
V=800 mm/s, P=120 W,
VED=27.78J/mm?, s4 V=1000 mms,
5 = 0.268mm H=120 um, VED=33.33)/mm®,
0.3 - P=180 W, 5=029mm |
' V=1000 mm/s,
VED=25.0}/mm?,
6 = 0.273mm
T T T T T T T
6 7 8 9 10 11 12

Support Rows Removed at Max Beam Deflection

Figure 6.5 Maximum recorded deflection of each NiTi beam sample correlated with the

corresponding number of support rows that are removed at the maximum deflection point.

The observed deflection behaviour can be explained mechanistically by the interaction between
the through-thickness residual stress gradient within the beam and the progressive reduction in
structural stiffness as support rows are removed. In the as-built condition, residual stress
gradients, generated by cyclic thermal loading and constrained solidification during PBF-LB,
are largely counterbalanced by the stiffness of the support structures and the build substrate.
Sequential support removal reduces the effective boundary constraints and flexural stiffness,
allowing the locked-in residual stress distribution to manifest as an effective bending moment
and associated curvature. For specimens with higher residual stress gradients, this bending
moment exceeds the remaining structural resistance at an earlier stage of support removal,
leading to rapid curvature development and early peak deflection. In contrast, beams with lower
residual stress gradients require a greater reduction in support stiffness before comparable
bending moments are activated, resulting in delayed and smaller deflections. Accordingly, the
magnitude and evolution of beam deflection during support removal reflect the combined
influence of residual stress magnitude, it’s through-thickness distribution, and the changing
constraint stiffness, providing an indirect indicator of residual stress rather than a direct stress

measurement [278,313].
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Notably, several samples (Samples 5, 7, 10, and 11) exhibited deflection magnitudes
comparable to Sample 12 (~0.82—0.91 mm) but reached these values only after removal of a
larger number of support rows (8—12 rows). This behaviour suggests residual stress states of
similar integrated magnitude but differing spatial distribution and interaction with structural
stiffness. While Sample 12 undergoes rapid bending under relatively high remaining constraint
(indicative of a steep through-thickness residual stress gradient), these other samples require
further reduction in support stiffness before comparable curvature develops, consistent with
lower stress gradients or more symmetric residual stress distributions. In contrast, Samples 4
and 9 exhibited the lowest maximum deflection (~0.27 mm), occurring after the removal of
eight and twelve support rows, respectively. This response is indicative of a comparatively low
residual stress gradient and reduced stored elastic strain energy in the as-built condition. Even
after a substantial reduction in support stiffness, the internal residual stresses in both samples
were insufficient to generate a significant bending moment, resulting in minimal curvature
development. This behaviour further supports the interpretation that both the magnitude and
timing of deflection are governed primarily by the residual stress gradient and its interaction

with constraint stiffness, rather than by support removal alone.
6.3.3 Processing Parameter Influence on Beam Deflection

With the use of DesignExpert software, an ANOVA was carried out to quantify the influence
of the PBF-LB processing parameters on the maximum deflection of the cantilever beam
samples. A significant quadratic model was obtained from this analysis, with a respective p-
value of 0.0494. The response curves, which present the respective effect of the PBF-LB
processing parameters on the maximum cantilever beam deflection, are presented in Figure
6.6 (a-c). Scanning speed was observed to be the most influential parameter, and is evident in
Figure 6.6 (b) and Figure 6.6 (c). Here, largest deflections can be seen to occur at scan speeds
of 1200mm/s, with slightly smaller deflections also occurring at 800 mm/s. The smallest
deflections can be seen to occur at intermediate speeds between these two values. The effect of
laser power and hatch spacing is particularly evident in Figure 6.6 (c), where an increase in
laser power, and a decrease in hatch spacing can be seen to produce higher deflections in the

printed cantilever beam samples.
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Figure 6.7 examines the relationship between maximum beam deflection and volumetric
energy density (VED). A distinct cluster of samples exhibiting relatively low deflection (<0.4
mm) is observed within a VED range of approximately 25-35 J/mm? (highlighted by the dotted
region in Figure 6.7). In contrast, larger deflections (>0.6 mm) are distributed across the full
VED range investigated (16.67-52.08 J/mm?), indicating that, for NiTi processed by PBF-LB,
the residual stress response is non-monotonic with respect to VED. These large deflections
occur at both the highest (1200 mm/s) and lowest (800 mm/s) scanning speeds, as well as the
full spectrum of laser power and hatch spacing. Specifically, four of the seven samples
exhibiting large deflections were fabricated at a scanning speed of 1200 mm/s (Samples 7, 8,
11, and 12), while Samples 3, 5, and 10 produced at lower scanning speeds, also exhibited
comparably high deflections. This dispersion demonstrates that neither VED nor the nominal
parameters alone is sufficient to uniquely describe or predict the residual stress state in the NiTi
cantilever samples. Instead, the observed behaviour reflects a more complex interaction among
process parameters, including thermal gradients, melt pool dynamics, and local constraint

conditions, rather than nominal energy input alone.

At lower scanning speeds and fixed laser power, increased VED is generally associated with
larger and hotter melt pools, Figure 6.2 (b), resulting in steeper thermal gradients and greater
thermal contraction during solidification. Such conditions are commonly linked to elevated
residual stress levels and, in some cases, microcracking if not mitigated through substrate
preheating or scan strategy optimisation. However, our previous residual stress study using
XRD and ESPI hole-drilling techniques [138] demonstrated that the average residual stress in
PBF-LB equiatomic NiTi initially increased with decreasing scan speed (increasing VED),
reached a plateau within a critical processing window, and subsequently decreased at higher
VED values. This behaviour highlights a non-linear dependence on energy input rather than a
simple monotonic relationship with scan speed, as observed in the current study (Figure 6.7).
Comparable complexity has also been reported by Guo et al. [118], who observed no clear
monotonic dependence of residual stress magnitude or anisotropy on scanning speed (400—
1200 mm/s) in PBF-LB-processed NiTi. Their high-energy XRD measurements revealed
anisotropic residual stresses, compressive along the build direction and tensile within the scan
plane, suggesting that microstructural factors such as texture evolution, precipitation

