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Abstract

Controlling and optimizing surface roughness remains a significant challenge in Laser Powder
Bed Fusion (LPBF), as roughngssfoundlyinfluencedatigue life, mechanical performance, and
postprocessinge.g., machininggosts. While ipsitu monitoring has emerged as a key approach
for reattime defect detectiorpredictingsurface roughnesparticularly for both top and vertical
surfacesof parts beingprinted remains underexplored. Existing studm@edominantlyrely on
camerabased methods, whialswally suffer from thelimitations such asack of viewability of
vertical surfaces covered by loose powder partiol&®BF, sensitivity to ambient light, resolution
constraints, and the need fadditional optical equipment. This research pioneers a novel
photodiodebased irsitu monitoring framework integrated with machine learning (ML) algorithms
to predict surface roughness in rtade for both top and vertical surfaces of LRBifinted parts.

For top surface roughness prediction, the methodology involves capturing light intensity signals
from the melt pool using an eaxial photodiode, incorporating additional process parameters, and
training multiple ML models to predict surface roughness fateaspatial resolution (690 pum x
510 um), including edges and corners. The framework is rigorously evaluated across a wide range

of roughness values, demonstrating its robustness in adapting to process parameter variations.

For vertical surface roughness prediction, this study introduces thevesinsitu framework
using photodiode signals to overcome challenges posed by loose powder coverage, which obstructs
conventional sensing techniques. Key tidemain and frequenegomain features are extracted
from photodiode signals captured near vertical surfaces and combined with essential process
parameters to train ML models. Among the five ML models evaluated, Random Forest (RF) and
eXtreme Gradient Boosting (XGB) demonstchtthe highest accuracy and lowest error rates.
Incorporatingins i t u data significantly i mproved RFOG6s p
process parameters alone) to 0.78, confirming the effectiveness of this approach.

This researclintroducesan innovativepathway for reatime surface roughness prediction in
LPBF, enabling enhanced quality assurance, process optimization, and defect mitiaion.
integration of photodiode signals with advanced ML algorithms enables precisiee-fon
assessment of both top and vertical surfaces, enhancing the ability to detect and address
irregularities as they occuBy addressing the limitations of traditional cambesed methods, this
photodiodeML framework provides a fast, adage, and scalable solution for re@he surface

Vi



monitoring, paving the way for more advanced quality control strategmelpromising greater
reliability and consistency in the production of higgrformance components.
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Chapter 1. Introduction

1.1. Motivation and Challenges

Laser Powder Bed Fusion (LPBF), a key additive manufacturing (AM) process, is widely adopted

in industries such as aerospace, healthcare, defense, and automotive due to its ability to produce
complex geometries with tailored material properties while neducosts and lead times.
However, one of the persistent challenges in LPBF is surface roughness, which critically
influences fatigue resistance, tensile strength, corrosion behavior, and overall part durability. To
mitigate these issues, costly ppsbcessing methods are often necesgafy[2]. Interestingly, in

some applicationsuch as heat exchangers and biomedical implemisgrolled surface roughness

can be advantageous, improving cooling performance and osteointegration.

Surface roughness in LPBF consists of two critical asptagssurface roughness and vertical
surface roughness. While significant research has focused on top surface roughness, vertical
surface roughness remains largely unexamined despite its critical role in heat transfer efficiency,
tensile behavior, and dredormation. This lack of attention is primarily due to the inherent
difficulty of monitoring vertical features in reéime, as conventional optical methods struggle
with visibility constraints impsed by powder layers.

To ensure part quality, two primary quality assurance approaches are employed in LPBF: ex
situ inspection (pogbrocess measurement) anesitu monitoring (reatime defect detection). in
situ monitoring is particularly advantageous as it providestnea feedback, allowing for
immediate process parameter adjustmeuath as laser power and scan spaecitigate defects
as they arise. This approach enhances production efficiency, reducpsquestsing costs, and is
increasingly becoming integral todustry certification workflow§3], [4].

Existing insitu monitoring methods predominantly rely on cameras, which have been
extensively used for defect detection, melt pool analysis, and geometric accuracy assessment.
However, camerdased systems are limited by traafés between field of viewral resolution,
sensitivity to ambient light, and the requirement for controlled lighting conditAwuditionally,
camera images are often large in size and require significant data reduction to extract relevant
features Moreover, cameras are incapablecafpturing vertical surface roughness, as powder

layers obscure vertical features, making direct visual assessment impractical.



This research directly addresses these critical gaps by introducing a novel phebedied &
situ monitoring system for both top and vertical surface roughness assessmagihg a
significant advancement over existing methods. While photodiodes have been previously used in
LPBF for melt pool monitoring, their potential for surface roughness detection has remained
largely unexplored. Compared to cameras, photodiodes oifgrerh sampling frequencies,
robustness in dusty environments, and the abilietect light intensity variations that correlate
with surface roughness formation. Their adaptability for reflective materials like titanium and
copper makes them particularly suitable for LPBF applicatiotngn optical monitoring faces

limitations.

By addressing these gaps, this research not only advans#g monitoring capabilities in
LPBF but also setsfaundation for improved process control, quality assurance, and application
specific roughness optimization. The ability to accurately monitor and control both top and vertical
surface roughness in ret@iine has profound implications for the AM industrpabling enhanced

part functionality while reducing reliance on costly ppsicessing techniques.

