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Abstract

This thesis proposes an ANN-based framework for interpreting Laser Powder Bed
Fusion (L-PBF) parameter effects in NiTi alloy by linking model prediction error
to recalculated volumetric energy density. The main contribution of the study
is not only the prediction of relative density, but the integration of ANN error
into an adjusted VED/BED descriptor to assess how prediction uncertainty influ-
ences energy-based process interpretation. The analysis was based on a literature-
derived dataset extracted from Obeidi, consisting of 27 unique combinations of
laser power, scanning speed, and pulse frequency, with experimentally measured
relative density reported for 40 pym and 80 pm layer-thickness conditions. These
were analyzed as two separate 27-sample datasets using three ANN training algo-
rithms in MATLAB: Levenberg—Marquardt (LM), Bayesian Regularization (BR),
and Scaled Conjugate Gradient (SCG). The results showed that LM provided the
strongest relative-density prediction performance overall, while the lowest VED
deviation was obtained with SCG for the 40 pum dataset and with BR for the
80 pum dataset. Comparative deviation analysis further indicated that the 80 pm
condition was more sensitive to ANN prediction error than the 40 ym condition.
Response-surface and Pareto analyses showed that pulse frequency was the dom-
inant factor affecting relative density, whereas scanning speed and laser power
had secondary effects within the investigated range. Overall, the study demon-
strates that incorporating ANN prediction error into VED/BED analysis provides
a more informative basis for L-PBF process assessment than using a static energy

descriptor alone.
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Chapter 1

Introduction

Additive manufacturing (also known as AM) has experienced intense growth in
the past few years because of the increased adoption rate of the flexible production
process [1]. Additive manufacturing makes it easy to produce complex structures.
In fact, it reduces material waste because customized designs cannot be produced
using subtractive techniques. The layer-manufacturing method has changed the
way products are produced because process control using data is now very impor-

tant for achieving process quality.

1.1 Additive Manufacturing

Additive manufacturing describes a set of technologies that use layered deposition
to create a three-dimensional object [2]. These technologies build products directly
from computer-aided design models. Seven types of AM, according to ISO/ASTM
52900, include the following benefits that give these technologies an advantage
over subtractive or formative manufacturing techniques: a low volume of wasted
material, flexibility to design the internal architecture of a product, and the ability
to manufacture customized parts [3]. Three major AM process categories are

illustrated in Figure 1.1.
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1.1.1 Material Extrusion

Material extrusion technologies use the nozzle to extrude molten, semi-molten
materials for the creation of layers [4]. By far, the most widely known technology
comes in the form of Fused Deposition Modeling, which commonly involves the

use of thermoplastics (Figure 1.1).

P -
/ \ Raw filament

Feeding
‘ wheels
Model Extrusion Thermal
et . head heater
il I Nozzle
Model
filament B
filament
Support
‘ Platform
Support
cartridge

Model cartridge

FIGURE 1.1: Schematic of the material extrusion process showing filament
feeding, heating, and layer-by-layer deposition through a nozzle Source [5]

1.1.2 Vat Photopolymerization

Vat photopolymerization is a process of selectively curing a liquid resin contained
in a vat using a light source (UV laser or projector). Stereolithography (SLA)
is a prototypical example of vat photopolymerization (Figure 1.2). It provides a

high-quality surface finish and is ideal for models and dental applications [6].

1.1.3 Powder Bed Fusion

In Powder Bed Fusion (PBF), thin layers of powder material are laid down and
selectively melted with the help of a thermal energy source (laser or electron beam)

(Figure 1.3). This category allows the creation of parts with high densities from
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Laser
Y Platform

Vat

Photo resin Object (cured)

—I1

FIGURE 1.2: Schematic of vat photopolymerization showing selective laser cur-
ing of liquid resin layer by layer. Source [7]

Laser
—O Scanner

Printed

Recoater blade // tablets

—

I R
Powder bed
Powder Powder
tank Building tank
Plate

FIGURE 1.3: Powder Bed Fusion (PBF): powder is spread by a roller, selectively
melted by a laser, and the build platform lowers for the next layer. Source [8]

polymers, metals, and ceramics, and is useful for the creation of functional parts

with defined microstructures [8].

This study investigates the influence of key Laser Powder Bed Fusion (L-PBF) pro-
cess parameters on the densification behaviour of NiTi alloys. Using a data-driven

framework, it examines the relationships between selected processing conditions
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and relative density to support improved understanding and optimization of the

L-PBF process.

1.2 What is Laser Powder Bed Fusion

L-PBF is a cutting-edge method for making metal parts that uses a high-energy
laser beam to melt metallic powder in layers to create three-dimensional parts, as
shown in Figure 1.4. Using a recoater blade or roller, the first step is to deposit a
thin, even layer of metal powder over the build platform [9]. A focused laser beam
then scans the part’s cross-sectional shape, melting and fusing powder particles in
specific areas based on the computer design. The cycle starts over again once the
layer hardens. The build platform lowers, a fresh powder layer is added, and the
process continues until the whole component is made. Because it heats up and
cools down quickly in small areas, L-PBF can achieve outstanding geometrical
accuracy, tight dimensional tolerances, and controlled microstructures [10]. These
traits make it a popular choice for high-value functional parts where performance,
weight reduction, and complex shapes are essential. The approach enables the
creation of internal channels, lattice structures, and topologically optimized de-
signs that can’t be produced using traditional subtractive or formative production

methods [11].

The quality of a part made with L-PBF depends a lot on how you choose and use
process factors, including laser power, scanning speed, hatch spacing, layer thick-
ness, and scan strategy. These factors directly affect the stability of the melt pool,
the temperature gradients, the cooling rates, and the subsequent microstructural
changes. Choosing the wrong parameters can lead to problems such as porosity,
balling, incomplete melting, microcracks, and compositional changes [13]. So, it
is still essential to understand and improve these characteristics to get high den-
sity, the proper mechanical performance, and consistent output. L-PBF works
with a wide range of engineering alloys, including titanium alloys, nickel-based
superalloys, aluminum alloys, and shape-memory alloys such as NiTi. Ongoing

improvements in powder metallurgy and process monitoring have made materials
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Laser beam \Mirrnr

Powder

spreader /_,.. \

3 15;& Powder bed

:g;u:der T \_/ lU Substrate

FIGURE 1.4: Schematic illustration of the L-PBF process, showing the laser
scanning, powder deposition system, melt pool formation, and consolidation of
successive layers to build the part geometry. Source: [12]

even more reliable and made L-PBF more widely used in industry. L-PBF is one
of the most studied and widely used metal additive manufacturing technologies in
industry because it can be applied to many different applications. It is the basis
for lightweight structural design, tailored implants, and high-temperature-resistant

aerospace parts [14].

1.2.1 Applications for Laser Powder Bed Fusion

Figure 1.5 shows the main industrial sectors that use L-PBF extensively to produce
high-performance metal parts. The applications listed demonstrate that L-PBF
can produce parts with complex shapes, built-in features, and customized mechan-
ical properties. These benefits make the method a good fit for businesses where
lowering weight, improving structural efficiency, and making things to order are

essential [15].
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ndaus 1Ca - 1icanons mages
Industry Typical L-PBF Applicati Imag

Aerospace & Defense Lightweight structures,
turbine blades, and cooling-
channel parts

Biomedical Patient-specific implants,
dental restorations, porous
scaffolds

Automotive Engine components, heat
exchangers, and lightweight
brackets

Energy & Power Fuel nozzles, turbine
components, high-
temperature parts

Industrial Tooling inserts, conformal-
Engineering cooling molds, wear-resistant
parts

F1cure 1.5: Key Applications of L-PBF [16-18]

1.3 Critical Process Parameters in Laser Powder

Bed Fusion

In L-PBF, critical process parameters are the set of printing factors that can be
controlled and directly affect thermal behavior, melt-pool stability, microstructural
development, and the ultimate quality of the part. These settings control how
much energy is applied to the powder bed, how the molten pool forms and hardens,
and whether the process produces dense, defect-free parts. L-PBF exhibits fast

heating and cooling cycles and complex thermal gradients. This means that even
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tiny changes in these settings can make significant changes in porosity, dimensional
accuracy, surface polish, and mechanical performance [19, 20]. To make sure that
metal additive manufacturing produces dependable, reproducible, and high-quality
products, it is crucial to understand and improve these factors. The primary

critical parameters in L-PBF include the following:

1.3.1 Laser Power

Laser power is the amount of energy the laser emits per unit of time. It is one
of the main factors that cause melt pools. More powerful lasers raise the peak
temperature, the depth of the melt pool, and the amount of powder that sticks
together. But too much power can cause keyholing, the evaporation of alloying
elements, spatter, and instability in the molten pool (Figure 1.6). On the other
hand, insufficient power can lead to flaws in fusion and weak bonding between
layers. So, choosing the right laser power is essential to ensure the whole thing

melts without causing thermal flaws [21].

Laser scan direction

—
' Convection &
Radiation heat
Metal /
vaporization f, o Powder bed
e - -
g -

Solidification

Heat conductive
transfer

Solid Substrate

FIGURE 1.6: Effect of laser power on melt pool formation in L-PBF'. Insufficient

laser power results in lack-of-fusion defects, optimal power produces a stable

melt pool with good interlayer bonding, while excessive laser power leads to
keyholing. Source [22]
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1.3.2 Scanning Speed

Scanning speed is the rate at which the laser traverses the powder bed and directly
influences the energy input per unit length as well as the time available for melt-
ing. As illustrated in Figure A.1(a), increasing the scanning speed reduces the local
energy supplied to the material, which can result in shallow melt pools and lack-
of-fusion defects [23]. In contrast, excessively low scanning speeds increase heat
accumulation and may promote overheating, balling, and microstructural coars-
ening, as schematically shown in Figure A.1(b). Therefore, an optimum scanning
speed is required to maintain a stable melt pool geometry and ensure consistent

track formation.

1.3.3 Hatch Spacing

The space between two laser scan tracks is called hatch spacing. It tells you how
much the melt pools next to each other overlap. If the hatch spacing is too wide,
the overlap is reduced, leaving areas that aren’t melted, porosity increases, and
density decreases. Too little space between them leads to excessive remelting, heat
buildup, and distortion (Figure A.1). Proper hatch spacing ensures that the tracks

join and consolidate evenly, improving density and mechanical stability [24].

Gaussian laser bean

Overlapping Laser spot

Haich spacing

ckness

Hatch spacing

Pore Pore 1s mimmized or dis

FIGURE 1.7: Schematic illustration of hatch spacing effects on scan track over-
lap and porosity formation in LPBF fusion. Source [24]
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1.3.4 Layer Thickness

Layer thickness refers to the height of each new powder layer deposited on the build
platform. Thin layers typically result in higher accuracy, finer microstructures, and
improved surface quality. However, they increase building time. Thicker layers
accelerate production but require higher energy input to ensure complete melting.
If energy is insufficient, defects such as incomplete fusion may form (Figure 1 8).