behaviour, and dislocation density play a significant role alongside thermal effects.
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Contextually, cantilever beam deflection, used here as an indirect indicator of residual stress
state, has been reported to exhibit contrasting trends across different alloy systems processed
by PBF-LB. Narvan et al. [307], for example, observed a general decrease in cantilever
deflection with increasing volumetric energy density in H13 tool steel, which was attributed to
reduced thermal gradients and more uniform heat distribution at higher energy inputs. In
contrast, Yakout et.al. [310] reported increasing cantilever deflection with increasing VED in
Ti-6Al1-4V, particularly under conditions of higher laser power, lower scanning speed, and
reduced hatch spacing, where steep thermal gradients and strong directional solidification were
promoted. The divergence between these reported behaviours and the present NiTi results,
where large deflections occur at both low and high VED, highlights the strong material
dependence of residual stress evolution in PBF-LB processes. In NiTi, the coexistence of
martensitic and austenitic phases, along with stress and temperature-induced phase

transformations, introduces additional thermo-mechanical complexity beyond purely thermal
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contraction effects, likely contributing to the observed non-linear and parameter-sensitive

deflection behaviour.

Building on these observations, the unexpectedly high deflections observed under certain high
scan speed conditions motivate further investigation into the underlying metallurgical
mechanisms. Accordingly, XRD analysis was performed to examine phase constitution and its
potential influence on residual stress accumulation, particularly in samples exhibiting

anomalously high deflection behaviour.

6.3.4 Phase Constitution Influence on Beam Deflection

Results from the XRD scans of Samples 1-13 indicated a predominantly martensitic
composition in all samples, with smaller quantities of austenitic NiTi, Ni4Ti3 precipitates, and
oxides comprised of Ni3Ti30 also being identified. For example, in Figure 6.8, the five unique
primary peaks for martensitic NiTi in Samples 2 and 5 are distinguishable from the graphs
within the two-theta values of approximately 38 to 46 degrees. Evidence of NiTi> was found
only in Sample 5, as shown in Figure 6.8 (d). The martensitic NiTi phase concentration in the
printed samples ranged from 56.6% - 82.5% as shown in Figure 6.9 (a). Evidence of smaller
concentrations of austenitic NiTi were found, with values ranging from 4.1% - 8.6% (Figure
6.9 b). Ni14Ti13 precipitates were identified in ten samples (Figure 6.9 c). The total precipitate
fraction, which comprises the combination of NisTi3, Ni3Ti30, and NiTiz, is summarized in

Figure 6.9 (d).
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Figure 6.8 XRD pattern for sample 2 and sample 5 (highlighting NiTi2). This includes data
for the full two-theta range for (a) sample 2 and (b) sample 5, as well as a zoomed-in region

of the region where the key phase peaks were identified in sample 2 (c) and sample 5 (d).
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Sample 5 only).

During PBF-LB, nickel evaporation can shift an equiatomic NiTi composition toward titanium-
rich material, thereby promoting martensitic formation in the as-built state [314]. However, the
rapid cooling following laser irradiation can also lead to austenite retention, as austenite may
have insufficient time to fully transform into martensite during solidification, resulting in
incomplete phase transformation [315]. These constrained thermal histories establish residual
stress gradients that are subsequently released during post-build support removal, leading to

the cantilever deflections.

A comparison between XRD-derived phase fractions, calculated via Rietveld refinement, and
measured cantilever deflections indicates that austenite retention contributes to elevated
residual stress states in the cantilever beam samples. As noted earlier, and shown in Figure
6.7, samples produced using the highest scanning speed (1200 mm/s) exhibited relatively large
deflections. Correspondingly, these samples (Samples 8, 7, 11, and 12) showed both large
deflections (ranked 6th, 5th, 3rd, and highest, respectively) and elevated austenite fractions
(ranging from the third highest to the maximum; Figure 6.10 a). A plausible explanation is that

higher scanning speeds reduce the dwell time at peak melt-pool temperatures, thereby limiting
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nickel evaporation and enhancing austenite retention. Because retained austenite is stiffer than
martensite and cannot undergo stress-relieving phase transformation during cooling, its
presence likely amplifies residual stress accumulation and, consequently, cantilever deflection

[118].

NisTis precipitates, detected in ten samples, may further promote R-phase formation and
influence residual stress development. Notably, the four samples exhibiting the highest
deflections also contained the highest NisTis fractions, suggesting a contributory role of these
precipitates in the observed deflection behaviour (Figure 6.10 b). In contrast, NiTi. was
detected only in Sample 5, which corresponded to the highest volumetric energy density (VED)
in the design of experiments. Elevated VED increases nickel evaporation, leading to titanium
enrichment and facilitating NiTi. formation, consistent with prior reports on PBF-LB-

processed NiTi [315,316].
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maximum deflection in NiTi cantilever beams.
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One thing to note is that no clear or systematic influence of phase constitution observed for
samples exhibiting lower deflections (<0.8 mm) (Figure 6.10 a-b). In these cases, the residual
stress state levels appear insufficient for phase-related effects such as austenite stiffness or
precipitate-induced transformation constraints, to dominate the mechanical response,
suggesting that thermal stress magnitude and constraint conditions remain the primary
governing factors. Overall, these results demonstrate that high residual stress and cantilever
deflection are sensitive to both phase composition and precipitate content, but primarily once
a critical stress threshold is exceeded. Austenite retention and NiaTis precipitation, both
strongly influenced by processing parameters such as scan speed and energy input, contribute
significantly to residual stress accumulation and deflection in high-distortion samples, whereas

their influence is secondary in low-deflection regimes.
6.3.5 Vickers Hardness Analysis

Vickers hardness measurements were performed on Samples 3, 10, and 12, which were selected
to represent low (4.4%), medium (6.9%), and high (8.6%) retained austenite phase fractions,
respectively (see Figure 6.9). The primary objective of these measurements was to evaluate
whether spatial variations in hardness could be used as a proxy for mapping retained austenite
distribution across the printed samples.