1.2. Objectives

The primary objective of this study is to develop asito prediction platform for both top and
vertical surface roughness using photodiode signals during LP§ .study pioneers two key

innovations in iRsitu monitoring:

1. Photodiodebased irsitu monitoring of top surface roughnessihile prior studies have
exclusively used cameras for this purpose, this research introdupbst@diodedriven
approach, leveraging its ability to capture +@ae surface signatures with higher efficiency
and adaptability. Unlike previous methods that measured roughness in selected areas, this
study predicts surface roughness at a fine resol{@®0 pm x 510 um) across the entire top
surface, capturing critical variations including edges and corners, for a more comprehensive
and accurate roughness assessment.

2. Firstever insitu monitoring of vertical surface roughnés&nlike top surface roughness,
vertical roughness has received minimal attention, and no existing studies, whether camera

based or otherwise, have successfully implemented dimgalmonitoringtechnique. This



work establishes a photodictlased method capable of detecting side light intensity

variations, enabling vertical roughness estimation for the first time.

Figure1-1 andFigure1-2 illustratethe graphical abstracts of the first and second objectives,

respectivelyTo achieve these objectives, the following stepse pursued

1 Developing a design of experiments (DoE) framework to generate various surface roughness
conditions by modifying process parameters such as laser power, scanning speed, and hatch
distance.

1 Preprocessing light intensity data collected from asitin coaxial photodiode and extracting
key features.

1 Measuring surface roughness for both top and vertical surfaces aidamer scanning
confocalmicroscope

1 Applying machine learning algorithms to correlate photodiode signals with measured surface
roughness.

1 Testing and validating the trained machine learning models for accurate roughness prediction.
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Figure 1-1. Graphical illustration of the first objective of the present study. The photodiode signal at each point is
captured and integrated with additional features. This combined data serves as input for a machine learning model,
which predicts the Sa value categed into four classes. This methodology enables Sa class predictions for every
small area (690 um x 510 um) of the top surface, including edges and corners across each layer. In this illustration,
while the layer is incomplete, the model predicts thel&ss for the printed area, with the remaining regions awaiting

data to complete the prediction map for tkater [5].
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1.3. ThesisOutline

The thesis is comprised &fe chapters. Chapter 1 introduces the motivation for the study, the
challenges faced, and the objectives outlinétdapter 2 presents a comprehensive literature
review, covering challenges in LPBF and thesitu monitoring techniques used in LPBIE

further discusses previous research on bothitexand insitu surface roughness prediction for

both top and vertical surfaces. Chapter 3 details the development ok jptatform for top

surface roughness prediction using varidlis algorithms and a photiiode sensor in LPBF.
Chapter 4 outlines the experimental proceduresMinanodel development for the prediction of
vertical surface roughness in LPBF using a photodiode sensor. Finally, Chapter 5 summarizes the
conclusions of the research, evaluates how the objectives were met, and discusses potential future
work.

Chapter 3 and Chapter 4 are adapted from the author's published work and manuscripts submitted

for publication, as follows:

U Chapter3is a journal article published in the Journal of Additive Manufacturing
Sahar Toorandaz, Katayoon Taherkhani, Farima Liravi, Ehsan Toyserkani. A novel
machine learningpased approach for igitu surface roughness prediction in laser

powderbed fusion. Additive Manufacturing, 2024.

U Chapterdis an article that has been submittethimJournal of Manufacturing Systems
Sahar Toorandaz, Farima Liravi, Osazee Ero, Ehsan Toyserkani. A Pioneer Machine
LearningDriven Platform for InSitu Vertical Side Surface Roughness Prediction in Laser

Powder Bed Fusion.

The content of these publications has been slightly modified to fit within the scope of this thesis.

The license agreements are provided in the letter of copyright permissions section.



Chapter 2. Literature Review and Background

2.1. Abstract

LPBF, a type oAdditive ManufacturingAM) technique, enables the production of complex,-High
density parts. However, defects such as surface roughness remain a challenge, affecting properties
like fatigue life, durability, and dimensional accuracy. Reak monitoring using isitu sensors

and mahine learning has become essential for enhancing process understanding and improvement.
This chapter provides an overviewld®BF, and the common defects found in fabricated parts. It

also briefly discusses -situ monitoring and machine learning techmgun LPBF and reviews
existing studies on surface roughness prediction for both top and vertical surfaces

2.2. Additive Manufacturing (AM) and Laser Powder Bed Fusion (LPBF)

Additive Manufacturing (AM) is a process that creates 3D objects layer byusiyer CAD or 3D
scanning. It offers several advantages over traditional manufacturing, such as the ability to produce
complex geometries, unique properties, and reduced cost and lead time, making it widely adopted

in academia and industry.

A highly advanced AM technology powderbed fusion (PBF), which uses a heat source to
selectively melt and fuse powder layers into solid objects. The process involves spreading thin
layers of powder with a reoater and selectively scanning each layer with a laser or electron beam.
PBF is categorized inttaserpowder bed fusion (LPBF) anddectron beampowder bed fusion

(EPBF), depending on the energy source used.