Layer thickness must therefore be balanced against productivity and part quality

requirements.
Process chain: Laser powdér Layer thickness” influence Layer thickness' influence
bed fusion, heat treatment, on the LPBF AlSiTMg on the LPBF AlSiTMg
finishing machining microstructure machinability
o . U 30 pm
0574 i
: TR

0 ¥ M
Layer thickness (pm)

FIiGURE 1.8: Effect of layer thickness on laser penetration depth and interlayer
bonding in L-PBF. Source [25]

1.3.5 Scan Strategy

The scan strategy directs the laser’s exposure of each layer, such as whether it
should be unidirectional, island-based, or alternating hatch orientations. It has
a significant effect on how heat spreads, how much residual stress remains, how
things bend, and how the microstructure is oriented. By switching or rotating scan
vectors across layers, you can help prevent heat buildup and reduce anisotropy.
Choosing the proper scan approach improves the machine’s performance and keeps

its size stable.
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1.4 Volumetric Energy Density

Volumetric Energy Density (VED), also known as Bulk Energy Density (BED),
is a measure of the amount of laser energy delivered to a unit volume of powder
during L-PBF. The L-PBF process involves simultaneous interactions among mul-
tiple parameters, including laser power, scanning speed, hatch spacing, and layer
thickness [26]. This means that you can’t figure out how much energy is going to
the powder bed from just one of these parameters. VED gives a single number
that represents the effective energy input required to melt, consolidate, and bond
the powder particles in each layer. This is why it is one of the most common ways
to estimate component density, how the melt pool will behave, how defects will

form, and how the microstructure will change [27].

The standard mathematical expression for VED is:

P

ED =
v v-h-t

(1.1)

Where:

P = Laser Power (W)

e v = Scanning Speed (mm/s)

h = Hatch Spacing (mm)

t = Layer Thickness (mm)

The VED number indicates the amount of energy delivered per cubic millimetre
of treated material, considering these four factors. This metric lets you compare
different parameter combinations on a single scale, which might help you estimate
how the print will turn out. Low VED values are often associated with poor melt-
ing, large holes, weak bonding, and rough surfaces. On the other hand, very high
VED values can cause the melt pool to become unstable, leading to balling, key-

hole porosity, or compositional vaporization. The best VED values depend on the
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material type, the powder properties, and the desired microstructure. However,
they usually fall within a narrow range that ensures complete melting without

causing overheating [28].

So, VED/BED is an essential part of studies aimed at optimizing L-PBF param-
eters. This is especially true when used with machine-learning-based frameworks

such as artificial neural networks.

1.5 Motivation

L-PBF has become a handy way to make things; however, achieving consistent
print quality still depends heavily on selecting the proper process parameters.
Changes in laser power, scanning speed, hatch spacing, and layer thickness sig-
nificantly affect how the melt pool behaves, how defects form, how porosity is
distributed, and how well the material performs. As industrial uses move to-
ward higher standards of dependability, dimensional accuracy, and material perfor-
mance, there is a growing need for automated, data-driven optimization processes
that reduce the need for human parameter selection [29]. Conventional optimiza-
tion techniques in L-PBF predominantly rely on empirical principles, trial-and-
error methods, or streamlined analytical models. These methods have difficulty
showing the nonlinear, multi-parameter interactions that control the formation of
defects, such as lack-of-fusion pores, keyhole porosity, and local thermal instability.
So, traditional methods often require extensive testing and still don’t yield reliable,
generalizable forecasts for novel parameter combinations. This constraint under-
scores the need for predictive models that can elucidate deeper interdependencies

within the process [30].

Machine learning (ML) techniques offer a viable avenue for interpreting intricate,
multidimensional data and improving the prediction of microstructural flaws, den-
sity variations, and melt-pool stability. Previous studies have shown that ML-
based regression models can effectively forecast defect content and support the

development of process maps in L-PBF [31]. Building on this foundation, the
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present study proposes a novel expansion by including artificial neural network
(ANN) error quantification into the recalculation of volumetric energy density
(VED/BED). Using the ANN’s mean-squared error, an updated energy descriptor
is generated and compared with values reported in the literature. This provides
us with new insights into the sensitivity of energy-based metrics used for L-PBF
optimization. This progress supports the larger goal of developing innovative, au-
tomated, and data-driven frameworks to optimize parameters in metal additive

manufacturing [32].

1.6 Problem Description

L-PBF is one of the most advanced technologies for making metal parts; however,
achieving consistent part quality remains a significant challenge. The process in-
volves melting and solidifying quickly, and many factors, such as laser power,
scanning speed, hatch spacing, and layer thickness, affect the rate of melting and
solidification. All these factors work together to affect the melt-pool geometry,
thermal gradients, consolidation quality, and, ultimately, the density and number
of defects in the finished part. Because these interactions are so complex, even
small changes in parameter combinations can result in significant shifts in poros-
ity, surface morphology, microstructure, and mechanical performance. To make
sure that processes stay stable, you need to know not just the individual parame-
ters but also how they interact with each other in a nonlinear way. Conventional
optimization approaches in L-PBF often struggle to capture the complex interac-
tions among process parameters and melt-pool behaviour. In addition, trial-and-
error experimentation is costly in terms of material consumption, machine time,
and effort. Machine learning offers a promising alternative for modelling non-
linear relationships, although its reliability depends on model structure, feature
selection, and data quality. Therefore, this study uses artificial neural networks
and literature-derived datasets to evaluate L-PBF parameter effects and improve

VED/BED assessment through prediction-error-based analysis [28].
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1.7 Objectives

v

Error propagtion
quantified
through % dev-
iation analysis

The aim of this thesis is to develop and evaluate an artificial-neural-network-

based framework for analysing the influence of key L-PBF process parameters on

NiTi part quality, and to examine how ANN prediction error can be incorporated

into the VED/BED formulation for improved process interpretation. The study’s

particular goals are as follows:

i. To compile and preprocess a validated literature-based dataset of selected

L-PBF process parameters and corresponding output values for NiTi.

Expected outcome: a structured dataset suitable for model development and

analysis.

ii.

parameters as inputs and the chosen quality metric as the output.

To develop ANN models in MATLAB using the selected L-PBF process

Expected outcome: trained ANN models capable of predicting the output

response.

1il.

To evaluate the performance of the developed ANN models using quantita-

tive measures such as mean squared error (MSE) and correlation coefficient

(R), and to identify the best-performing model.
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1v.

vi.

Expected outcome: a clear comparison of model accuracy and selection of

the most reliable ANN model.

To recalculate VED/BED values by incorporating ANN prediction error into
the conventional energy density formulation.
Expected outcome: a set of ANN-adjusted VED/BED values for comparison

with the original values.

To compare the original and ANN-adjusted VED/BED values using percent-
age deviation and statistical analysis in MATLAB, Excel, and Minitab.
Expected outcome: quantified differences showing the effect of prediction

error on energy-density interpretation.

To determine whether ANN-adjusted VED/BED provides a more informa-
tive basis for analysing L-PBF parameter sensitivity than the conventional
formulation.

Expected outcome: an evidence-based conclusion on the usefulness of the

adjusted energy-density approach.

1.8 Scope of Thesis

This thesis aims to define the study’s boundaries and clarify the methodological

and analytical contributions that have improved parameter optimization in Fusion

L-PBF. This work encompasses the following principal areas:

1.8.1 Use of Previously Published Laser Powder Bed Fu-

sion Parameter Data

This thesis uses process parameter combinations extracted from the published

work of Obeidi (2022), including laser power, scanning speed, and pulse frequency.

These experimentally reported variables, together with the corresponding relative-

density values for 40 ym and 80 pum layer-thickness conditions, form the dataset

used for ANN modelling in the present study.
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1.8.2 Development of an ANN-Based Predictive Frame-

work

The research focuses on developing an artificial neural network (ANN) model capa-
ble of learning nonlinear correlations between L-PBF parameters and designated
output variables. The ANN is the primary tool for making predictions. It uses

the input parameter set to make guesses about print quality metrics.

1.8.3 Error Quantification Through Mean Squared Error

The mean squared error metric is used to assess how well the model performs. This
is an essential aspect of the procedure, as it is subsequently used to recalculate
the volumetric energy density (VED/BED). This step adds an interpretive layer
that isn’t there in standard L-PBF optimization methods.
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1.8.4 Re-Estimation of Energy Density Using ANN Error

The thesis incorporates the recalculation of VED/BED by integrating ANN-derived
error data into the conventional energy density equation. This improvement pro-
vides a new perspective on energy-based optimization frameworks by showing how

inaccurate predictions affect physical process characteristics.

1.8.5 Statistical and Comparative Analysis Across Multi-

ple Software Tools

The thesis uses MATLAB, Excel, and Minitab to analyze and present results.
Outputs include BED deviation, % error comparisons, and graphical performance
evaluations, facilitating a thorough examination of parameter behavior and model

resilience.

1.8.6 Interpretation Within the Context of Laser Powder

Bed Fusion Process Optimization

The scope includes an interpretive assessment of how ANN-adjusted energy density
values may influence future parameter selection strategies. This interpretation
remains grounded within the operational constraints of L-PBF and focuses on
supporting data-driven optimization rather than proposing machine-level control

strategies.

1.9 Thesis Overview

This thesis has six chapters, each of which discusses an essential component of the

machine-learning-assisted optimization framework for the L-PBF process.
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Chapter 1: Introduction, Problem Statement, and Findings talks about the basics
of L-PBF, its most important parameters, and why machine learning techniques

are being used. It then describes the problem, the study’s goals, and its scope.

Chapter 2: Literature Survey This Chapter provides a comprehensive analysis of
the latest developments in additive manufacturing and machine learning, focusing
on past attempts to optimize parameters and pinpointing research needs pertinent

to LPBF systems.

Chapter 3: Materials and Methods This chapter describes the resources, datasets,
and methods utilized in this work. This includes obtaining process parameters
from literature, defining input and output variables, and determining the volu-
metric energy density. It explains how to build an artificial neural network (ANN)
model in MATLAB. It discusses the network’s structure, training procedures, how
to check for errors, and how to incorporate ANN-derived MSE into recalculated

BED/VED measurements.

Chapter 4: Results and Discussions It shows the results of analyses done with
MATLAB, Excel, and Minitab. These results include how well the ANN predicted
values, how the energy density values were changed, how percentage deviation
comparisons were made, and how the results were shown in graphs. This chapter
also discusses what ANN-refined energy measures mean for improving the L-PBF

process.

Chapter 5: Conclusions and Future Work It summarizes the study’s key findings,
discusses its limitations, and suggests ways future research could improve data-

driven optimization and intelligent control strategies for L-PBF systems.



Chapter 2

Literature Review

2.1 Overview of Metal Additive Manufacturing

Additive Manufacturing (AM) has become a revolutionary type of technology that
makes it possible to create three-dimensional parts by putting together layers of
material. AM manufactures parts directly from digital CAD models, which gives
designers more freedom and makes better use of materials than traditional subtrac-
tive and formative manufacturing methods that cut or reshape bulk material [33].
Many researchers agree that AM is a vital factor in the future of manufacturing,
especially for applications that need complicated shapes, lightweight structures,
internal channels, or bespoke functionality [34]. There are many types of processes
in the metal AM field, such as Directed Energy Deposition (DED), Binder Jetting,
and Powder Bed Fusion (PBF). Each one is best for a distinct type of industry.
PBF technologies are the best of these because they can achieve high-dimensional

accuracy, acceptable feature resolution, and microstructural control.

L-PBF is one of the most studied and used metal AM methods in industry. It is
part of the larger PBF family. It entails distributing a tiny layer of metal powder
onto a build platform and selectively melting the powder using a high-energy laser
that follows the part’s sliced shape. To make a fully dense part, layers are fused.
Research indicates that L-PBF provides enhanced precision relative to DED and

other fusion-based methods, attributable to its minimal melt pool size, uniform

18
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powder distribution, and regulated heat gradients [35, 36]. Because of this, L-PBF
is being used in the aerospace, biomedical, automotive, and energy industries to

make lightweight structural parts, implants, heat exchangers, and turbine parts.