The distribution of hardness are presented as colour maps in Figure 6.11 (a-c). Sample 3
(Figure 6.11 a) exhibits the lowest hardness distribution, with a mean value of 234 HV0.2. In
contrast, Samples 10 and 12 (Figure 6.11 b—c) show progressively higher hardness values,
consistent with their increasing retained austenite content. Notably, Sample 10 displays
localised regions of elevated hardness, particularly near the boundaries of the measurement,
close to the sample edge. A similar spatial trend is observed in Sample 12, where the highest
hardness values are concentrated in comparable regions.

To quantify the relationship between hardness and retained austenite content, the mean,
median, and maximum hardness values for each sample were correlated with the corresponding
phase fractions obtained via X-ray diffraction (XRD), as shown in Figure 6.11 (d-f). A strong
positive correlation is observed for both the mean (R*> = 0.892) and median (R* = 0.931)
hardness values. The strongest correlation is obtained when considering the maximum hardness
values (R? = 0.999), suggesting that peak hardness measurements are particularly sensitive to

elevated austenite content.
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The observed increase in hardness with retained austenite content is consistent with the well-
established mechanical contrast between martensitic and austenitic NiTi. Austenite is
characterised by a higher elastic modulus and greater hardness, whereas martensite exhibits
lower stiffness and is generally softer due to its twinned structure and deformation mechanisms
(e.g., stress-induced detwinning and reorientation) [317,318]. Consequently, regions with
higher retained austenite fractions are expected to exhibit elevated hardness values.

The strong correlations identified in Figure 6.11 (d-f) support the use of hardness mapping as
a complementary technique to XRD phase identification discussed earlier. In particular, the
near-perfect correlation observed for maximum hardness values suggests that localised
measurements are highly sensitive to microstructural heterogeneity, capturing regions where
austenite is concentrated. This is especially relevant in PBF-LB NiTi, where steep thermal
gradients and complex thermal histories can lead to significant spatial variation in phase
distribution. Furthermore, the localisation of higher hardness values near sample edges (Figure
6.11 b—) may be indicative of edge-related thermal effects, such as enhanced cooling rates or
altered melt pool dynamics, which can influence phase stability and transformation behaviour.
Overall, these results demonstrate that high-resolution hardness mapping provides a practical
method for assessing phase distribution in as-built PBF-LB NiTi. When used in conjunction

with XRD, it offers enhanced spatial insight into mechanical property heterogeneity.
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6.3.6 Thermo-mechanical finite element modelling results

6.3.6.1 Model calibration strategy

The preceding sections established the thermal response inferred from in-situ infrared (IR)
measurements, the experimental manifestation of residual stress in PBF-LB NiTi via cantilever
beam deflection, and the underlying phase constitution of the printed material. While these
analyses provide complementary insight into thermal history, elastic strain, and macroscopic
distortion, they do not directly quantify the magnitude of residual stress retained within the
printed components. To address this limitation, a calibrated thermomechanical finite element
(FE) model was employed to translate experimentally measured cantilever deflections into

corresponding estimates of residual stress trends.

The FE model was calibrated by reproducing the experimentally observed deflections arising
from process-induced residual stresses. The constitutive description requires specification of
both Young’s modulus, E, and a stress-limiting parameter governing inelastic relaxation during
cooling. Although this parameter is implemented as a yield strength in the Ansys Additive FE
framework, the values identified in the present study do not represent a conventional uniaxial
yield stress. Instead, they are interpreted as an effective thermomechanical flow stress which
is associated with martensite detwinning of NiTi at room temperature. In this framework, the
effective thermomechanical flow stress, oS | is defined as the stress limit at which further
thermally induced strain is accommodated by inelastic mechanisms rather than additional
elastic stress accumulation, such that the residual stress state satisfies Eq. 6.8.

oS > gt (Eq. 6.8)

where oy is the retained von Mises residual stress following cooling. This effective flow
stress implicitly captures martensitic detwinning, variant reorientation, and transformation-
assisted plasticity activated under the cyclic thermal loading imposed by the PBF-LB process.
Since neither E nor this effective flow stress can be directly measured under such conditions,
a calibration strategy was required to identify physically meaningful values consistent with
both the experimental deflection data and the independently measured phase constitution. The
sensitivity of model predictions in PBF-LB NiTi to assumed properties has previously been
highlighted by Rangaswamy et al. [170], underscoring the importance of appropriate parameter
selection. Similar distortion-based identification strategies, in which effective elastoplastic

parameters are adjusted to reproduce measured warpage/deflection, have been reported in

thermo-mechanical simulations of powder-based additive processes [319].
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As discussed earlier, all samples exhibit a predominantly martensitic phase constitution
(>56%), which constrains the elastic modulus to a relatively narrow and well-established range
for martensitic NiTi, typically 30—50 GPa [320,321]. Based on this constraint, an exploratory
analysis was performed in which E was varied between 30, 40, and 50 GPa, while the model-
predicted deflection was compared against the experimentally measured average maximum
deflection across all samples (8,,eqn= 0.61 mm), as shown in Figure 6.12 (a). The results
indicate that a Young’s modulus of 50 GPa, combined with an effective thermomechanical
flow stress of approximately 100 MPa, produces a estimated deflection (~0.67 mm) in closest

agreement with the experimental mean.