LPBF is among the most widely used AM technigues due to its ability to process a broad range
of metallic materials and produce higknsity, highquality complex partfg]. Its versatility makes

it a preferred choice for manufacturing industries across various sectors

2.3. Defectsand Process Challengem LPBF

Despite significant advancements, LPBF continues to face fundamental challenges due to the
presence of defects in printed parts. These defects remain critical issues, ultimately impacting the
performance, reliability, and quality of the final produldhe formation of these defects in metal

LPBF processes is influenced by various parameters, incllaseg power, scanning speed, scan



strategy, hatch spacing,-ceater speed, angas flow[7], [8]. Defectsin LPBF can be broadly
categorized into two types: volume defects and surface defects. Volume defects, such as keyholes
and irregular pores, can alter mechanical properties and compromise the internal integrity of the
part. Surface defects, on the othandl, result in increased roughness, affecting surface quality,
dimensional accuracy, and fatigue resistaiiedle 2-1 presents examples of common defects in
LPBF.

Extensive research has been conducted to improve part quality througimekeator methods
and process parameter optimization. However, these approaches are often costly, inefficient, and
unable to fully address persistent challenges. Key issues, suelccarately predicting and
controlling internal defects or achieving surface roughness within a desirable range, remain
unresolved. Additionally, external factors such as gas flow, spatter, and powder uniformity
introduce further complexities, leadingunpredictable variations in part quality. Addressing these
challenges requires innovative solutions that go beyond traditional optimization approaches to

ensure consistent and reliable outcomes.

Table2-1. Different types of defecsin LPBF.

Gas entrapment, including:

Spherical 1 Nitrogen in starting powders
pores .
(gas holes) 1 Argon trapped in the process 9], [10],
1 Evaporation of low melting elements in alloys (11], [12]
Volume 1 High power and low scanning speed
Keyholes 1 Excessive volume energy density
[TREBIES 1 Low power and high scanning speed
pores [9], [13]
(lack of 1 Very low volume energy density
fusion)
1 Extensive columnagrains under higistress conditions
Volume 1 Higher scan speed and scan length 9], [4],
& Crack 1 Material voids during cyclic loading by acting as stress  [15], [16],
Surface (17], [18]

concentration sites

1 Untreated or coarsely treated powder



1 Low laserpower and high scanning speed
1 Low energy density
i f  Non-preheated powder I
Bal“ng on-preneatea powae [19], [20]
1 Small particles of powder
I Increase in solute oxygen in the chamber
High hatch spacin
Surface | Lack of i Hog bacing [21]
overlap 1 Low laser power
9 Ejection of spatters from the melt poab{v scanning speec
Partially and High laser powelgading to increased spatter
melted formation) [22]. (23],
adhered [24]
particles 1 Contact between a hot surface anemelted powders,

especially on the side surfaces of a part

2.4. Quality Assurancein LPBF

Quality assurance (QA) is a key approach to achieving enhanced quality in AM products. The first
step toward effective QA is improving process understanding. To address the challenges associated
with traditional triatand-error methods, kine melt pool nonitoring (MPM) devices are integrated
into laserbased AM systems. These devices provide-tizad data on key process features
collected through sensors, enabling better control of part qyally However, the massive
amount of data generateaiillions of data points per layenecessitates the use of data mining
algorithms for effective analysis. Therefore, fBade sensing, documenting, and analyzing these
datasets are crucial for improving QBata collected during the LPBF process can be analyzed
using various algorithms, with machine learning gaining significant attention in recent years for its
speed and accuracy. Machine learning has been applied to several aspects of LPBF, including
proces optimization, defect detection, and surface roughness pred@@ipn

This section provides an overview of different types of sensors commonly used in LPBF
processes, with a particular focus on the photodiode sensor employed in thiakmgywith a

brief overview of machine learning methods.



2.4.1. In-situ Sensors

In metal LPBF processing, various sensors are used to measure some process parameters, such as
radiative rays, temperature, rate of solidification, and the size of the melt pool. These parameters
are correlated with the quality of the printed parts and bmarclassified into two categories:

radiative and nomadiative senson®5], whicharebriefly described in the following.

2.4.1.1. Radiative Sensors

Radiative sensors detect radiation emissions emitted from the melt pool, which is
extensively used in AM procesSommon types of radiative sensors inclptetodiods,
pyrometes, camera, inline coherentimaging (ICl) and Xray imaging There are several
significant properties of these sensors, among which high reliability, fast response, and

resistance to dust can be highlighted

2.4.1.2. Non-Radiative Sensors

Non-radiative sensors detethe physical characteristics of the process without using
radiation emission from the printed paBxamples of nomadiative sensors include
thermocouples, acoustic sensors, and displacement sehsdhis type of sensor, the

physical nature and dynamics of the process can be converted into an electrical signal

In this study, the commercial photodiode is ysad itscharacteristicare discussed in the

following section.
1 Photodiode

In metal AM, photodiodes are extensively used because of their low cost and ability to provide
valuable information on the proce3fieycan monitotdight emission andghermal radiation by
convertingphotons into an electricalrrent[27], [28]. This current is dependent on the applied
voltage, absolute temperatuBnltzmann constant, and electron chd@fg. Figure2-1illustrated

a schematic of LPBF equipped with-aris and offaxis photodiodes. The eaxis photodiode is
aligned with the laser beam path through a beam splitter, and thei®ft fixed and mounted on

the roof of the building chamber. The photodiodelect light intensity in the visible and near
infrared rangesmitted from the melt po¢29], [30], [31], [32] The corresponding PC also records
and stores laser modulation and X/Y scanner position data in addition to light intens[B83¢lata
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Figure 2-1. Schematic of LPBF equipped with-aris and offaxis photodiode$33].
2.4.2. Overview of Machine Learning

Machine learnindML) is a type of artificial intelligence (Al) and computer science that imitates
the way humans learn by using data and algorithms, gradually improving its accuracy. In general,
there are three main types of learning nmachine learning systems: supervised learning,

unsupervised learning, and reinforcement learrB4], which are briefly described in the

following section.