Researchers regularly note that L-PBF is highly sensitive to its process param-
eters, including laser power, scanning speed, hatch spacing, and layer thickness.
These factors all work together to affect the stability of the melt pool, the cre-
ation of porosity, the evolution of the microstructure, and the mechanical perfor-
mance [37]. Even little mistakes in choosing parameters might cause problems
like lack-of-fusion porosity, keyhole pores, balling phenomena, and thermal distor-
tions. Moreover, numerous writers underscore that the nonlinear and interdepen-
dent characteristics of these parameters render predictive modelling difficult when

exclusively utilizing empirical or analytical formulations [38].

As a result, the increasing complexity of L-PBF and its sensitivity to parameter
interactions have led to the incorporation of advanced data-driven models, such as
machine learning and artificial neural networks, to enhance prediction accuracy,
optimize process parameters, and diminish dependence on expensive trial-based
experimentation. This constitutes the scientific basis for the modelling method

employed in the current thesis.

2.2 Research on Laser Powder Bed Fusion in Lit-

erature

A significant amount of research has investigated the correlations between L-PBF
process parameters and part quality, yielding a range of experimental, imaging,
and data-driven studies. Initial experimental studies conducted by King et al.
and DebRoy et al. delineated melt-pool regimes and correlated energy input with
defect types, including keyholing and lack of fusion, thereby affirming the sig-
nificance of energy measures in process management [36, 39]. These foundational
publications continue to be extensively referenced as they correlate physical events

with process windows. Tapia and Elwany created spatial Gaussian-process models
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to predict porosity. These models indicate that advanced statistical methods can
figure out where pores are likely to occur across different structures. Later research
used high-resolution X-ray and synchrotron imaging to follow pore nucleation and
keyhole dynamics in alloys like Inconel 718 and Ti6Al4V. These imaging investi-
gations provide ground-truth labels for pores and melt-pool geometries, which are

used to train modern machine learning models [40].

Recent data-driven studies have advanced process optimization. Minkowitz et
al. employed ExtraTrees regression for the optimization of the AISil10Mg process,
showcasing competitive predictive efficacy for relative density through tree-based
ensembles [41]. Wang et al. [36] introduced a material-agnostic machine learning
methodology that facilitates high relative density across various alloys, demon-
strating the viability of generalizable machine learning pipelines for process map-
ping. Concentrated investigations on NiTi and analogous functional alloys indicate
supplementary, alloy-specific difficulties. Liu et al. and Choudhary et al. investi-
gated the influence of hatch spacing and laser power on NiTi density and functional
response. They discovered that reduced hatch spacing and optimized power win-
dows enhance density and shape-memory behaviour, although they may intensify
Ni evaporation or compositional shifts under excessive thermal input. Multiple
publications have indicated that build orientation and powder characteristics in-
fluence oxygen uptake and phase formation, hence hindering the straightforward

transfer of parameter windows across machines or powders [42, 43].

Various formulations of a problem yield distinct machine learning solutions. The
tesi.pdf survey examined various machine learning algorithms (BR, DTR, GBR,
GPR, KNN, RFR, SVR). It concluded that with appropriate hyperparameter tun-
ing (such as SVR with an RBF kernel), density forecasts can achieve high accu-
racy, with optimized parameter sets yielding over 99% relative density in certain
instances. However, this study typically offers only forecasts and static process
maps, failing to utilize prediction uncertainty to modify physical descriptions. In-
situ monitoring and sensor fusion approaches, including thermal imaging, acoustic
emission, and photodiodes, have been employed to detect porosity and single-track

faults, providing real-time data for machine learning models [44].
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Gorganneja et al. have shown notable success in porosity identification and keyhole
prediction when imaging data is available. Nonetheless, these methodologies re-
quire intricate instruments and extensive labelled datasets. Identified issues across
various studies include: (i) nickel evaporation in NiTi, altering composition and
transformation temperatures; (ii) microstructural heterogeneity resulting from lo-
cal thermal gradients; and (iii) residual porosity and lack-of-fusion defects arising
from insufficient energy input or incorrect hatch spacing. XCT, Archimedes tests,

and metallography have consistently demonstrated these phenomena [45].

Despite these enhancements, there remain several deficiencies. Many optimization
studies regard VED/BED as static and neglect to incorporate model prediction
error in the revaluation of energy descriptors; only a few investigations create a
closed-loop system that employs ML residuals to adjust physical process parame-
ters. The scope and variety of the dataset pose challenges for generalizability, mak-
ing its implications difficult to comprehend. Machine learning algorithms generate
accurate predictions; yet, they frequently fail to translate these predictions into
actionable alterations in physical parameters. This specific deficiency necessitates
the ANN-based, error-integrated VED re-estimation methodology established in
this study.

2.3 Machine Learning and ANN Applications in
Metal AM

2.3.1 Overview: Machine-Learning Methods Used in AM

Current advances in metal AM technology also see a growing use of machine-
learning techniques in combination with in-situ monitoring for process instability
detection and quality prediction in a real-time fashion. Figure 2.1 illustrates a typ-

ical machine-learning process chain including optical sensing and image analysis
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using convolutional neural networks (CNNs) for anomaly detection in L-PBF pro-
cesses. Machine learning techniques used in additive manufacturing include con-
ventional regression and ensemble methods (such as linear regression, SVR, Ran-
dom Forest, and Gradient Boosting), kernel methods, and newer neural-network
methods (like convolutional, recurrent, and dense feed-forward networks) [46]. Re-
views reveal two concurrent study avenues: (a) process monitoring and defect
identification using imaging and signal characteristics; and (b) process parameter-
property correlation employing tabulated experimental or simulated datasets. Sur-
vey articles highlight that CNNs and hybrid vision + ML pipelines are widely used
for detection tasks, while ensemble regressors and ANNs are often used for prop-

erty prediction and optimization, since they can easily map nonlinear relationships

[47].

2.3.2 ANN as a Nonlinear Predictive Model

Artificial neural networks (ANNs) are composed of interconnected layers of neu-
rons, which make it possible to model complex nonlinear relationships among
input processing variables and corresponding output responses. The typical feed-
forward ANN configuration used in regression problems in Additive Manufacturing
is shown in Figure 2.1. Artificial neural networks (ANNs) are frequently used be-
cause they can approximate complex, non-linear processes without using physical
models. Behnam Ahmadikia exhibited an ANN framework for PBF parameter op-
timization, emphasizing its capacity to forecast target qualities from various input
parameters and facilitate search over multi-dimensional parameter spaces. Maleki
et al. also used a neural network model on Ti-6Al-4V to link process variables to
tensile parameters. This model was more accurate than simple regressions when
there were enough features. These investigations demonstrate that appropriately
built ANNSs can encapsulate interactions among laser power, scan speed, and hatch

spacing that linear methods inadequately express [48, 49].
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FIGURE 2.1: Typical feedforward artificial neural network (ANN) architecture

for regression, consisting of an input layer (process parameters), one or more

hidden layers with weighted connections and nonlinear activation functions, and
an output layer representing [50]

2.3.3 Studies Predicting Density, Porosity and Melt-Pool

Geometry

Numerous studies have employed machine learning to forecast relative density
and porosity based on process inputs or in-situ sensor characteristics. Okaro et al.
utilized semi-supervised learning for fault identification in L-PBF constructions,
demonstrating efficient anomaly detection with a small number of labels. Zhang
et al. utilized thermal imaging to extract melt-pool and plume features for defect
prediction by machine learning, whereas Ren et al. integrated high-speed X-ray
datasets with machine learning to forecast pore evolution and monitor melt-pool
regimes. These studies show that these methods work well on small datasets,
and many of them report high classification or regression scores when imaging or

high-fidelity experimental labels are used [51, 52].

This type of ANN architecture, as shown in Figure 2.2, is widely employed in
L-PBF research to capture the nonlinear relationships between process parame-
ters and multiple quality metrics. The hidden layers enable the network to model
complex interactions that cannot be described using linear or empirical formula-
tions. Such multi-output ANN structures allow simultaneous prediction of density,

surface quality, and mechanical properties from a common parameter set.
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FIGURE 2.2: Schematic representation of an artificial neural network (ANN)
used for predicting multiple L-PBF output properties from process parameters.
The input layer consists of laser power, scanning speed, and hatch spacing, which
are processed through one or more hidden layers with weighted connections
and nonlinear activation functions to predict output responses such as relative
density, surface roughness, microhardness, and dimensional accuracy [53]

2.3.4 Reported Shortcomings of ANN Approaches

Authors frequently identify several practical constraints of ANN-based models
in AM: (i) the failure to incorporate prediction error into physical parameters
models generate predictions but seldom adjust derived process descriptors (e.g.,
VED/BED) based on residuals; (ii) the absence of closed-loop feedback, few stud-
ies utilize model uncertainty to enhance process maps or experimental plans adap-
tively; (iii) limited datasets and transferability datasets are often small, machine-
specific, or alloy-specific, which diminishes generalizability; and (iv) a lack of in-
terpretability ANN outputs can sometimes be opaque, hindering the translation
into actionable process modifications. Recent reviews and domain studies have

regularly pointed out these problems [54].

Because L-PBF parameters are not linearly related and we need to connect pre-

diction uncertainty to a physics-based descriptor (VED/BED), ANNs are a good
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choice. They can learn multi-input/multi-output mappings, be tuned for small
datasets (with regularization, dropout, or cross-validation), and give residuals
(like MSE) that are easy to get and use again. This thesis expands upon pre-
vious implementations of artificial neural networks (ANNs) by utilizing an ANN
not only for prediction but also to measure error and integrate that error into the

energy-density calculation, thus filling a recognized gap in the existing research

[55).

Although Gaussian-process and response-surface approaches may be well suited to
small datasets, ANN models were retained in the present work because the primary
aim of the thesis was not broad algorithm benchmarking, but the development of
an ANN-based framework in which prediction error could be incorporated into the
recalculation of VED/BED. Therefore, ANN was used as the central predictive
model for the proposed error-adjusted energy-density analysis, while alternative

regressors are recommended for future comparative investigation.

2.4 Identified Research Gaps and Study Motiva-

tion

Existing machine-learning studies in additive manufacturing mainly follow two di-
rections: process monitoring and defect detection using image or sensor data, and
process parameter—property prediction using tabulated experimental or simulated
datasets. In L-PBF research, models such as ANN, SVR, Random Forest, and
other regression approaches have been used to predict outcomes such as density,
porosity, and defect formation. However, most of these studies primarily report
prediction performance using metrics such as R?, MSE, or RMSE, while giving
limited attention to how model error influences the interpretation of derived pro-
cess descriptors such as volumetric energy density (VED/BED) [56, 57]. A clear
gap in the literature is the lack of studies that use prediction error not only as
an accurate measure, but also as a means of reassessing energy-based process in-

terpretation. Although VED/BED is widely used to describe L-PBF processing
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conditions, few studies investigate how deviations between predicted and reference
results may affect the reliability or sensitivity of such descriptors [58, 59].As a re-
sult, there remains limited understanding of how model uncertainty can be linked

to the interpretation of parameter windows and process behaviour.

Another limitation is that many reported ML frameworks function mainly as black-
box predictors, with limited interpretive analysis beyond model accuracy. While
existing studies often focus on predicting density or porosity, the use of ANN-
derived prediction error to recalculate or reinterpret physically defined process
descriptors remains rarely explored in the current literature [60]. This creates
an opportunity to develop a framework that not only predicts L-PBF outcomes
but also examines how model error affects the evaluation of energy-density-based

parameters.