On this basis, E was fixed at 50 GPa for all subsequent simulations, while £,

was treated as
the primary fitting parameter governing the magnitude of residual stress retained through the
cantilever thickness. For each sample, this flow stress was iteratively adjusted until the
predicted steady-state deflection matched the experimentally measured value. This approach
reflects the mechanics of residual-stress-driven bending, wherein elastic stiffness controls
structural compliance, while the final residual stress state, and thus the bending moment, is
limited by inelastic stress relaxation during cooling. The calibrated effective thermomechanical

flow stresses estimated von Mises residual stresses, and resulting deflection errors are

summarised in Table 6.4.
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Figure 6.12 Model calibration results: (a) effect of varying Young’s modulus between 30 and
50 GPa on predicted deflection and required effective thermomechanical flow stress, oS |
relative to the experimentally measured average maximum deflection, &,,¢4,=0.61 mm; and
(b) comparison of true versus predicted deflection for all samples at the calibrated Young’s

modulus of 50 GPa.

6.3.6.2  Model performance and residual stress interpretation
Figure 6.12 (b) compares experimental and predicted deflections, yielding a coefficient of
determination (R?) of 0.998. Across all thirteen samples, the deflection error remains within
+6%, with the majority of samples (11 out of 13) exhibiting errors below £2% (Table 6.4).
This close agreement demonstrates that the adopted modelling framework captures the
dominant physics governing cantilever bending, despite the absence of explicit phase-

transformation modelling.
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Importantly, the calibrated model accurately reproduces both low-deflection samples (<0.4
mm), where limited residual stress is retained, and high-deflection samples (>0.8 mm for
Samples 7, 10, 11, 5, and 12), where substantial curvature develops (Table 6.4). This behaviour
indicates that the observed variation in deflection is not driven by changes in elastic
compliance, but rather by differences in the magnitude of residual stress locked into the
structure during cooling. Figure 6.13 (a-b) shows the simulated beam deflection following the
incremental support removal process, and the corresponding residual stress distribution within
the printed sample. As is seen in Figure 6.13 (a), a similar deflection profile is observed in the

model compared to the experimental deflection depicted in Figure 6.4.

Table 6.4 Model calibration results from fixed Young’s modulus the and varying flow stress.

Sample Experimental Model Deflection | Model von Effective
Deflection Deflection Error Mises Thermomechanical
P Stress Flow Stress
(mm) (mm) (%) (MPa) (MPa)
9 0.268 0.27 0.86 38 35
4 0.273 0.27 -1.18 37 35
1 0.290 0.31 6.47 44 40
13 0.367 0.35 -4.90 49 45
6 0.394 0.39 -1.02 54 50
2 0.566 0.56 -1.11 80 75
3 0.684 0.7 2.26 98 90
8 0.686 0.68 -0.87 95 90
7 0.821 0.82 -0.10 114 105
10 0.847 0.83 -1.99 113 105
11 0.847 0.83 -2.08 113 105
5 0.905 0.89 -1.70 125 115
12 0.937 0.95 1.38 130 120

Note: This Table 6.4 is sorted by ‘Experimental Deflection’ from smallest to largest

deflection value.
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Figure 6.13 (a) Model-deflection following support structure removal and (b) model-

predicted stress distribution within beam sample.

6.3.6.3 Identifiability of elastic versus inelastic parameters

Although comparable agreement with experimental deflection can be achieved by fixing the
ot and varying Young’s modulus (Table 6.5), this alternative calibration strategy yields non-
physical elastic moduli ranging from 40 to 150 GPa, together with nearly constant residual
stress magnitudes across all samples (~105-108 MPa). Such behaviour indicates that deflection
variation is artificially accommodated through stiffness modulation rather than through
physically meaningful inelastic stress relaxation mechanisms.

As aresult, Young’s modulus cannot be reliably identified from residual-stress-induced beam
bending, whereas the oﬁg;v remains a well-posed and physically interpretable parameter. This
finding confirms that cantilever deflection in PBF-LB NiTi is governed primarily by residual
stress saturation rather than by variations in elastic stiffness.

Table 6.5 Model calibration results from fixed flow stress and varying Young’s modulus.

Sample | Experimental Model Deflection | Model von Effective
ID Deflection Deflection Error Mises Thermomechanical
Stress Flow Stress
(mm) (mm) (%) (MPa) (MPa)
9 0.268 0.26 -2.95 108 150
4 0.273 0.27 -1.18 107 145
1 0.290 0.28 -3.55 109 135
13 0.367 0.36 -1.99 108 110
6 0.394 0.39 -1.02 107 100
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2 0.566 0.57 0.67 105 65
3 0.684 0.7 2.26 108 55
8 0.686 0.69 0.59 106 55
7 0.821 0.78 -5.24 109 50
10 0.847 0.87 2.70 108 45
11 0.847 0.87 2.61 108 45
5 0.905 0.86 -5.25 108 45
12 0.937 0.99 5.36 108 40

Note: This Table 6.5 is sorted by ‘Experimental Deflection’ from smallest to largest

deflection value.

6.3.6.4  Residual stress saturation and effective thermomechanical flow stress, g

A key outcome of the simulations is the strong correspondence between the model-estimated
von Mises residual stress and the imposed effective thermomechanical flow stress, oS . For
all samples, the retained residual stress magnitude closely approaches the specified flow stress
limit, typically within 5-10% (Table 6.4), demonstrating that residual stress accumulation
during cooling is capped by inelastic deformation rather than continued elastic loading. As a
result, the final beam curvature is governed by the magnitude of the through-thickness residual
stress gradient, which is directly controlled by of’t (Eq. 6.8). Samples with higher fitted flow
stresses retain larger residual stress gradients and therefore exhibit greater bending moments
and cantilever deflections. This behaviour is consistent with classical residual-stress-limited
bending mechanics, in which curvature scales with the stress distribution rather than elastic
stiffness. A clear monotonic relationship is observed between experimental deflection and the
extracted effective thermomechanical flow stress. Low-deflection samples (<0.4 mm)
eff

correspond to oy, values of 35-50 MPa, whereas samples exhibiting large deflections (>0.8

mm) require values of 105-120 MPa to reproduce the measured curvature.