2.4.2.1. Supervised Learning

Supervised machine learning relies on labeled input and output training data to identify the
relationship between them. This technique can be divided into two types of classification
and regression. A classification model maps input to discrete outpué avinegression
model predicts continuous outpiBome of the known superviddearning algorithms
include k-Nearest Neighbord.inear RegressigrDecision TreesRandom Forests (RF)
Gradient BoostingGB), andNeural Networks (NN)

2.4.2.2. Unsupervised Learning

Unlike supervised learninghere is no clear and complete labeled dataseifsupervised
learning, and it analyzes unlabelled or raw datee objective of this approach is to explore

the underlying patterns and predict the outditis method is a kind of setfrganized
learning that tries to find hidden features and cluster the data in a meaningful way. The
following are some of the commonly used algorithms in this meihollide Self
OrganizingMap (SOM), Principal Component Analysis (PCA);Means, and Singular

Value Decomposibn (SVD).
11



2.4.2.3. Reinforcement Learning

The reinforcement learning technique is very different from other learning
approacheslhere is a learning system, calledagent thatcan observe the environment,
decide, take actions, argkt rewardsor penalties based on its choic&ben the most
efficient strategy, calledpolicy, must be determined by itsétf gain the maximum reward

over time.An agent's policy specifies what action should be taken in certain situations.

To analyze the data collected from sensors in LPBF, machine learning provides an effective
approach for developing predictive modés.previously mentioned, a key application of machine
learning in LPBF is irsitu defect monitoring, which has been widely researched. However, real
time surface roughness prediction remains less explored, likely due to the inherent challenges
associated th detecting surface morphology during the printing proceserefore, the purpose
of this study is to develop an appcbafor in-situ surface roughness prediction during printing
using photodiode sensors in LPBF. The next section reviews existing studies on surface roughness

prediction for both top and vertical surfaces

2.5. SurfaceRoughnes<Prediction in LPBF

Surface roughness plag significant rolen the overall qualityof LPBFproduced partdt affects

key properties such datigue [35], tensile strengthi36], corrosion[37], durability [38], and

porosity [39], [40], highlighting the need for effective surface roughness inspection in LPBF
Surface roughness monitoring and quality control are typically performed using eksién ex

in-situ techniques. Esitu inspection involves pogtrocess evaluation of printed components to
assess quality, whereassitu monitoring captures reéime data during fabrication. The latter
approach utilizes sensors such as photodiodes and cameras installed on LPBF machines to detect

surface defects and process variations as they petjur

This section reviews studies on the detection and prediction of surface roughness in LPBF, using
both exsitu and insitu approaches for top and vertical surfaBesspite advancements in surface
roughness monitoring, a gap remains in the literature regairtisitu surface defect monitoring

and contral especiallyon vertical surface
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2.5.1. Ex-Situ Surface RoughnessPrediction
2.5.1.1. Top Surface(Ex-Situ)

Ex-situ techniques for monitoring and predicting top surface roughness in LPBF have been widely
explored, with a focus on understanding the influence of process parameters on surface quality.
Various statistical and machine learning models have been esdpioyredict surface roughness

and optimize LPBF processing conditior&hanet al. investigated the surface roughness of
AlSi10Mg in the LPBF process using RF regression. Experimental samples were fabricated under
varying process conditions, including laser power, scanning speed, and hatch distance, with
roughness measurements rangimmgr2.98 to 11.28 um. A 2D RF model outperformed a 1D RF
model, achieving an R2? of 0.907, demonstrating that RF regression is effective for surface
roughness prediction. Their findings suggest that higher laser power, lower scanning speed, and
optimized hath distance contribute to improved surface qudi®3]. Arunadeviet al. applied
Bayesian learning and Artificial Neural Network (ANN) classifiers to predict the surface roughness
of S30 alloy. A dataset of 30 cube samples was analyzed, considering current, line offset, and scan
speed as key process parameters. The ANN modperdormed Bayesian learning, achieving
100% accuracy, while the Bayesian model reached 96% accuracy. Surface roughness was classified
as either AGoodo (1) or ABado (0), though the
[43]. La FéPerdomeet al.explored the prediction of surface roughness and mechanical properties
of 316L stainless steel produced through Selective Laser Melting (SLM). The study assessed the
impact of laser power, scanning speed, hatch spacing, and layer thickness on relatye dens
material hardness, and ultimate tensile strength, employing six different modeling approaches:
Response Surface Methodology (RSM), Muliyer Perceptron (MLP), Support Vector
Regression (SVR), Random Forest (RF), Gaussian $&soRegression (GPR), and Adaptive
NeuroFuzzy Inference System (ANFIS). Their findings showed that GPR provided the most
accurate roughness prediction, while MLP excelled in predicting mechanical properties. An
ensemble model combining multiple regressmfsieved the highest accuracy in predicting relative
density and elongation at break, highlighting the benefits of smdtel integration for robust
surface roughness predictipid]. Akhil et al. investigated the surface texture of6Al-4V in the