TABLE 2.1: Summary of Identified Gaps and Contributions of This Study [56—
58]

Identified Gap in Literature Contribution of This Thesis

VED/BED is always treated as ANN-derived error used to recompute

static VED/BED

No % deviation analysis % deviation between the original and
the ANN-adjusted BED evaluated

Single-tool analysis common MATLAB + Excel + Minitab com-

bined for multi-tool validation

No ANN-driven recalculation of ANN error integrated directly into
energy metrics energy-density formulation

Lack of interpretive frameworks  Error mapped to physical meaning and
parameter sensitivity




Chapter 3

Materials and Methods

This chapter provides insight into the methodological approach adopted to analyze
and develop the L-PBF Fusion process parameters via artificial neural networks
and the recalculation of Energy Density. The steps outlined in the proposed work-
flow in the chapter combine the processing of dataset selection from the existing
literature [61], ANN model building, prediction error analysis, and the subsequent
application of the prediction error in the calculation of volumetric energy density.
The method adopted in the chapter has been specifically designed to feed into the
research gaps identified in Chapter 2 of the thesis.

The chapter structure follows the overall reasoning pattern shown in the reference
thesis supplied by the supervising professor, extended by another analysis step in
the context of errors. MATLAB serves the development of the ANN model, Excel
helps to carry out a numerical re-calculation of adjusted energy values to calculate
the predicted efficiency more accurately, while Minitab analysis helps in deviation
analysis. Taken together, all these steps form a complete workflow process to

relate the accuracy of prediction to the physical processes of the L-PBF system.

27
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FiGureE 3.1: Methodological workflow summarizing the complete analysis
pipeline, including dataset selection, preprocessing, ANN model training, pre-
diction error extraction, energy descriptor recalculation, and deviation analysis

3.1 Dataset Selection and Parameter Extraction

The dataset used in this study was extracted from the published work of Obeidi
(2022). For transparency and reproducibility, the full set of input parameter
combinations and corresponding measured relative-density values used for ANN
modelling is presented in Appendix A. The source study reported 27 design-of-
experiment parameter combinations based on three input variables: laser power
(140, 160, 180 W), scanning speed (400, 550, 700 mm/s), and pulse frequency (2,
6, 10 kHz). For each parameter combination, experimentally measured relative-
density values were reported for two layer-thickness conditions, 40 pm and 80 pm,
which were used in the present work as the target outputs for ANN modelling.
Additional process settings in the source study, such as hatch spacing, hatch ro-
tation angle, and duty cycle, were kept fixed and were therefore not treated as

variable inputs in the present dataset.

The extracted data were organized in spreadsheet form so that each row rep-

resented one complete parameter combination together with its corresponding
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relative-density outputs. This structure provided a consistent input—output map-
ping for ANN regression modelling. Since the present thesis is based on a single
published NiTi dataset rather than a merged multi-study dataset, no cross-study
harmonization of different experimental protocols was required. Instead, the data
were checked for completeness, internal consistency, and compatibility with the
modelling workflow before being used for ANN training and subsequent VED /BED

recalculation.

3.2 Experimental Context from Literature

In the present thesis, no new experimental design, such as CCD or Box—Behnken
Design, was conducted by the author. The response-surface analysis was per-
formed in Minitab by fitting regression surfaces to the literature-derived dataset
extracted from Obeidi (2022). Therefore, the statistical surfaces reported in this
work are based on post hoc modelling of published data rather than on a newly
designed experimental campaign. There appears to be a general trend of utilizing
the NiTi powders in a prealloyed form having a composition close to equiatomic
with a particle size ranging between 15-45 pm. The powder analysis in the experi-
ments may include scrutiny of the particle size distribution, morphological analysis
in some cases, and chemical analysis performed by techniques like inductively cou-

pled plasma optical emission spectroscopy or EDS analysis.

Experimental results used in the L-PBF process-property modeling simulation
range from studies utilizing commercial powder bed fusion systems having the ca-
pability of varying the output powers of lasers (roughly estimated to range between
50-400 Watts) to speeds of up to 2000mm per second. Some of the post-processing
experiments conducted in the simulation involve optical microscopy analysis, scan-
ning electron microscopy analysis (SEM analysis), X-ray diffractions (XRD analy-
sis), differential analysis of calometric scans (DSC analysis), micro-hardness tests,
or Archimedes’ principles for measuring density. These experiments produce out-

put values of density or mass per centimeter. There also exist some studies that
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utilize structured Design of Experiments (DoE) designs, more specifically, the frac-
tional factorials or central composite designs, to vary the L-PBF parameters in a
controlled manner. The boundaries of the L-PBF parameters range from a laser
power of 100-300W to a speed of 200- 1200 mm/s. Additionally, the hatch spacing
ranges between 50-200 ym. Finally, the thickness may vary between 20-100 pm.

These designs allow the creation of a dataset of 20-50 sets of parameters.

3.3 Data Preprocessing and Normalization

Each layer-thickness condition was analyzed as a separate 27-sample dataset. For
ANN training, the data were randomly divided into 70% training, 15% validation,
and 15% testing subsets, corresponding to 19, 4, and 4 samples, respectively.
Before model development, the extracted dataset was checked for completeness,
consistency, and suitability for ANN regression. Since the present work used a
single literature-derived dataset from Obeidi (2022), preprocessing was mainly
concerned with arranging the data in a consistent numerical format for MATLAB

rather than harmonizing multiple sources with different reporting conventions.

The selected input variables were laser power, scanning speed, and pulse frequency,
while relative density was used as the target output for each layer-thickness condi-
tion. The data were organised into a structured input—output format so that each
row represented one experimental parameter combination and its corresponding
measured response. Principal Component Analysis (PCA) was not applied be-
cause the dataset contained only three physically meaningful input variables, and
dimensionality reduction would reduce interpretability without offering a clear ad-
vantage for such a low-dimensional parameter set. If repeated runs are carried out
without a fixed random seed in MATLAB, small differences may occur due to

stochastic data partitioning and network-weight initialization.
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3.4 ANN Architecture and Model Training

Artificial Neural Network (ANN) regression models were developed in MATLAB
using the Neural Network Fitting tool to capture the nonlinear relationship be-
tween selected L-PBF process parameters and relative density. In the present
study, the input variables were laser power (P), scanning speed (v), and pulse
frequency (f), while the target output was the experimentally reported relative

density for the corresponding layer-thickness condition.

Separate ANN models were developed for the 40 ym and 80 um datasets, each
consisting of 27 observations with three input features and one continuous out-
put response. A feed-forward neural network architecture was adopted for the
regression task. Based on the implemented MATLAB setup, the network used
a single hidden layer with 10 neurons. This architecture was selected to provide
sufficient nonlinear mapping capability while remaining suitable for the relatively
small dataset used in the present work. The ANN models were trained and eval-

uated independently for each layer-thickness condition.

Three ANN training algorithms were considered in this study: Levenberg Mar-
quardt, Bayesian Regularization, and Scaled Conjugate Gradient, implemented
in MATLAB using the training functions trainlm, trainbr, and trainscg, re-
spectively. The performance criterion used during training was mean squared
error (MSE). For all models, the dataset division followed a 70%/15%/15% ratio
for training, validation, and testing, corresponding to 19, 4, and 4 observations,
respectively.  MATLAB used random data division to assign samples to these

subsets.

The Levenberg—Marquardt algorithm was selected because of its fast convergence
and established suitability for small- to medium-sized nonlinear regression prob-
lems. The Levenberg-Marquardt algorithm updates weights using a Jacobian-
based approximation computed internally by MATLAB during training; however,
the explicit Jacobian matrix was not extracted and reported separately in this
study. For LM and SCG, model training proceeded until the stopping crite-

rion was reached, with the MATLAB output indicating convergence based on
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the minimum gradient condition. In contrast, Bayesian Regularization controlled
overfitting through its internal regularization mechanism rather than relying on

conventional validation-based early stopping.

Since the models were trained using MATLAB’s Neural Network Fitting environ-
ment, data partitioning, training, and regression evaluation were handled within
the same workflow. The same input variables and dataset structure were used
across all three training algorithms to ensure a fair basis for comparison. How-
ever, unless a fixed random seed is explicitly imposed in MATLAB, repeated runs

may produce slightly different data partitions and initialization states.

After training, each ANN produced predicted relative-density values together with
associated MSE and regression correlation values. These outputs were then used

in the subsequent stages of the study for comparative model assessment and for

the recalculation of ANN-adjusted VED/BED values.

3.5 Model Performance Evaluation Using Mean

Squared Error

The present study uses Mean Squared Error (MSE) as the primary performance
metric because the ANN models were developed for continuous-output regression,
with relative density as the target variable. MSE is particularly suitable in this
context because it measures the average squared prediction error and penalizes
larger deviations more strongly, thereby providing a sensitive indication of model
accuracy. This is important in the current work because the ANN prediction
error is later incorporated into the adjusted VED/BED analysis. Metrics such
as precision, recall, and Fl-score were not used because they are designed for
classification tasks involving discrete categories, whereas the present study predicts

continuous numerical values rather than class labels:

1 & X
MSE = — > (yi— i) (3.1)
=1
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where y; denotes the experimental output value obtained from the literature and

7; represents the corresponding ANN-predicted value.

In addition to MSE, the regression correlation coefficient (R) was used to evaluate
the strength of agreement between ANN-predicted and experimental values. In
MATLAB regression plots, R represents the linear correlation between the pre-
dicted outputs and the target outputs, with values closer to 1 indicating stronger
agreement and values closer to 0 indicating weak correlation. Because the ANN
performance in this study is reported in the results chapter using R-values for the
training, validation, and test subsets, the regression coefficient R was adopted as

the secondary performance indicator alongside MSE.

During model development in MATLAB, these performance measures were moni-
tored over the training, validation, and test subsets to assess prediction accuracy
and generalization capability. For LM and SCG training, early stopping based on
validation performance was used to reduce overfitting, while Bayesian Regulariza-

tion controlled overfitting through its internal regularization mechanism.

In the present study, MSE was not used only as a performance indicator, but was
also incorporated into the recalculation of VED/BED to examine how prediction

uncertainty affects the interpretation of energy-based process descriptors.

3.6 Energy Density Volumetric Energy Density
and Bulk Energy Density Recalculation Us-
ing ANN Error

Volumetric Energy Density (VED), also referred to in some studies as Bulk Energy
Density (BED), is used to represent the nominal energy input delivered to a unit
volume of powder during the L-PBF process. In its conventional form, VED is

calculated as:
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(3.2)

where P is the laser power, v is the scanning speed, h is the hatch spacing, and ¢ is
the layer thickness. This expression provides a theoretical energy-input descriptor

based on process parameters under idealised conditions.

In the present study, however, the purpose was not only to calculate the nominal
VED, but also to examine how ANN prediction uncertainty influences the interpre-
tation of that energy descriptor. For this reason, an adjusted energy term, denoted
as VED*, was introduced by incorporating the ANN prediction error, represented
by Mean Squared Error (MSE), into the recalculation framework. The adjusted
descriptor was used as a comparative quantity rather than as a replacement for

the conventional VED equation.