As noted earlier, these values should not be interpreted as intrinsic room-temperature uniaxial
yield strengths. Instead, they represent effective thermomechanical flow stresses governing
residual stress retention under the complex thermal histories of the PBF-LB process of NiTi.
In predominantly martensitic NiTi, this flow stress is physically associated with the onset of
martensitic variant reorientation (detwinning), stress-assisted transformation mechanisms, and
high-temperature inelastic accommodation. Under the multiaxial stress states and repeated

thermal cycling inherent to layer-wise fabrication, these mechanisms activate at substantially
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lower stress levels than classical dislocation-mediated yielding (often represented as yield
strength). In its martensitic state, NiTi is exceptionally "soft" regarding its initial departure
from linearity. Literature values for the start of the martensite detwinning plateau typically
range from 50 to 150 MPa [322]. The Gf{ff range of 35—120 MPa sits perfectly at the lower end

ow

of this physical phenomenon.

6.3.6.5  Role of phase constitution

The extracted trends are consistent with independent observations that increased retained
austenite and higher NisTi3 precipitate fractions correlate with larger cantilever deflections
(Figure 6.10 a-b). Austenite-rich material is expected to sustain higher residual stresses due to
its reduced capacity for stress accommodation via martensitic reorientation, while NisTis
precipitates introduce internal stress fields that modify twin boundary mobility and
transformation-assisted relaxation. As a result, samples with higher retained austenite and
precipitate content can support larger residual stress gradients, leading to increased curvature.
Crucially, the success of the model without varying Young’s modulus demonstrates that phase
constitution influences deflection primarily through its impact on inelastic stress-limiting
behaviour rather than through changes in elastic stiffness. This reinforces the interpretation that
residual stress saturation, governed by an effective thermomechanical flow stress, is the

dominant control parameter for beam bending in additively manufactured NiTi cantilevers.

6.3.6.6  Implications for residual stress estimation

By matching experimentally measured deflections through flow-stress-controlled
thermomechanical simulations, the present approach provides a physically consistent means of
estimating residual stress magnitudes in PBF-LB NiTi components. The predicted von Mises
stresses obtained from the calibrated models therefore represent reasonable estimates of the
residual stress state within the cantilevers.

This inverse identification framework enables residual stress to be inferred from simple
deflection measurements, offering a practical alternative to direct residual stress measurement
techniques, which are often challenging to apply to small, additively manufactured

components.

6.3.6.7  Effect of VED and other processing parameters

Figure 6.14 presents the correlation matrix relating process parameters, experimental
deflection measurements, and model beam deflection predictions. Among the process

parameters, scanning speed exhibits the strongest influence on experimental deflection (0.35),
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suggesting that thermal gradients and cooling rates play a more dominant role than absolute
energy input (0.3). However, VED has a moderate positive correlation (0.56) on the model von
Mises stress. Hatch spacing displays a strong negative correlation with the model von-Mises

stress (-0.82), highlighting its role in controlling thermal overlap and heat accumulation in the

model.
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Figure 6.14 Correlation heatmap showing relation between various entities of the model and

experiments.

6.4 Conclusion

In this study, a novel framework was developed which analysed residual stresses in NiTi
cantilever beam samples that were additively manufactured via PBF-LB. A broad range of
influential factors, which aid in the development of residual stresses, were investigated, which
comprised of both experimental and computational methods. Using in-situ IR data, the complex
thermal conditions experienced during the PBF-LB printing process were analysed to provide
an indication of the residual stress state in the NiTi cantilever samples in their constrained, as-

built condition. This also revealed a linear increase in average sample temperature with respect
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to increasing VED. Among the processing parameters investigated, scanning speed was
identified as the most influential factor governing beam deflection, with large deflections
observed at both low and high scan speeds and reduced deflection at intermediate values.
Additionally, an increase in laser power, and a decrease in hatch spacing, were both seen to

increase maximum beam deflection values.

Phase analysis using X-ray diffraction indicated that high scanning speeds promote increased
retained austenite content. The presence of retained austenite together with NiaTis precipitates
suggests incomplete austenite-to-martensite transformation during rapid solidification, which
limits strain accommodation and contributes to elevated residual stresses. This interpretation
is supported by the observation that samples exhibiting higher fractions of both phases also
displayed larger maximum deflections. For future study, it would be of interest to further
examine the influence of secondary phases and precipitates on the residual stresses in additively

manufactured NiTi samples.

The hardness mapping results provided an additional insight into the observed relationship
between retained austenite content and cantilever beam deflection. Samples with higher
austenite fractions exhibited increased Vickers hardness, indicating locally higher stiffness.
This could potentially indicate that these regions may contribute to greater macroscopic
deflection upon stress release, consistent with the higher beam deflections that were observed
experimentally. For future study, it would be of interest to further examine in further detail the
influence of secondary phases and precipitates on the residual stresses in additively

manufactured NiTi samples.

A thermo-mechanical finite element model was developed to estimate residual stress and
deflection in PBF-LB-processed NiTi, demonstrating its capability to capture both deflection
and stress evolution during fabrication. In the absence of well-defined mechanical properties
for the as-printed material, a trial-and-error calibration approach was adopted, through which
an elastic modulus of 50 GPa, and a range of effective thermal mechanical flow stress (o,
values were identified as providing the closest agreement with experimental deflection

measurements. Using this calibrated parameter set, the calculated von Mises residual stresses

in the printed samples were found to lie within the range of 35-120 MPa.

This study establishes a physically consistent framework linking process parameters, thermal

history, phase evolution, and residual stress development in PBF-LB NiTi. The proposed
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modelling approach provides a practical pathway for inverse estimation of effective material
properties and offers valuable insight into distortion control in NiTi additive manufacturing.
Future work will extend the model to predict individual residual stress components and will
integrate machine learning techniques with the thermo-mechanical framework to enable rapid
and accurate stress prediction. Experimental validation using established residual stress
measurement techniques such as hole-drilling, the contour method, and neutron diffraction will

further strengthen the robustness and applicability of the proposed approach.