SLM process using image processing and machine learning. Surface texture parameters were
extracted using firsbrder and secondrder statistical analysis of teurface images. Five
regression approacste Linear, Polynomial, Support Vector Regression (SVR), Gaussian Process

13



Regression (GPR), and Atrtificial Neural Networks (AMN)ere compared. Results indicated that

GPR provided the most accurate surface roughness predictions, with roughness values ranging
from 2 to 32 un45]. Khorasani et alapplied ANN modeling to predict Sa surface roughness of
Ti-6Al-4V in LPBF. Process parameters included scan speed, laser power, hatch distance, scan
pattern increment anglend heat treatmenbnditions, with an L25 Taguchi design of experiment

(DOE) guiding parameter selectiofRigure 2-2 illustrates the real and predicted values of Sa
obtained using the ANN algorithm, demonstrating that the model successfully predicted surface
roughness trends. The study also revealed that heat treatment above the beta transus temperature
significantly inceased roughness. The most influential parameters, ranked from highest to lowest,

were heat treatment, laser power, scan pattern angle, hatch distance, and sdd6]speed
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Figure 2-2. Results of ANN modeling for each crasdidation. Figurereproduced fronj46].

In a separate studKhorasani et alexamined the effect of process parameters on surface
roughness (Ra) and surface tension of LipB&cessed F6AI-4V, considering perpendicular,
parallel, and angled orientations relative to laser movement. A Poisson regression model was
employed to predict Ra values, achieving strong correlation with experimental results. Findings
showed that surface tension remainedstgient across orientations, whereas roughness varied

significantly depending on the build directiptv].

Wanget al.applied a heterogeneous hypergraph learning framework to analyze surface defects
in LPBFproduced 316L stainless steel and CoCr components. A hypergraph model was
constructed using 114 workpieces, capturing relationships among process parameters, material
properties, and surface quality. A novel embedding method, exp2vec, extractduniemsional
feature representations, which were used in a variational grapkemedder with correction
(VGAE-Corr) for defect prediction. The model outperformed baselipeoaghes in identifying
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porosity, cracks, and unmelted powder, demonstrating the potential oflgaapti learning for
surface roughness analyi8]. In another studyang et aldeveloped a physidsased analytical

model to predict the upper surface roughness of 316L stainless steel in LPBF. Their approach used
an analytical thermal model to estimate melt pool temperature distributions and solidification
profiles. By assuming a lieelliptical cap shape for the molten pool, the authors derived an
expressiorfor the top surface profile as a function of material properties and process parameters.
As shown inFigure 2-3, the predicted Ra values exhibited strong agreement with experimental
measurements, validating the dagsed analytical approach for top surface roughness prediction
[49]
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Figure 2-3. Comparison between predicted and measured surface roughness Ra.rEgroduced fronj49].

These studies collectively underscore the importance of machine learning, statistical modeling,
and physicsbased approaches in-siu surface roughness prediction. While regresbased
techniques (GPR, RF, and ANN) consistently yield high accuracy, pHyssesi models offer
mechanistic insights into roughness formation. The integration of drasg# learning and hybrid
modeling presents a promising avenue for enhancing predictive reliability and process optimization
in LPBF.

2.5.1.2. Vertical Surface(Ex-Situ)

Despite the significant impact of vertical surface roughness on the mechanical properties and
overall quality of LPBHabricated parts, it has been comparatively underexplored in the literature.
Recent studies have sought to address this gap by invesijitfadi effects of process parameters,

part orientation, and scanning strategies on vertical surface roughness, employing both
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experimental characterizations and ML modé&lstwiler et al. characterized and predicted the
surface topography of Inconel 718 in LPBF using ML models. Their study assessed the influence
of bulk laser power, scan speed, layer thickness, and build orientation on surface topography
parameters, including summit densgymmit height standard deviation, and mean summit radius.
Surface roughness was analyzed on multiplewalé surfaces, including vertical side surfaces
oriented along the reoater movementra gas flow directionUsing confocal laser scanning
microscopy (CLSM), they compared five ML modilk-Nearest Neighbors (KNN), Decision
Trees, Random Forest (RF), Support Vector Machines (SVM), and Artificial Neural Networks
(ANN)O against a multivariate regression benchmarksuRe showed that Decision Trees
(interpretable) and ANN (nemterpretable) achieved the highest prediction accuracy, identifying
thermocapillary convection and melt track overlap as key contributors to surface roughness. Their
findings highlight that Mkbased models provide effective predictive insights for optimizing

vertical surface quality, reducing the need for extensive osessing50].