In practical terms, the conventional VED was first calculated from the experi-
mental parameter set reported in the literature. A second value, referred to as
ANN-adjusted VED, was then obtained by applying the ANN-derived error term
within the recalculation framework used in this thesis. The difference between the
experimental VED and the ANN-adjusted VED was evaluated using percentage

deviation:

IVED — VED*|
VED

%AVED = % 100 (3.3)

This percentage-deviation measure was used to assess how sensitive the energy-
density interpretation was to ANN prediction uncertainty. In this way, the study
extends the usual static use of VED/BED by linking predictive model error to the

interpretation of energy-based process behaviour.
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3.7 Software Tools Used

A multi-software approach was adopted in this research to support the develop-
ment and evaluation of an ANN-based framework for analyzing L-PBF process
parameters. MATLAB was the primary tool used for ANN model development,
training, and extraction of performance measures such as Mean Squared Error
(MSE) and regression correlation. Microsoft Excel was used for numerical recalcu-
lation of adjusted volumetric energy density values and for organizing intermediate
calculations and percentage-deviation comparisons. Minitab was used to perform
analysis of variance (ANOVA), Pareto analysis, and response-surface modelling for
the 40 pm and 80 pm relative-density datasets. The combined use of MATLAB,
Excel, and Minitab allowed prediction, recalculation, and statistical interpretation

to be carried out within a consistent workflow.



Chapter 4

Results and Discussion

This chapter presents the analysis results obtained from the methodology delin-
eated in Chapter 3, focusing on the capabilities of the established ANN framework
in assessing the L-PBF parameters. These analysis results include the neurody-
namic of the ANN model in terms of the optimization algorithms utilized, the
quantitative analysis of the accuracy of the predictions obtained in terms of Mean
Squared Error (MSE) simulation analysis, and a comparative analysis of the pre-
dicted density values from the ANN framework to the values obtained from the
corresponding experimental studies for the dataset of 40 pym layers and the dataset
of 80 pum layers. After the predictions achieved in the ANN framework, further
analysis involves the computation of volumetric energy density values utilizing
the predicted error, followed by a deviation analysis to conclude the influence of

prediction uncertainty in the obtained energy values.

4.1 Dataset Summary

The source study reported 27 unique combinations of the three input parameters:
laser power, scanning speed, and pulse frequency. For each parameter combina-
tion, relative density was experimentally measured at two layer-thickness condi-
tions, 40 um and 80 pum. Therefore, the dataset can be interpreted in two ways:

as 27 unique input cases with two corresponding output values, or as 54 total

36
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observations when the two layer-thickness conditions are treated separately. In
the present work, the 40 ym and 80 pum conditions were analyzed as two separate
27-sample datasets so that ANN training and performance evaluation could be

carried out independently for each layer thickness.

TABLE 4.1: Summary of Dataset Characteristics

Category Details

Unique input combinations 27

Layer thickness conditions 40 pym and 80 pum
Total output observations 54

Analysis approach

Laser power (W)
Scanning speed (mm/s)
Pulse frequency (kHz)
Output variable

Derived quantities used in
analysis

Two Separate 27-Sample Datasets for 40 pym
and 80 pum

140, 160, 180
400, 550, 700
2,6, 10
Relative density

Computed VED, ANN-adjusted VED, MSE,
% deviation

Source Obeidi (2022) [62], pulse-wave L-PBF of

NiTi alloy

4.2 ANN Training Results

This section presents the performance of the three ANN training algorithms used
in this study: Levenberg-Marquardt (LM), Bayesian Regularization (BR), and
Scaled Conjugate Gradient (SCG). All three algorithms were trained using the
same input variables, namely laser power, scanning speed, and pulse frequency,
to predict relative density for the 40 ym and 80 pum datasets. Performance is
reported in terms of Mean Squared Error (MSE) and regression correlation (R),
together with the corresponding train/validation/test behaviour for each model.
To maintain consistency, the values reported in the text, tables, and regression

discussions should refer to the same MATLAB run for each algorithm.
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4.2.1 LM Algorithm

4.2.1.1 For 40 ym

In the present study, the ANN input variables were laser power (P), scanning
speed (v), and pulse frequency (f). Although hatch spacing (h)It is commonly
included in conventional VED formulations for L-PBF, but it was not treated as
a varying input in this dataset because the source study kept it fixed. Therefore,
all ANN modelling and performance analysis in this thesis were based on P, v,

and fas the independent variables.

The Levenberg-Marquardt algorithm was first applied to the 40 pum layer-thickness
dataset. Relative density was taken as the target output. The 27-sample dataset
was randomly divided into training, validation, and test subsets in a 70%/15%/15%
ratio, corresponding to 19, 4, and 4 samples, respectively. The LM model con-
verged in 5 epochs, indicating stable optimization behaviour for the selected
dataset. Based on the MATLAB model summary, the LM-trained ANN achieved
a training MSE of 0.3357 with R = 0.8339, a validation MSE of 0.3194 with
R =0.7374, and a test MSE of 0.1344 with R = 0.9098. These values provide the

basis for evaluating the model’s predictive behaviour for the 40 um dataset.

The regression plots for the LM model at 40 pm provide a qualitative view of the
agreement between predicted and target relative-density values across the training,
validation, and test subsets. In general, the points cluster around the ideal Y =
T'line, indicating that the model was able to capture the overall response trend
for this dataset. However, the quantitative performance of the model should be
interpreted primarily using the values reported in Table 4.2, which provides the

MSE and Rvalues used in the present analysis.

TABLE 4.2: Training, validation, and testing performance metrics (MSE and
R) for the LM-trained ANN at 40 pm layer thickness

Dataset MSE R
Training  0.3357 0.8339
Validation 0.3194 0.7374
Test 0.1344 0.9098
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FIGURE 4.1: Regression plots for LM (40 pm) showing strong linearity and
high correlation across training, validation, and test sets

4.2.1.2 For 80 ym

The Levenberg-Marquardt algorithm was also applied to the 80 pm layer-thickness
dataset using the same three predictors and the same 70%/15%/15% data-division
ratio. Based on the reported model summary in Table 4.3, the LM-trained ANN
achieved a training MSE of 0.0011 with R = 0.9994, a validation MSE of 0.1492
with R = 0.9369, and a test MSE of 0.0730 with R = 0.9865. These results
indicate very strong fitting and high predictive agreement for the selected data
partition, although the limited dataset size means that the results should still be

interpreted as exploratory.

The regression plots for the LM model at 80 ym indicate strong agreement between
predicted and target values, particularly for the test subset. The visual clustering
around the ideal Y = T line suggests good predictive capability for the selected
partition. Nevertheless, the quantitative model assessment used in this thesis
should be taken from Table 4.5, which reports the numerical MSE and Rvalues

adopted for comparison across ANN algorithms.
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FIGURE 4.2: LM regression performance for the 80 pum dataset, illustrating
excellent alignment between predicted and target values

TABLE 4.3: Performance metrics of the LM-trained ANN for the 80 um dataset,
showing MSE and R values across training, validation, and testing

Dataset MSE R
Training  0.0011 0.9994
Validation 0.1492 0.9369
Test 0.0730 0.9865

The regression graphs for the 80 ym dataset show the Levenberg-Marquardt (LM)
model’s strong predictive ability on the training, validation, and testing datasets.
From the training graph with R = 0.99938, there is near perfection in predict-
ing and targeting, and thus efficient learning. From the validation graph with
R = 0.93694, though having a slightly higher deviation, there is still stability and
predictability with a linear trend and thus efficient generalization for the model
with varying data. From the test graph with R = 0.98651, there is strong pre-
dictability and fitting with precision to the actual 7' =Y function with slight de-
viations, and thus efficient predictability for the model on all unknown datasets.
From the overall regression analysis with R = 0.97632, there is efficient model

behavior for all 27 datasets. From the overall graphs for the R values for the
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regression analysis, the LM algorithm is seen to perform well on the regression
analysis for the 80 pm dataset, with higher correlations and fewer deviations, and
thus efficient model behavior compared to the previous dataset for the 40 um

dataset.

4.2.2 BR Algorithm

4.2.2.1 For 40 ym

The Bayesian Regularization (BR) algorithm was applied to the 40 pum dataset.
Again, the same input/output setup was utilized. Three processing factors are
required for the prediction of the experimentally determined relative density. No-
tably enough, the main goal of the BR methodology is the avoidance of overfitting.
The model was trained under a 70-15-15 categorization of data; however, BR dy-
namically adjusts the number of parameters instead of relying on the validation
set. Convergence in the training occurred at the 217th epoch, where the maxi-
mum value of 1 was reached. This was the expected occurrence for BR when the

balance of regularization was obtained.

TABLE 4.4: Training and testing performance of the BR-trained ANN at 40
pm layer thickness. Validation values are not applicable due to BR’s adaptive
regularization mechanism.

Dataset MSE R
Training  0.0705 0.8931

Validation — —
Test 0.0743 0.9291

BR reduces the problem of overfitting, making the need to plot a validation curve
obsolete; therefore, the MATLAB output for the validation metrics yields NaN
values. Despite the challenge of overfitting, the R-value for both the train and
test sets (0.8931 and 0.9291, respectively) demonstrates a strong fit.

The regression graphs for the 40 um data under the Bayesian Regularization (BR)
method show a fair and consistent predictive link between the artificial neural

network (ANN) output values and the experimental densities. The training graph
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FIGURE 4.3: BR method regression plots (40 ym) demonstrating stable fitting
behaviour with reduced sensitivity to dataset noise

(R = 0.8931) demonstrates a visible linear correlation with randomly distributed
data points around the best-fit straight line, characterizing natural variability
within the 40 pym measurements. The test graph demonstrates increased linear
correlation (R = 0.9291) and thus successfully generalizes from the training model
to more unknown datasets than within the training sample. The best-fit graph for
all available data (R = 0.8889) validates consistent yet non-ideal correspondence
among all 27 experimental and predicted values. The more gradual slope on both
the training and all-data graphs suggests a more conservative and smooth function
by regularization for preventing potential overfitting while allowing marginally
reduced precision. The regression graphs for the BR method thus verify consistent
predictive and resistant properties within the known noise-affected environment

at the 40 pym scale.

4.2.2.2 For 80 ym

The application of the BR technique was performed for the 80 um dataset by

employing the same combination of input values and 27 measured values of relative
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density. In keeping with the previous application, the goal of the BR approach was
to control the network weights to seek the best possible balance between fitting
the data well and producing a smooth solution. The training continued until the
maximum g value was reached at 734 epochs. Indeed, the algorithm has converted
to a point beyond which the complexity of the network no longer improves the
output. This type of behavior tends to occur when a BR algorithm faces noisy

variability in experiment results.

TABLE 4.5: Performance metrics (MSE and R) for the BR-trained ANN on the
80 pm dataset. Validation is omitted as expected with BR training

Dataset MSE R
Training  0.1160 0.9143

Validation - —
Test 0.1448 0.9337

The training R-value of 0.9143 tells how accurately the predicted output conforms
to the actual production, and the test R-value of 0.9337 specifies how well the
network performs on new examples. Expectedly, there would be no validation
output since the Bayesian Regularization (BR) algorithm is independent of the

traditional validation-stop criterion.
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FIGURE 4.4: Regression outcomes for BR at 80 pm, indicating smooth gener-
alization and consistent prediction accuracy
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In the Bayesian Regularization (BR) regression analysis for the 80 ym data set, the
predictive tendency is more pronounced compared to that for the 40 ym data set.
Both the training regression (R = 0.9143) and test regression (R = 0.9337) plots
show more compact clustering with less scatter, thus reflecting a higher degree
of linear correlation between the predicted and actual densities. However, the
all-data regression (R = 0.9122) reaffirms this trend and thereby reveals that the
artificial neural network (ANN) is more adept at grasping the inherent dynamics
of the 80 pum data compared to the 40 pm data set. The smooth curve with
fewer minor deviations implies that the 80 pum data has less variability and higher
uniformity within the data, and therefore, the BR approach can learn the function

relating the features and the target more accurately.