Contribution towards the thesis: This chapter builds directly upon the experimental insights
established in Chapter 5 by developing a predictive thermo-mechanical modelling framework
for residual stress and distortion in PBF-LB fabricated NiTi. The use of cantilever beam
deflection as a measurable indicator of residual stress provides a practical link between
experimental observations and model calibration, enabling inverse estimation of effective
material properties for additively manufactured NiTi. Furthermore, the incorporation of in-situ
thermal data and phase characterization ensures that the model reflects the underlying physical
mechanisms identified in earlier chapters, particularly the role of thermal history and phase
transformation behaviour in stress accumulation. This chapter represents the transition from
experimental understanding to predictive capability within the thesis. It consolidates the
process—thermal—stress relationships established in Chapters 3—5 into a unified modelling
framework, enabling estimation of residual stress and distortion under varying processing
conditions. As such, it provides a foundation for future development of rapid prediction tools
and closed-loop process control strategies for PBF-LB NiTi, completing the progression from

melt pool physics to component-level performance prediction.
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7. Chapter: Conclusion and Future Work

This thesis has addressed the critical challenge of improving the predictability and control of
Laser Powder Bed Fusion (PBF-LB) processing of nickel-titanium (NiTi) shape memory
alloys. Given the strong sensitivity of NiTi to thermal history, composition, and phase
transformation behaviour, achieving reliable process—structure—property relationships remains
a significant barrier to industrial adoption. Through a combination of experimental
investigation, physics-based modelling, and data-driven approaches, this work has developed
an integrated framework linking melt pool behaviour, thermal history, and residual stress
evolution.

The literature review (Chapter 2) established that while both physics-based and data-driven
models are widely used in additive manufacturing, neither approach alone is sufficient for NiTi.
The review highlighted the importance of accurately predicting local thermal history and
composition to control phase transformation behaviour and functional performance. It also
identified physics-informed machine learning and digital twin frameworks as promising
pathways for bridging the gap between accuracy and computational efficiency.

Building on this foundation, Chapter 3 provided a systematic evaluation of analytical melt
pool models for NiTi. Taking results from this work and comparing with the literature for
different alloys, it is shown that model performance is strongly dependent on both the alloy
system as well as the process parameter regime. While the Eagar—Tsai model accurately
predicted melt pool width and the Gladush—Smurov model provided reasonable depth
predictions, no single model was sufficient to capture all melt pool characteristics. This
highlighted the limitations of simplified analytical approaches and motivated the development
of more advanced modelling strategies, including both finite element and data-driven machine
learning methods, as presented in the next chapter.

Chapter 4 addressed these limitations through the development of a physics-informed digital
twin framework. A high-fidelity thermal finite element model, incorporating CALPHAD-
derived temperature-dependent material properties, achieved strong agreement with
experimental melt pool measurements. The integration of this model with a machine learning
surrogate enabled rapid and accurate prediction of melt pool geometry across a wide parameter
space. By embedding physics-based stability criteria, the framework was extended into a
decision-making tool capable of identifying stable processing regimes. This represents a

significant advancement in melt pool prediction and process optimisation for NiTi.
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Chapter S extended the investigation from melt pool behaviour to residual stress formation
through detailed experimental characterization. Using a multi-modal approach combining
ESPI-HD and XRD, this chapter provided spatially resolved residual stress measurements and
established a direct link between melt pool thermal history and stress development. A key
finding was the identification of a non-monotonic relationship between volumetric energy
density (VED) and residual stress, challenging conventional assumptions that higher energy
input always increases stress. This demonstrated that residual stress evolution is governed by
complex interactions between process parameters and thermal gradients.
Finally, Chapter 6 translated these experimental insights into a predictive modelling
framework. A CALPHAD-coupled thermo-mechanical finite element model was developed to
estimate residual stress and distortion in PBF-LB fabricated NiTi. The model was calibrated
using cantilever beam deflection measurements and validated against experimental
observations. Importantly, the work demonstrated that residual stress development is governed
by thermal gradients and phase evolution, including the extent of retained austenite and NisT1s
precipitates. This chapter represents the culmination of the thesis by integrating process
parameters, thermal history, phase transformation, and mechanical response into a unified
predictive framework.
Overall, this thesis makes several key contributions to the field:
o Demonstrates the limitations of analytical melt pool models for NiTi and highlights the
need for material-specific modelling approaches
e Develops a physics-informed digital twin framework combining finite element
modelling and machine learning for rapid melt pool prediction and optimisation
o Establishes a direct experimental link between melt pool thermal history and residual
stress development
e Identifies a non-monotonic relationship between energy input and residual stress,
challenging existing assumptions
e Develops a predictive thermo-mechanical modelling framework incorporating phase
evolution effects for residual stress estimation
Collectively, these contributions advance the understanding of process—thermal-structure
relationships in PBF-LB NiTi and provide practical tools for improving process control and
component reliability. Future work should focus on extending the modelling frameworks
developed in this thesis toward fully integrated multi-scale and multi-physics approaches. This

includes coupling thermal, microstructural, phase transformation, and mechanical models
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within a unified framework. Such integration is particularly important for NiTi, where

functional properties are highly sensitive to local thermal history and composition.

The digital twin framework developed in this work currently focuses on melt pool-scale
predictions. Extending this framework to part-scale analysis could enable prediction of porosity
distribution, microstructure, phase volume fraction and composition, surface roughness, and
residual stress fields across full components. This will enhance its applicability for industrial
process optimisation and component qualification.

While machine learning was successfully applied to melt pool prediction, its integration into
residual stress modelling remains an important area for future research. Hybrid approaches
combining thermo-mechanical modelling with data-driven methods could significantly reduce
computational cost while maintaining predictive accuracy.

A major limitation identified throughout this work is the lack of reliable temperature-dependent
thermophysical and mechanical property data for additively manufactured NiTi. Future
research should focus on systematic experimental characterization of these properties across
the relevant temperature ranges to improve model fidelity.