Whip et al.investigated the effect of contour laparameters (laser power and speed) on vertical
side surface roughness of LP#&#bricated Inconel 718. Surface roughness was analyzed using
both nondestructive areal measurements and destructive profile measurements, employing ISO
25178 and I1SO 13565 rowghness metrics. Results indicated that higher laser power reduced
valley depths, leading to smoother surfaces, while laser speed had a lesser impact. Destructive
profile measurements revealed deeper valleys and surface notches that were often obsmured in n
destructive areal scans, suggesting that areal methods may underestimate roughness due to powder
adhesion artifacts. Their findings emphasize the importance of selecting appropriate measurement
techniques for accurately characterizing fatiguécal surface featurefb1]. Li et al.explored the
impact of energy density and part orientation on the surface roughness of AISilOMg LPBF
components, analyzing both top and vertical side surfaces. Vertical side roughness was affected by
scan strategy, gas flow, and wiper movement, with resslibwing that roughness initially
decreased with increasing energy density but lateeasedOptimalsurface quality was achieved
at an energy density of 17200 J/mm3, and a 90° scan rotation increment effectively reduced
roughness variadn across different surfaces. Their study highlights the significant role of part
orientation in determining vertical surface quality, with left and back surfaces exhibiting higher
roughness due to thermal accumulation and spatter dep¢SRio@zelet al.examined the surface

texture of Inconel 625 produced via LPBF, evaluating the influence of energy density and scan
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strategy on both top and vertical side surfaces. Focus Variation Microscopy (FVM) was used to
acquire areal height maps for texture analysis. Findings revealed that vertical side surfaces
exhibited higher roughness than top surfaces due to powder adaediarelt track irregularities.
Additionally, a 67° scan stripe rotation reduced roughness more effectively than a 90° rotation. The
study employed Genetic Programming (GP) and ANN to predict surface texture, with GP achieving
better accuracy across mosugbness parameters. Their results underscore the importance of
optimizing scan strategies and energy input to improve vertical surface quality and reduce post
processing requirements3]. Masiagutoveet al.investigated side surface roughness formation in
LPBF of AlSi10Mg, focusing on process optimization and roughness control. The study analyzed
the influence of primary (laser power, scan speed, hatch distance) and secondary (contour and
compensation settisy) process parameters on vertical roughnassshown inFigure 2-4, the
roughness distribution on different sides of a produced cube was analjzedstudy also
demonstrated that vertical surfaces exhibited higher roughness than top surfaces due to melt track
geometry, powder adhesion, and process instabilities. By optimizing volumetric energy density
(VED: 60i 85 J/mm3) and contour scanning strategies, vertizajhiness Sa was reduced from 40

to 10 um. Additionally, positive compensation values were found to improve surface quality by
mitigating melt pool irregularities and balling effects. Their findings highlight that careful tuning

of process arameters can significantly enhance vertical surface quality, reducing reliance on

extensive posprocessing54].

SEM analysis

45

Sa, pm

Figure 2-4. Roughness distribution on different sides of one produced Eithee reproducedrom[54].
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Rott et al. explored the interdependency between surface orientation andrlesiEmce in
LPBF, introducing a novel surface | aser rel a:
roughness. Their study examined Inconel 718 samples built on an EOSINT M290 system,
analyzing roughness variations across multiple build orientafioeiading vertical side surfaces.
Results indicated that laser incidence angle strongly influences surface roughness, with vertical
side surfaces exhibiting greater roughness due to melt pool geometry and powder adhesion. By
mai ntaining a congthartsse Rangvlas reduced from 1
deviation reduction from 5 em to 2 em. Their
enhance vertical surface predictability and consistency, minimizing roughness variatiohe and t
need for extensive peprocessing55].

Collectively, these studies highlight the critical influence of process parameters, scanning
strategies, part orientation, and laser incidence on vertical surface roughness in LPBF. While
machinelearning and statistical models have been successfully applied to predict and optimize
surface quality, additional experimental and analytical research is required to develop robust
solutions for minimizing vertical roughness. Future work should focusntegrating irsitu
monitoring, advanced datiiven modeling, and process parameter optimization to further

improve the surface quality of LPBBRbricated components.

2.5.2. In-Situ Surface Roughnes<Prediction
2.5.2.1. Top Surface(In-Situ)

In-situ monitoring and prediction of top surface roughness in Laser Powder Bed Fusion (LPBF)
have gained increasing attention due to their potential to enhance process control and reduce post
processing efforts. Various optical, thermal, and machine leghsised techniques have been
employed to track and analyze layeise roughness evolution and its correlation with process
parameters, spattering behavior, and melt pool dynadefond et alpioneered the use of high

speed spectral domain optical cadreze tomography (SDCT) to measurtayerto-layer surface
roughness in LPBffabricated 316L stainless steel. Their study assessed the effects of scan rotation,
spatter particles, laser power, and energy density on roughness evéatghrawn inFigure2-5,

scan rotation significantly reduced roughness accumulation, minimizing porosity formation
regardless of the scan strateggditionally, spatter particles introduce high points in plogvder

bed, which may persist on the melted surface of subsequent layers. The study also revealed that
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high-energy density conditions lead to excessive dross, whileeteergy density conditions
promote balling and capillargriven coalescence, both of which degrade surface q(faity
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Figure 2-5. Impact of scan strategy on surface roughness: a) Simple bidirectional scan strategy with no rotation
between layers, used for Cube 1. b) Stripe scan strategy with 67° robetiaeen layers, used for Cube 2. ¢) 2D
height map for layer 22 of Cube 1. d) 2D height map for layer 22 of Cube 2. Fepnaduced froni56].