4.2.3 SC Algorithm

4.2.3.1 For 40 ym

A second algorithm is the Scaled Conjugate Gradient (SCG). It was used on the
40 pm dataset with the same set of three input parameters: the power of the laser
beam, the scanning speed, and the frequency for predicting relative density values.
Like all other algorithms tested, the dataset (n = 27) was split randomly for train-
ing (70%), validation (15%), and testing (15%). The training was stopped after
the completion of 25 epochs once the validation criterion was met. As compared
to the Levenberg-Marquardt (LM) algorithm, the number of epochs was higher
for SCG with stable behavior and signs of no divergence. However, the overall
network performance at the end of training is satisfactory with MSE = 0.00993,
though slightly inferior compared to the LM algorithm because of the effect of

scatter on gradient-based optimization methods.

TABLE 4.6: Training, validation, and test performance of the SCG-trained ANN
for the 40 pym dataset

Dataset MSE R
Training  0.0211 0.9695
Validation 0.0876 0.9224
Test 0.1254 0.9658
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FIGURE 4.5: SCG regression plots for 40 pm dataset, capturing moderate lin-
earity with high test-set correlation

For the 40 pum case, the regression analysis by the SCG learning algorithm de-
termines fair model ability with noticeable variability between the training, val-
idation, and overall data sets. For the training set (R = 0.9695), there is fair
linear alignment with a dominant central alignment of all other observed values
around the regression function, assuming satisfactory representation of interlink-
age between values for the current sub-collection. Additionally, for validation (R =
0.9224), there is fair model generalization ability with noticeable scatter around the
regression direction, assuming satisfactory representation of interlinkage between
values for the current sub-collection. For the test set (R = 0.9658), there is the
best alignment, and it comes closer to being like actual values, which is assumed
to be a satisfactory representation of interlinkage between values for the current
sub-collection. For the all-data regression (R = 0.9398), the overall alignment is
fair with noticeable scatter around the regression direction, assuming a satisfac-
tory representation of interlinkage between values for the current sub-collection.
Overall, for this layer thickness, the regression analysis depicts excellent though

imperfect consistency in the algorithm behavior.



Results and Discussion 46

4.2.3.2 For 80 ym

The Algorithm was again replicated within the 80 pm dataset by training the SCG
algorithm with the same three predictor variables. Data splitting was carried out
with the standard allocation ratio of 70-15-15. Additionally, the number of training
epochs was set at 10 with a validation criterion before the corresponding process

for the 40 pm environment.

The final performance with an MSE of 0.0864 depicts that the model was able
to capture the general trend from the data well under the increased variability

observed for greater layer thicknesses within the L-PBF process.

TABLE 4.7: Training, validation, and testing metrics for the SCG-trained ANN
at 80 pum layer thickness

Dataset MSE R
Training  0.4108 0.7060
Validation 0.4833 0.9053
Test 0.0664 0.9742
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FIGURE 4.6: SCG regression performance for 80 pm showing strong test accu-
racy despite variability in training data
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The regression graphs for the 80 um dataset scatter with a mixed and understand-
able performance, with high test performance primarily compared to relatively
weaker train and overall data. The train scatter graph (R = 0.7060) shows high
scatter and indicates that the model had difficulty capturing all the variability in
the 80 pm dataset. On the other hand, the validation scatter (R = 0.9053) showed
a much more visible alignment with the target function, with greater generaliz-
ability, and unseen instances were more accurate. However, the test scatter graph
(R = 0.9742) showed the highest alignment, with a much more visible predicted
signal closely aligned with the target function, providing better predictive relia-
bility on unseen instances. On the other hand, the overall data regression (R =
0.721) showed much higher variability, with noise and nonlinear interactions in-
completely modeled by the available SCG algorithm. Overall, the current method

is adequately and indefinitely inefficient for the current 80 ym dataset.

4.3 Regression and Response-Surface Analysis

4.3.1 40 pym Layer Thickness

In the statistical analysis, factor A represents laser power, factor B represents
scanning speed, and factor C' represents pulse frequency. The contour graphs in
Figure 4-7 for LT of 40 pm show how the relative density varies when two variables
are changed, with the third variable fixed at the central nominal level (P = 160
W, v = 550 mm/s, f = 6 Hz). For the P—v plane, the density is found to
attain the highest level for intermediate P and lower v, dropping off as v is raised,
hence affirming that higher speeds of travel will negatively affect the consolidation
process. The P—f plane highlights that the loss of density is large with the increase
of f, with P showing less effect, also consistent with the regression analysis that
ranked f as having the largest variances. Lastly, the f—v plane suggests high
sensitivity for the variable f, with lower sensitivity for v, hence indicating f as

the dominant variable for control purposes when the sample distance is 40 pm.
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FIGURE 4.7: Contour plots of relative density at LT = 40 ym (%) as a function
of (a) laser power vs. scanning speed, (b) laser power vs. frequency, and (c)
scanning speed vs. frequency, with the third factor held at its center level

The Pareto chart in Figure 4.8 highlights the normalized effects of every term
involved in the response surface regression equation for the 40 ym data. The main
term for frequency (C) and the quadratic terms of C2/CC well exceed the 95%
significance level (marked by the vertical red line at about 2.11), implying that the
linear and nonlinear effects of the parameter of frequency make significant, large

impacts on the density.

The other terms, including the interaction terms of the variables of laser power (A)
and scanning speed (B), do not exceed the significance level, indicating that these
parameters make only marginal impacts. The ANOVA results and the Pareto chart
consistently identify pulse frequency as the dominant factor controlling relative

density at 40 pm.

This response surface, shown in Figure 4.9, helps illustrate the interaction of the
effects of the frequency and the laser power on the relative density when LT is at
40 pm, along with the scanning speed held constant at 550 mm /s. Concerning the
surface, there is a steep gradient concerning the frequencies, suggesting that there
is a gradual reduction of the density with the increase of the frequencies from the

lower level to the higher level. However, the gradient of the surface concerning
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FIGURE 4.8: Pareto chart of standardized regression effects for R. Density LT
=40 pm (%), showing frequency and its quadratic term as the only statistically
significant contributors (o = 0.05).

Laser Power (W)

FIGURE 4.9: Response surface of R. Density LT = 40 um (%) as a function of
frequency and laser power at fixed scanning speed (v = 550 mm/s), highlighting
the dominant effect of frequency

the laser power is shallow, suggesting that the secondary variable that affects the
density is laser power. Additionally, the surface is less curved, indicating that
there is a large quadratic term concerning the frequencies, which was detected by

the regression analysis.

The response surface for LT = 40 pum in Figure 4.10 illustrates the relative density;,

which varies with the frequency and the scanning speed, for a fixed laser power
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FIGURE 4.10: Response surface of R. Density LT = 40 um (%) versus frequency
and scanning speed at fixed laser power (P = 160 W), showing frequency as the
primary control variable

of 160 W. As per the previous observation, the gradient of the surface is large
along the frequency axis, where the density decreases with the increase of the
frequencies, and the other variable, the scanning speed, is less prominent. The
surface is tilted, along the scanning speed, meaning that with the higher speeds,
there will be a slight reduction in the density. However, the dominant factors are
not the scanning speeds. Overall, it depicts a large flat area of high density at lower
frequencies for varying scanning speeds, consistent with the small, standardized
difference observed for the scanning speed in the Pareto chart, meaning that the

dominant variable among the three for high density is the frequency.

The last response surface shown in Figure 4-11 is for the interaction of the laser
power and the scanning speed when the LT is 40 pum, with a frequency of 6 Hz.
The surface reveals that the density of the material is at its highest when the
interaction of the laser power and the scanning speed is at a middle level, where
the higher scanning speed results in decreased density. The interaction surface for
the variables of the laser power is less steep compared with the other variables,
indicating that the main effect of the variable of the laser power is less steep
than the other variables. This plot explains the trade-off between the variables
of the laser power and the scanning speed, showing that although they affect

the density, their effects are secondary compared with the effects of the variable
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FIGURE 4.11: Response surface of R. Density LT = 40 um (%) as a function

of laser power and scanning speed at fixed frequency (f = 6 Hz), illustrating a
moderate trade-off between energy input and relative density

of the frequency. Analysis of variance (ANOVA) was performed to determine the

TABLE 4.8: Summary of ANOVA results for the 40 pm relative-density dataset

Term Contribution (%) F-value P-value Interpretation
Model 81.31 8.22 0.000 Significant
Laser power 2.83 2.57 0.127 Not significant
Scanning 0.90 0.82 0.377 Not significant
speed

Frequency 48.79 44.37 0.000 Significant
Quadratic 28.10 8.52 0.001 Significant
terms

Two-way in- 0.69 0.21 0.888 Not significant
teractions

statistical significance of the process parameters affecting relative density at 40 ym
layer thickness. The ANOVA results showed that the overall regression model
was statistically significant (p < 0.001), with the model accounting for 81.31%
of the total variation in response. Among the linear terms, pulse frequency was
the dominant factor, contributing to 48.79% of the total variation and showing
a highly significant effect (p < 0.001). The quadratic terms were also significant
(p = 0.001), mainly because of the strong contribution of the frequency-squared
term, whereas laser power and scanning speed were not individually significant
within the investigated range. The two-way interaction terms were statistically

insignificant (p = 0.888), indicating that the 40 ym response was governed mainly
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by pulse frequency and nonlinear curvature rather than by interaction-dominated

behaviour.

4.3.2 80 pym Layer Thickness

The Pareto chart shown in Figure 4.12 for the 80 yum dataset indicates that pulse
frequency is the dominant factor affecting relative density and is the only pa-
rameter that clearly exceeds the statistical significance threshold. Laser power
and scanning speed exhibit comparatively smaller standardized effects, indicating
weaker influence within the investigated process range. The subsequent response-
surface plots also show that the strongest density variation occurs along the pulse-

frequency direction, particularly at higher layer thickness.

Term 2110
T

Factor Name

A Laser Power (W)
B Scanning Speed (mm/sec)
cC C Frequency (Hz)
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AC

AB

0 1 2 3 4 s
Standardized Effect

FIGURE 4.12: Pareto chart of standardized effects for 80 um layer thickness
showing frequency and its quadratic term as dominant contributors to relative
density

This surface plot reveals a significant reduction in relative density with the rising
frequency, indicating a strong negative effect of the oscillation frequency on melt
pool stability at a layer thickness of 80 um, as shown in Figure 4.13. The changes
in the densities for varying laser powers are less significant, indicating only a weak
effect in the given range. The terrain of the surface plot reveals a non-linear

relationship where higher frequencies, along with higher powers, accelerate the
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creation of pores. This is not unexpected for LPBF, considering the commonly

reported instabilities for higher layers.
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FIGURE 4.13: Response surface for R. Density at 80 um showing the combined
effect of laser power and frequency (scanning speed held at 550 mm/s)

The plot in Figure 4.14 highlights the coupled effects of frequency and scanning
speed, along with the effects of the melt density, showing a sharp decrease with
increasing frequencies, independent of scanning speed. Scanning speed affects the
curvature, where lower speeds induce higher compaction, and higher speeds reduce
the melt stability. The melt pool thinning, along with the reduced fusion of the

thicker layers, is indicated by the basin-shaped curvature of the high frequencies.
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FIGURE 4.14: Response surface for R. Density at 80 ym as a function of scan-
ning speed and frequency (laser power = 160 W)
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This surface reveals a small degree of curvature with respect to scanning speed
and laser power, suggesting that both factors affect heat input, but less than the
frequency, as shown in Figure 4.15. The higher scanning speeds result in lower
densities because of reduced melt-pool residence times, and the higher laser pow-
ers counter the effects of higher speeds by increasing the melt pool size. This
surface curvature is consistent with the typical energy balancing that happens

during LPBF processes for thicker layers. In the statistical analysis, factor A

94.70
/LT =80 pm (%)
9465
# © 700
9460 e
e : Scanning Speed (mm/sec)
160 =" 400
180