The integration of predictive models with in-situ monitoring systems represents a key step
toward intelligent additive manufacturing. Future work should explore the use of real-time
thermal data, combined with digital twin frameworks, to enable closed-loop process control.
This would allow dynamic adjustment of process parameters to mitigate defects and ensure
consistent part quality. Further investigation is required into the relationship between process
parameters, phase evolution, and functional properties such as transformation temperatures and
superelastic response. Incorporating phase transformation modelling into predictive
frameworks would provide a more complete understanding of NiTi behaviour in PBF-LB.
Expanding the experimental dataset through additional residual stress measurement techniques,
such as neutron diffraction and the contour method, would provide deeper insight into stress
distributions and improve validation of predictive models. Larger datasets would also enable
more robust statistical analysis of process—stress relationships.

This thesis demonstrates that achieving reliable additive manufacturing of NiTi requires an
integrated understanding of melt pool physics, thermal history, phase transformation
behaviour, and residual stress development. The methodologies and insights developed here
contribute not only to the advancement of NiT1 additive manufacturing but also to the broader
field of metal additive manufacturing, where similar challenges exist in linking process

conditions to material performance.
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   (  z = 0 )


  w  ( z ) = w  ( 1 −   z h )


    z  m a x


   (  z = 0 )


    q  ( x ,       y ,       z ) =   2 P  h 𝜋   w 2 e x p  [ − 2     ( x 2 +   y 2 )    w 2 ]  ( 1 − 𝛽 z )


  P


  w


  h


    z  m a x = h


  z ∈  [ 0 , h ]


    q  ( x ,       y ,       z ) = 0


  z = h


  𝛽


  𝛽 =     E  L    z  m a x


    E  L


  z


    E   ( x , y , z ) = − 𝛽 z +   E  L


    z max


  x = 0


    z  m a x =    { 4 𝛼 t  ln ⁡     2 𝛼   I 0 w  𝜆 v   T  c    ( 4 𝛼 t )   3 2   1   2    w 2 +  1  4 𝛼 t }   1 2


    T  c


  𝜆  


  𝛼  


  v


  t


  v


    I 0


  q ( z ) =   q 0 exp ⁡ ( − 𝛼 z )


  𝛼 = 1 / 𝛿


  𝛿


  v


    q  ( x ,       y ,       z ,       t ) =   2 A P  𝜋   w 2 𝛿 e x p  [ − 2     ( x − v t ) 2 +   y 2    w 2 ] e x p  [ −    | z |  𝛿 ]


  A


  P


  w


  1 /   e 2


  𝛿


  v  


  x − v t


  3 𝛿


  𝛿


  h =   z max


  z ∼ 𝛿


  A


  𝛿


  v


  q ( x , y , z , t ) =  {      6  3   A P   f  f    𝜋  3 / 2   a  f b c exp  [ − 3  (     (  x −  v t  ) 2    a  f 2 +      y 2    b 2 +      z 2    c 2 ) ] ,  x ≤ v t ,     6  3   A P   f  r    𝜋  3 / 2   a  r b c exp  [ − 3  (     (  x −  v t  ) 2    a  r 2 +      y 2    b 2 +      z 2    c 2 ) ] ,  x > v t ,


  P


  v


  A


    f  f


    f  r


    f  f +   f  r = 2


    a  f


    a  r


  b


  c


    f  f = 0 . 4


    f  r = 1 . 6


  b =  10  − 6  m


  c = 400 ×  10  − 6  m


    𝜀  t o t a l =   𝜀  e +   𝜀  p +   𝜀  t h


    𝜀  e


    𝜀  p


    𝜀  t h


    𝜀  t h = 𝛼 ( T −   T 0 )


  𝛼


    T 0


    𝜎  r e s ≈ E 𝛼 Δ T


  E


  Δ T


  T ( x , y , z )


    𝜎  x ∗ = − 2 𝜇    ∂ 2 T  ∂   y 2


    𝜎  y ∗ = − 2 𝜇    ∂ 2 T  ∂   x 2


    𝜎  z ∗ = − 2 𝜇  (     ∂ 2 T  ∂   x 2 +     ∂ 2 T  ∂   y 2 )


    𝜎  x ∗


    𝜎  y ∗


    𝜎  z ∗


  x


  y


  z


  T


  𝜇


    𝜎  x x ( x , z ) = −   𝛼 ( T ) E ( T )  1 − 2 𝜈 ( T )   ∫ 0 ∞    ∫  − ∞ ∞   (   G  x h   ∂ T  ∂ x +   G  x v   ∂ T  ∂ z ) d   x ′ d   z ′ +   2 z  𝜋   ∫  − ∞ ∞    p ( s ) ( s − x  ) 2   ( ( s − x  ) 2 +   z 2  ) 2 d s −   𝛼 ( T ) E ( T ) T ( x , z )  1 − 2 𝜈 ( T )


    𝜎  z z ( x , z ) = −   𝛼 ( T ) E ( T )  1 − 2 𝜈 ( T )   ∫ 0 ∞    ∫  − ∞ ∞   (   G  z h   ∂ T  ∂ x +   G  z v   ∂ T  ∂ z ) d   x ′ d   z ′ +   2   z 3  𝜋   ∫  − ∞ ∞    p ( s )   ( ( s − x  ) 2 +   z 2  ) 2 d s −   𝛼 ( T ) E ( T ) T ( x , z )  1 − 2 𝜈 ( T )


    𝜎  x z ( x , z ) = −   𝛼 ( T ) E ( T )  1 − 2 𝜈 ( T )   ∫ 0 ∞    ∫  − ∞ ∞   (   G  x z h   ∂ T  ∂ x +   G  x z v   ∂ T  ∂ z ) d   x ′ d   z ′ +   2   z 2  𝜋   ∫  − ∞ ∞    p ( s ) ( s − x )   ( ( s − x  ) 2 +   z 2  ) 2 d s


    𝜎  y y ( x , z ) = 𝜈 ( T )  (    𝜎  x x +    𝜎  z z ) − 𝛼 ( T ) E ( T ) T ( x , z )