Fleming et alinvestigated reatime tracking and control of surface morphology in LPBF using
Inline Coherent Imaging (ICl). Their approach enabled immediate roughness measurement per
layer, with defects identified based on height distribution variations. Two corréetbniques
were implemented: laser ablation for raised defects and powder refilling for depressions. Their
findings demonstrated that active correctisinategies effectively reduce surface roughness,
enhancing the uniformity of layer depositig7]. As illustrated inFigure 2-6, the height
distribution of several layers is shown before and after correction, eherere homogeneous
color after correction indicates a smoother surfRaghan et al. developed an augmented surprise
guided sequential learning framework (StrpriseAFBO) for predicting melt pool geometry,
which directly impacts top surface roughness. Their Bayesian optimization framework employed
a novel surprisguided aquisition function to optimize data collection, minimizing the number of
required experimental runs. Additionally, a Conditional Tabular Generative Adversarial Network
(CTGAN) was usedo generate synthetic data, improving prediction accuracy without additional
physical experiments. The €JurpriseAFBO model outperformed traditional machine learning
techniques, demonstrating its potential for #@ak surface roughness optimizationdanPBF

process contrdb8].
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Figure 2-6. Height distribution of_ayers 1 through sefore and after correction using Inline Coherent Imaging (ICl)
Figure reproduced fronf57].

Gerdes et alitilized a convolutional neural network (CNN) anlygerspectral imaging system
to predict surface roughness (Rz) in LRPRBBricated magnesium alloy WE43. Their experimental
dataset comprised 40 samples with three different parameter sets, capturing a range of surface
roughness values. Hyperspectral imagese correlated with confocal microscepeasured Rz
val ues, and the trained CNN model achieved
demonstrating its capability to accurately predict surface roughness figitn imaging datgb9].
Yanet al explored the relationship betweenrsitu thermal signatures and surface roughness using
high-speed infrared (IR) imaging. Their study extracted temperature gradients, maximum
temperatures, and temperature standard deviations from melt pool IR imagesralated these
metrics with local surface roughness. A machine learning model trained on experimental data
identified a strong correlation between temperature gradients and surface roughness, highlighting
the potential for thermal monitoridgased roughrss prediction and redéiime process optimization
[60]. Knaak et alinvestigated the prediction of Inconel 718 surface roughness usingyngimic

range (HDR) optical imaging combined with CMNfdsed classification. A dataset of 44 samples,
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each divided into 16 sections, was collected, with each section labeled according to surface
roughness measurements. Roughness values were categorized into five distinct classes, with Class
1 representing the smoothest surfacés (@ roughness). Their MNmodel achieved over 80%
classification accuracy, demonstrating that HDR imaging and deep learning techniques can

effectively predict surface roughness variatifgig.

Bhatt et al. conducted an Hsitu characterization of surface roughness evolution during
multilayer LPBF of Ti6Al-4V using synchrotron Xay imaging and optical imaging. Their
findings showed that surface roughness is multimodal and multiscale, influenced-layegpre
humping, spattering, and rippling defects. The study introduced a sudpolgy matrix
combining eight roughness metrics, such as Ra, Rq, skewness, and melt pool size ratio, to describe
surface evolution more effectively. Results indicated that linear energy density (LED) significantly
impacts top surface roughness, with ogtiisurface quality achieved by balancing energy input to
minimize spattering and waviness effd&8]. Qu et al.utilized in-situ synchrotron Xay imaging
to analyze the effect of nanoparticles on melt pool behavior and top surface roughness in LPBF of
Al6061 + TiC nanoparticles. Their results demonstrated that TiC nanoparticles dampen surface
waves, reduce melt pbdurbulence, and improve smoothness by increasing viscosity and
controlling melt flow dynamics. A 68% reduction in surface roughness was achieved due to
nanoparticlenduced wave damping, highlighting the potential of nanopaitiaked proces
modifications for reatime surface roughness cort{62]. Zhanget al. investigated melt pool
spattering and its influence on-pmocesdayer roughness using a Halesigned Fringe Projection
Profilometry (FPP) system. By correlating melt pool spatter characteristics (e.g., count, ejection
angle, and spatial distribution) with measured surface roughness, they developed a machine
learningbased segmentation model to automatically extract spatter features #itu imaging.

Their roughness prediction model, which incorporated spatter count and volumetric energy density
(VED) as inputs, achieved a 50% error reduction compared to convergiacalssparameter

based models. Their findings suggest thasiin spatter monitoring can enhance LPBF process
control, reducing surface roughness variability and defect form@8jnin a related studyhang

et al developed a machine learnileghanced higldynamicrange (HDR) Fringe Projection
Profilometry (FPP) method for4situ layerwise surface topography measurement in LPBF. Their
HDR projectionbased approach mitigated shadowing and intensity saturati@ctstommon in

traditional FPP imaging. Additionally, machine learning models, including Residual Dense
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Networks (RDN) and Denoising Diffusion Probabilistic Models (DDPM), were employed to

I mprove resolution from 38 em to 5 em | atera
indicated that DDPM5SR3 outperformed other models, yielding the most accuratacsu
reconstructions and enabling ré¢@he defect detection. Their study highlights thatJtthanced

HDR-FPP can significantly improve-situ top surface monitoring, providing higher accuracy and

resolution for LPBF process optimizatifgd].