Laser Power (W)

FIGURE 4.15: Response surface for R. Density at 80 pm showing interaction
between scanning speed and laser power (frequency held at 6 Hz)

represents laser power, factor B represents scanning speed, and factor C' repre-
sents pulse frequency. Analysis of variance (ANOVA) was also performed for the
80 pum relative-density dataset to evaluate the significance of the selected process
parameters. The regression model was statistically significant (p = 0.018). Among
the linear factors, pulse frequency was the only statistically significant term, con-
tributing 34.67% of the total variation and producing the highest F-value among
the examined parameters. In contrast, laser power and scanning speed showed
negligible contributions and were not statistically significant within the investi-
gated range. These findings indicate that relative density at 80 ym was governed
primarily by pulse frequency, while the effects of laser power and scanning speed

were comparatively weaker within the selected process window.
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TABLE 4.9: Summary of ANOVA results for the 80 pum relative-density dataset

Term Contribution (%) F-value P-value Interpretation
Regression 34.81 4.09 0.018 Significant
model

Laser power 0.13 0.04 0.835 Not significant
Scanning 0.01 0.00 0.947 Not significant
speed

Frequency 34.67 12.23 0.002 Significant

4.4 ANN Predictions vs Experimental Values

4.4.1 ANN Results for 40 ym Layer Thickness

In the case of the 40 pum image analysis, all three artificial neural network (ANN)
training algorithms: Levenberg-Marquardt (LM), Bayesian Regularization, and
Scalable Conjugate Gradient (SCG), showed considerable predictive power, though
with varying levels of accuracy. The experimental volume densities ranged from
97.77% to 99.17%, and the ANN outputs tracked them well. In this case, the
best predictive results were obtained with the LM method, with a test correla-
tion of R = 0.9098 and prediction errors mostly below 40.15%. Bayesian model
predictions were smoother, though slightly less accurate, and represented typi-
cal regularization behavior, with moderate scatter and very high test correlations

(R = 0.9658) for SCG.

Across the dataset, the ANN tended to under-predict at higher density (> 99%)
and showed small amounts of over-prediction at moderate volumetric energy den-
sity (VED). This is consistent with the nonlinear consolidation observed during
LPBF. Small amounts of over-prediction were observed under moderate volumetric

energy density (VED) conditions.

In general, the ANN ensemble reproduced the statistical and physical proper-
ties well during the 40-ym LPBF process. The strong correlation between the
ANN-predicted and actual values provides evidence for the high learnability of
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this thickness range with fewer thermal gradients and more consistent layer com-
paction. The above finding can be regarded as direct validation of the recalculation

process for VED/BED based on ANN MSE.

4.4.2 ANN Results for 80 ym Layer Thickness

For the 80 um dataset, densities were overall lower and more varied, ranging from
95.47% to 97.35%. For all artificial neural network (ANN) models, the trend
was observed; however, with reduced energy absorption efficiency at higher layer
thicknesses. Once again, the Levenberg-Marquardt (LM) algorithm performed
best with R = 0.9865 on the test set, better than for the 40 ym dataset, and thus
showed excellent generalization ability after training. Bayesian Regularization
produced a good correspondence between the function and the data (R = 0.9337),
and for Scaled Conjugate Gradient (SCG), the training scatter was again the
largest, with excellent test correlation (R = 0.9742).

Under-prediction was observed in the sample, with more frequent under penetra-
tion and lack-of-fusion defects in builds with a layer thickness of 80 pum. Over-
prediction was observed within the mid-Volume Energy Density (VED) range,
indicating the model’s tendency to predict greater consolidation than is realisti-
cally possible in higher layers. This is consistent with known principles of LPBF
processes, in which higher layers promote greater thermal gradients and lower

volume absorption.

Despite these difficulties, all ANN approaches maintained errors at a suitable level
and preserved the trend’s direction. The natural variability in layer thicknesses
of 80 um made this test case more informative for the strength and validity of
ANN approaches and explains the relevance of recalculating with MSE for the
parameter VED/BED. In this way, this investigation realistically accounts for
process variability in LPBF processes, unlike traditional approaches for calculating

VED.
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4.5 Volumetric Energy Density Results

This section compares the experimental volumetric energy density values used as
reference with the ANN-adjusted VED values obtained using the three ANN train-
ing algorithms. The objective is to assess how incorporation of ANN prediction
error modifies the energy-density interpretation for the 40 ym and 80 pum datasets.
The comparison is presented separately for each layer-thickness condition because

the ANN models were trained independently for the two datasets.

4.5.1 Original Volumetric Energy Density from Literature

The experimental VED values listed in this study were used as the baseline refer-
ence for comparison with ANN-adjusted VED values. These reference values are
presented separately for the 40 pm and 80 pum datasets in the comparison tables.
Higher experimental VED values are generally associated with combinations in-
volving higher laser power and lower scanning speed, whereas lower VED values
correspond to lower power and/or faster scan conditions. These baseline values
provide the theoretical energy-input reference against which the ANN-adjusted

results were assessed.

4.5.2 ANN-Adjusted Volumetric Energy Density Based on
MSE

The ANN-normalized values for VED indicate observable and interpretable differ-
ences in comparison to the raw EXP VED values. Starting with a thickness of 40
pm for a single layer, variations between EXP VED and ANN VED for each of
the three ANN approaches appear small. This can be considered logical because
melting pool stability and compactness properties are more consistent for smaller
layers. Among the approaches for optimizing ANN training used in this study,
the LM algorithm always tends towards values closest to those of EXP VED. This
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clearly indicates low adjustment requirements and thus a high degree of confi-
dence about predictions. The SCG approach brings about a modest adjustment

in values.

TABLE 4.10: Selected-case comparison of experimental and ANN-adjusted VED
for the parameter set P = 140 W, v = 400 mm/s, f = 2 kHz at 40 pym layer

thickness
Parameter Value
Laser Power (W) 140
Scanning Speed (mm/s) 400
Pulse Frequency (kHz) 2
Exp. VED 6.25700 x 107°
LM VED 6.29555 x 107°
SCG VED 6.35875 x 107°
BR VED 6.66247 x 1077

TABLE 4.11: Selected-case comparison of experimental and ANN-adjusted VED
for the parameter set P = 140 W, v = 400 mm/s, f = 2 kHz at 80 pum layer

thickness
Parameter Value
Laser Power (W) 140
Scanning Speed (mm/s) 400
Pulse Frequency (kHz) 2
Exp. VED 6.25700 x 107°
LM VED 6.59417 x 107
SCG VED 6.58810 x 107
BR VED 6.66024 x 107°

For illustration, Tables 4.10 and 4.11 present a selected parameter case to compare
the experimental VED with the ANN-adjusted VED values obtained using LM,
SCG, and BR for the 40 ym and 80 um datasets, respectively. This example
highlights how the same nominal parameter set leads to different adjusted energy

interpretations depending on layer thickness and ANN training algorithm.

The values for Bayesian Regulation appear smoother but somewhat higher due to
regularization for possible weight adjustment outstanding. For the 40 pum dataset,
the comparison between experimental and ANN-adjusted VED values is presented
in Table 4.12; while the corresponding comparison for the 80 pum dataset is given in

Table 4.13. The differences between these values indicate how strongly each ANN
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model modifies the interpretation of energy input relative to the experimental

reference.

TABLE 4.12: Comparison of experimental VED values and ANN-adjusted VED
outputs for 40 um layer thickness using LM, SCG, and Bayesian training algo-

rithms

SR EXP VED (40 ym)

LM ANN VED SCG ANN VED Bayes ANN VED

CU o W N =

27

4.07739 x 1078
2.63154 x 107?
6.25700 x 10~°
1.00571 x 108
2.33226 x 1078

1.67994 x 10~8

4.10755 x 10~8
2.65077 x 1077
6.29555 x 10~
1.01351 x 108
2.34398 x 108

1.74441 x 10~8

4.14866 x 10~8
2.67699 x 10~
6.35875 x 10~
1.02328 x 10~8
2.37255 x 108

1.76076 x 10~8

4.11932 x 10~8
2.65882 x 10~
6.66247 x 10~?
1.06647 x 10~8
2.49143 x 108

1.78084 x 108

For a thickness of 80 pum, a larger deviation of ANN VED values can be observed

with respect to the EXP curve. This deviation shows more pronounced physical

variations for thicker layers, where lower efficiency of absorption, increased values

of thermal gradients, and imprecision in melt pool creation led to more prominent

ANN uncertainty. Therefore, more prominent adjustments of values for ANN

models, specifically for the Bayesian model, can be observed, basically showing

that a lower VED understates the actual energy needs for realizing similar levels

of densification for a thickness of 80 um. The LM model again approaches EXP

more but sustains differences. In other words, ANN-adjusted VED realistically

describes energy use based on physical laws while accurately expressing subtle

losses that cannot be modelled by EXP VED.

TABLE 4.13: Comparison of experimental VED values and ANN-adjusted VED
predictions for 80 um layer thickness across all three ANN algorithms

SR EXP VED (80 um)

LM ANN VED SCG ANN VED Bayes ANN VED

T o W N =

27

4.2085 x 10~8
2.7373 x 10~
6.5267 x 10~
1.0467 x 108
2.4405 x 10~

1.74441 x 1078

4.25240 x 10~8
2.76566 x 107°
6.59460 x 10~
1.05769 x 108
2.46590 x 10~°

1.76244 x 1078

4.24839 x 1078
2.76307 x 10~
6.58841 x 10~
1.05668 x 108
2.46358 x 10~

1.76076 x 10~8

4.29647 x 1078
2.79421 x 1079
6.66274 x 10~
1.06874 x 10~8
2.49143 x 10~*

1.78084 x 10~8
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4.6 Percentage Deviation Analysis

This section examines the percentage deviation between the experimental VED
values and the ANN-adjusted VED values for the 40 ym and 80 um datasets. The
alm is to assess how sensitive the recalculated energy descriptor is to ANN pre-
diction error for each training algorithm. Separate deviation plots were generated
for each thickness condition to compare the stability of the LM, BR, and SCG

models.

The percentage deviation was calculated for all 27 experimental samples using;:

EXP VED — ANN VED
%Deviation = EXP VED x 100 (4.1)

Separate scatter plots were generated for each thickness to visualize and compare

the predictive stability of the ANN models.

4.6.1 Deviation Analysis at 40 ym Layer Thickness

For the 40 um dataset, the percentage deviations remained small for all three ANN
algorithms, indicating a high level of consistency between the experimental and
ANN-adjusted VED values. The deviation ranges were approximately 1.01-1.03%
for LM, 0.72-0.74% for SCG, and 1.72-1.75% for BR. The deviation trends for all
27 samples are shown in Figure 4.16. Among the three algorithms, SCG produced
the smallest deviation band for the 40 pum case, followed by LM, while BR showed

slightly larger but still stable deviations due to regularization effects.

Examples with larger deviation values are:

e LM: samples 8, 14 & 27 showing minor peaks around ~1.03%.

e SCG: samples 8, 14, 27 showing values around ~0.74%.
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FIGURE 4.16: Percentage deviation between ANN-predicted and experimental
VED values for 40 pm layer thickness using LM, SCG, and Bayesian ANN
algorithms

e Bayesian: samples 8, 14, 27 with the most significant relative values around
1.75%. The values are small with no outliers. This indicates a perfect

generalization for the ANN models.