  𝛼


  E


    G  x h ,   G  x v ,   G  z h ,   G  z v


  𝜎 = ( A + B   𝜀  p  n )  ( 1 + C ln ⁡       𝜀 .  p      𝜀 . 0 )  ( 1 −     (   T −   T 0    T  m −   T 0 )  m )


    𝜀  p


      𝜀 .  p


  T


    T  m


  A , B , C , n , m


  T −  T 0 =  AP  2 π kr  e  −     V  ( j + r )  2 α


  α =  k  ρ  C p


    j 2 +  y 2 +  z 2


  Width =    8 AP  π e ρ  C p V  (  T m −  T o )


  Depth =    2 AP  π e ρ  C p V  (    ) −  T o


  T −  T 0 =   ∫ 0 t      AP  ( t −  t ′ )  −    1 2    e   ( −      x 2 +  y 2  4 α  ( t −  t ′ ) + 2  a 2   −      z 2  4 α  ( t −  t ′ ) )  π ρ  C p  4 π α  ( 2 α  ( t −  t ′ ) +  a 2 ) d  t ′


  Width =  a  B  p 3  [ 0 . 0021 − 0 . 047 p + 0 . 34  p 2 − 1 . 9  p 3 − 0 . 33  p 4 + B  ( 0 . 00066 − 0 . 007 p − 0 . 00059  p 2 + 2 . 8  p 3 − 0 . 12  p 4 ) +  B 2  ( − 0 . 0007 + 0 . 015 p − 0 . 12  p 2 + 0 . 59  p 3 − 0 . 023  p 4 ) +  B 3  ( 0 . 00001 − 0 . 00022 p + 0 . 002  p 2 − 0 . 0085  p 3 + 0 . 0014  p 4 ) ]


  Depth =  a   p  [ 0 . 008 − 0 . 0048 B − 0 . 047 p − 0 . 099 Bp + plnp  ( 0 . 32 + 0 . 015 B ) + lnB  ( 0 . 0056 − 0 . 89 p + 0 . 29 plnp ) ]


  p =  α Va


  B =  AP  π ρ  C p  T m  α V  a 3


  Depth =  AP  2 π k   


     (  H w ) 2 +    (  L d ) 2 ≤ 1


   w d > 1 . 5


  ρ c   ∂ T  ∂ t =  ∂  ∂ x  ( k   ∂ T  ∂ x ) +  ∂  ∂ y  ( k   ∂ T  ∂ y ) +  ∂  ∂ z  ( k   ∂ T  ∂ z ) + Q


  Qc = h ( T − T 0 )


  Q = 2  AP  π  w 2  exp ⁡    − 2  r 2   w 2


  𝐱 = { h ,  d b , P , v }


  h


   d b


  P


  v


  𝐲 = { W , D ,  W ref ,  D ref , L }


  W


  D


   W ref


   D ref


  L


   f ^ ( ⋅ )


    𝐲 ^ =  f ^ ( 𝐱 )


   f ^ ( 𝐱 ) =  [  W ^ ( 𝐱 ) ,  D ^ ( 𝐱 ) ,    W ^ ref ( 𝐱 ) ,    D ^ ref ( 𝐱 ) ,  L ^ ( 𝐱 ) ]


  𝐳 = { P , v


  ℱ = { 𝐳 ∣ Regime ( 𝐳 ) = Conduction }


  J ( 𝐳 ) = ∣  R DW ( 𝐳 ) − 0 . 5 ∣ + ∣  R LW ( 𝐳 ) − 2 . 5 ∣


    R  D W =     D  r e f    W  r e f


    R  L W =   L W


    R  D W


    R  L W


  J ( z )


    𝐳 * = arg ⁡   min ⁡  𝐳 ∈ ℱ J ( 𝐳 )


  Error (%) =   Predicted − Experimental  Experimental × 100


    R 2 = 0 . 959


    R 2 = 0 . 991


    R 2 = 0 . 964


    R 2 = 0 . 982


    R 2 = 0 . 983


   < 0 . 01


  0 . 3 ≤   D  ref /   W  ref ≤ 0 . 6


    D  ref /   W  ref > 0 . 6


  θ


   d hkl


  λ


  n 𝜆 = 2   d  h k l  sin ⁡  𝜃


  E


  d )


   σ φ


  E


  ν


  m


  d


   sin 2 Ψ


  Ψ


  φ


    𝜎  𝜑 =  (   E  1 + 𝜈 ) . m


  ×


  ×


  σ _ xx


  σ _ yy


  τ _ xy


  σ _ Max


  σ _ Min


   σ  von   Mises =       ( σ _ xx ) 2 +    ( σ _ yy ) 2 −  ( σ _ xx × σ _ yy ) + 3    ( τ _ xy ) 2


  ∇ T ( z ) = |   ∂  T norm  ∂ z |


  𝜌 c   ∂ T  ∂ t =  ∂  ∂ x  ( k   ∂ T  ∂ x ) +  ∂  ∂ y  ( k   ∂ T  ∂ y ) +  ∂  ∂ z  ( k   ∂ T  ∂ z ) + Q


  Q c = h ( T − T 0 )


  Q = 2   A P  𝜋   w 2  exp ⁡    − 2   r 2    w 2


  𝛻 𝜎   +   𝜌 b = 0


    𝜀  t o t a l =     𝜀  e l a s t i c +     𝜀  p l a s t i c +   𝜀  t h e r m a l


    𝜀  t h e r m a l =   𝛼 ∆ T


  2 . 4 mm × 2 . 4 mm


    𝜎  flow  eff


    𝜎 vM res    ≥      𝜎  flow  eff


    𝜎 vM res


    𝛿  m e a n


    𝜎  flow  eff


    𝜎  flow  eff


    𝛿  m e a n


    𝜎  flow  eff


    𝜎  flow  eff


    𝝈  flow  eff


    𝜎  flow  eff


    𝜎  flow  eff


    𝜎  flow  eff


    𝜎  flow  eff


    𝜎  flow  eff