The values are small with no outliers. This indicates a perfect generalization for

the ANN models.

4.6.2 Deviation Analysis at 80 ym Layer Thickness

For the 80 pum dataset, the percentage deviations were again stable, although
the spread differed among the three ANN algorithms. The LM algorithm showed
deviations of approximately 2.08-2.14%, SCG showed deviations of approximately
1.03-1.07%, and BR produced the lowest overall deviation range of about 0.94—
0.97%. The corresponding trend plot is shown in Figure 4.17. These results
indicate that, for the 80 pum condition, BR provided the most consistent ANN-
adjusted VED values relative to the experimental reference, whereas LM showed

the largest correction range.
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FIGURE 4.17: Percentage deviation between ANN-predicted and experimental
VED values for 80 um layer thickness using LM, SCG, and Bayesian algorithms

Situations where deviation was relatively higher were recorded in the following
samples:

e LM: samples 7, 11, and 25, deviations about 2.13% to 2.14%.

e SCG: samples 7, 14, and 27; deviation of ~1.07%.

e Bayesian: increments in samples 7, 14, and 25 with variations about 0.96%—

0.97%.

In general, the stability of the ANN results for 80 pum resolution is exceptional,
with deviation curves showing slight oscillation and no signs of fluctuations in

predictions.

4.7 Comparative Discussion

A comparative assessment of the three ANN training algorithms shows that the
Levenberg-Marquardt (LM) method provided the strongest overall predictive per-

formance for relative density, particularly in terms of convergence behaviour and
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test-set correlation. However, the algorithm producing the best density predic-
tion was not always the one yielding the lowest deviation in recalculated VED.
For the 40 pm dataset, the lowest deviation in ANN-adjusted VED was obtained
with SCG, whereas for the 80 pm dataset the lowest deviation was obtained with
Bayesian Regularization (BR). This indicates that density-prediction accuracy and
stability of energy-descriptor adjustment are related but not identical aspects of

model performance.

Comparison of the two layer-thickness conditions also shows that the 40 ym dataset
exhibited greater stability and narrower deviation bands, whereas the 80 um
dataset was more sensitive to ANN prediction error and showed greater variation
in recalculated VED behaviour. This suggests that thicker layers are associated
with more complex process response and stronger sensitivity of the energy-based

interpretation to modelling uncertainty.

The statistical analysis further supports this interpretation. ANOVA, Pareto, and
response-surface analysis consistently identified pulse frequency as the dominant
factor affecting relative density within the investigated parameter range. Laser
power and scanning speed had comparatively smaller effects, although they still
contributed to the overall response behaviour. For the 40 pum dataset, the re-
sponse also showed a notable nonlinear contribution associated with the frequency-
squared term, while the 80 ym dataset remained primarily governed by the dom-

inant effect of frequency.

Overall, the combined ANN and statistical results indicate that pulse frequency
was the main control variable in the present NiTi L-PBF dataset, and that in-
corporation of ANN prediction error into VED/BED analysis provides a more
informative basis for process interpretation than a static energy-density descriptor

alone.



Chapter 5

Conclusion and Future

Recommendations

5.1 Conclusion

The present study developed and evaluated an ANN-based framework for analysing
the influence of Laser Powder Bed Fusion (L-PBF) process parameters on the rel-
ative density of NiTi alloy, while also examining how prediction error can be incor-
porated into the interpretation of volumetric energy density. Using a literature-
derived dataset consisting of 27 unique parameter combinations of laser power,
scanning speed, and pulse frequency, with relative-density values reported for
40 pm and 80 pm layer-thickness conditions, the work treated the two thickness
levels as separate datasets for modelling and comparison. Three ANN training al-
gorithms, namely Levenberg—Marquardt (LM), Scaled Conjugate Gradient (SCG),
and Bayesian Regularization (BR), were implemented in MATLAB, while Minitab

was used for ANOVA, Pareto, and response-surface analyses.

The results showed that the LM algorithm provided the strongest overall predic-
tive performance for relative density, whereas the lowest deviation in recalculated
VED was obtained with SCG for the 40 ym dataset and with BR for the 80 pm
dataset. This indicates that the algorithm producing the best density prediction is

64
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not necessarily the one giving the lowest deviation in the adjusted energy-density
formulation. Comparative analysis further showed that the 40 pym condition ex-
hibited greater stability and lower deviation, while the 80 ym condition was more
sensitive to prediction error and displayed more complex process behaviour. These
findings suggest that thicker layers are associated with greater variability in pro-

cess response and energy-based interpretation.

The statistical analysis supported the ANN results and improved the interpreta-
tion of parameter sensitivity. ANOVA and Pareto analysis showed that pulse fre-
quency was the dominant factor affecting relative density, especially for the 40 um
dataset, while laser power and scanning speed had comparatively smaller effects
within the investigated parameter range. For the 40 um condition, the analysis
also indicated an important nonlinear contribution associated with the quadratic
frequency effect, whereas the 80 pum condition remained primarily governed by
the linear effect of frequency. The response-surface plots further confirmed that

changes in density were most strongly associated with variation in pulse frequency.

Overall, the study demonstrates that incorporating ANN prediction error into
the recalculation of VED/BED provides a more informative framework than re-
lying on a static energy-density descriptor alone. Rather than using ANN only
as a predictive tool, the proposed approach links model uncertainty to process
interpretation and offers an additional basis for evaluating L-PBF parameter be-
haviour. Although the dataset size was limited and the results should therefore be
interpreted as exploratory, the framework provides a useful proof of concept for

integrating data-driven modelling with statistical analysis in NiTi L-PBF research.

5.2 Future Work

Given the limited dataset size, the resulting performance metrics are sensitive
to the selected partition. Accordingly, the ANN results in this study should be
interpreted as exploratory and proof-of-concept in nature. Future work should

employ repeated random sub-sampling, k-fold cross-validation, or leave-one-out
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validation, and should compare ANN performance with alternative small-data re-
gression methods such as Gaussian Process Regression or response-surface models.
Though this framework properly connects ANN prediction quality with energy
density concepts for L-PBF based on artificial neural networks (ANNs), some
significant developments are also required for this model to be considered a gen-
eral optimization tool. This model used a relatively small data set of a single
material based on published NiTi experiments. Future studies should focus on
multi-material data with more machines and larger parameter variations (cov-
ering a range of scanning methods and layer sizes) to check transferability for
ANN-adjusted volumetric energy density (VED). A larger input variable field, en-
compassing powder properties, building orientations, and pre/post-process heat

treatments, would add more physical importance to this model.

Second, modifications in the architecture of the artificial neural network (ANN)
may be achieved. A different design of neural networks, like physics-informed neu-
ral networks, or maybe Bayesian neural networks, may provide more explicit esti-
mates of uncertainty than the simple use of Mean Squared Error (MSE). This un-
certainty might then be propagated within the Variational Energy Density (VED)
theory using more sophisticated probabilistic frameworks to provide confidence
bands for energy density windows instead of a corrected estimate. Also, inte-
gration with optimization techniques (like Genetic Algorithms or Bayesian Opti-
mization) would help in autonomously finding parameter values that give optimal
results with minimal deviation while being bound by density and productivity

conditions.

A third approach may be to integrate data such as melt pool images, pyrometry
measurements, and/or acoustic emissions directly with ANN-VED to extend this
tool in a more realistic manner towards a closed loop. Real-time deviation maps
might be utilized to dynamically adjust power and/or feed rate during a print
to put a practical face to the idea of energy density. Furthermore, comparison
of this new approach with experimental data generated in-house for validation
purposes would replace comparison with literature values for a strengthened ex-

perimental basis. Altogether, this would transform the current proof-of-concept
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stage towards a strong generalizable tool for brilliant parameter selection in metal

additive manufacturing.
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a) Laser Power (
P)

Scanning speed ( v)

/ 4

Thickness (t)
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FIGURE A.1: Effect of scanning speed in L-PBF: (a) influence on energy input
per unit length, and (b) schematic of melt-pool behaviour and defect formation
Source [23]
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Sample Laszer Scanning Pulze ERelative Relative
No. Power Speed Freguency Denzity at 40  Density at 50
W) (mm/3) (kHz) pm (%) pm (%)

1 180 400 10 98.54 95.47

2 180 700 2 9871 95 .86

3 140 400 2 10000 95.76

4 140 350 & 938.61 94.75

& 160 700 2 10000 95337

& 140 350 2 10000 95.65

7 180 350 2 9573 95.75

8 180 400 & 98.38 9339

9 180 350 & 98.94 93.64
10 140 400 10 98.90 93.31
11 180 700 10 98.80 9436
12 160 350 2 10000 96.15
13 140 700 ] 95.01 9441
14 180 350 & 98.34 9341
1= 180 350 10 9850 93.73
16 160 400 & 98.87 94.02
17 140 700 10 9540 93.9%
18 180 700 10 95.03 9417
19 160 400 10 93883 9495

2 160 350 10 9565 9474

2 140 400 ] 95.15 94.15

2 144 700 2 10000 95353

2 180 400 2 10000 95.36

2 160 400 2 9563 9497

2 180 700 & 98.63 93.92

2 180 700 & 98.98 93.96

2 140 350 10 93839 9477




Appendix B

Analysis of Variance

Source DF Seq 5SS Contribution Adj 55
Madel 9731757 81.31% 7.31757
Linear 3 472643 52.52% 4.72643
Laser Power (W) 10.25442 2.83% 0.25442
Scanning Speed (mm/sec) 1008134 0.90% 0.08134
Frequency (Hz) 1439067 48.79% 4.39067
Square 3252877 28.10% 2.52877
Laser Power (W)*Laser Power (W) 1007280 0.81% 0.07260
Scanning Speed (mmy/sec)*Scanning Speed (mmysec) 1 0.03682 0.41% 0.03682
Frequency (Hz)*Frequency (Hz) 1241935 26.88% 2.41935
2-Way Interacticn 3 0.06238 0.69% 0.06238
Laser Power (W)*Scanning Speed (mm/sec) 1000183 0.02% 0.00163
Laser Power (W)*Frequency (Hz) 1000333 0.04% 0.00333
Scanning Speed (mmy/sec)*Frequency (Hz) 10,0574 0.64% 005741
Error 17 1.68229 18.69% 1.68229
Total 26 8.99987 100.00%
Source Adj M5 F-Value P-Value
Madel 0.81306 8.22  0.000
Linear 1.57548 1592 0.000
Laser Power (W) 0.25442 257 0127
Scanning Speed (mm/sec) 0.08134 082 0377
Frequency (Hz) 439067 4437  0.000
Square 084292 as52 00
Laser Power (W)*Laser Power (W) 0.07280 073 D404

Scanning Speed (mmy/sec)*Scanning Speed (mmy/sec) 0.03682 037 0550

Frequency (Hz)*Frequency (Hz)

2-Way Interaction

241935 2445 0.000
0.02079 021 0888

Laser Power (W)*Scanning Speed (mmj/sec) 0.00163 002 0889
Laser Power (W)*Frequency (Hz) 0.00333 003 0857
Scanning Speed (mm/sec)*Frequency (Hz) 0.05741 058 0457
Error 0.09896
Total

Analysis of Variance

Source DF Seq SS Contribution Adj S5 Adj MS F-Value P-Value

Regression 34.81% 6.6636 2.22120 409 0.018
Laser Power (W) 0.13% 0.0242 0.02420 0.04 0835
Scanning Speed (mm/sec) 0.01% 0.0024 0.00245 0.00 0947
Frequency (Hz) 3467% 6.6369 663694 1223  0.002

Error 65.19% 12.4813 0.54267

Total 100.00%
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