These studies collectively demonstrate thatiin monitoring techniques, ranging from optical
and thermal imaging to machine learning anthdtbased analysis, offer significant advantages in
predicting and controlling top surface roughness in LPBF. Aded deep learning models,
Bayesian optimization, and nanopartidieven melt control are emerging as powerful tools for
reaktime surface quality assessment and defect mitigation, ultimately enhancing the reliability and

repeatability of LPBHabricatedcomponents.
2.5.2.2. Vertical Surface (InSitu) - No Studies Available

Despite significant advancements irsiitu monitoring for top surface roughness in LPBF, no prior
studies havespecifically investigated redlme measurement or prediction of vertical surface
roughness. This gap in research is likely due to technical challenges, including limited sensor
accessibility, difficulty in capturing highesolution side surface data, ahé complex interaction

of process parameters affecting vertical roughness formation. Curresitu irmonitoring
techniques, such as higipeed imaging, fringe projection profilometry, and thermal monitoring,
primarily focus on top surface evolution, whelaa acquisition is more straightforward.

To address this gap, the present study aims to develop-stu ivertical surface roughness
prediction framework for LPBF. By leveragirgignal processing frorphotodiode senscand
machine learning models, this research seeks to providgimealroughness monitoring and
process optimization for vertical surfaces, which is crucial for improving part quality and reducing

postprocessing requirements.

2.6. Summary

This chapter providan overview of LPBF and the common defects that occur in fabricated parts.
These defects can be broadly categorized into volume defects and surface defects, with the latter
significantly contributing to surface roughness, which affects the overall quality of the printed

components. To mitigate these defects, -tiga¢ process matoring using various sensor
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technologies has been explored. By leveraging machine learning algorithms, researchers have
sought to establish correlations betweessitn process data and defect formation, enabling the
prediction and reduction of surface roughness. However, existiggeston surface roughness
prediction in LPBF, whether esitu or insitu, remain limited. This limitation may be attributed to

the challenges of detecting and analyzing surface structures during fabrication, particulary in real
time. Further research iseeded to overcome these challenges and develop more effective
monitoring and prediction methods. Notably, no prior studies have specifically addressed the in
situ measurement or prediction of vertical surface roughness. This research gap underscores the
need for innovative approaches to extendita monitoring capabilities beyond the top surface,
ultimately enhancing process control, defect prevention, and part quality in LPBF
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Chapter 3. A Novel Machine Learning Based Approach for In

situ Surface Roughness Prediction in Laser PowdeBed Fusion

3.1. Abstract

Controlling and optimizing surface roughness remain a significant challenge in laser powder bed
fusion (LPBF). Surface roughness affects printed part quality, particularly fatigue life, leading to
costly postprocessing. Nevertheless, tailored roughness bea beneficial to specific fields in
engineering and medicine, such as cooling or osteointegration. Consequently, the importance of
quality assurance, 4gitu monitoring, and automatic anomaly detection has been elevated among
the users of the LPBF procednsitu surface roughness detection remains a less explored area
within all in-situ defect detection. Additionally, existing studies primarily employ cainasad
methods, which come with inherent limitations, including sensitivity to ambient lighitmorg
compromises between resolution and field of view, and the requirement for additional equipment
such as adaptive optical filters. This study pioneers using a photodiode sensor, offering faster
response times for reime surface roughness predictidntegrating this sensor with machine
learning (ML) algorithms establishes a robust framework for surface roughness prediction. The
methodology involves analyzing the captured light intensity from the melt pool byaaiain
photodiode and incorporatingdditional process variables into ML models to predict surface
roughness within each small area of the printed part (690 um x 510 um), even at edges and corners.
Multiple ML algorithms are trained and rigorously validated with unseen data. This compvehensi
analysis encompasses the impact of process parameter variations on a wide range of surface

roughness values, affirming the efficiency of the proposed methodology.

3.2. Methodology and Data Preprocessing
3.2.1. Design of Experiment

In this study, parts were manufactured utilizing commercially availabléAIF4V powder
supplied by AP&C (a GE additive company) with
D50 < 35.52 &m, and D90 < 51. 2 9edounusinglah EOSma nu f
M290 LPBF machine (EOS GmbH, Krailling, Germany) for the printing of the parts. Cuboid parts,
with dimensions of 10 T 10 T 15 mm (LI WIH), w
by adjusting the process parameters. These pagessnetiuded a combination of laser power (125,
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150, 175 W), scanning speeds (1000, 1250, 1500 mm/s), and hatch distances (0.06, 0.08, 0.1 mm),
resulting in a total of 27 different configurations. Layer thickness was fixed to 40 micron and the
scanning strategy for all parts was a rotated stripe sagstiategy, with a stripgidth of zero

and without any skin. Based on pre screening experimentation, only the parameters with a Volume
Energy Density (VED) falling within the range of 25 to 50 Jfwmere retained, resulting in 21

distinct process paramete The VED was calculated I&Bg. 3-1:

00 v Eq.3-1
R 7o

whereP is power (W),V is scanning speed (mm/d),is hatch distance (mm), ards layer
thickness. It should be noted that the VED is not an independent parameter as the layer thickness

is fixed.

The build plate consists of two replicates of parts, labeled as A and B, resulting in a total of 42
parts which are labeled by their number (from P1/A to P21/A and from P1/B to P21Ajuhe
3-1, the selected process parameters were shown, sorted by descending VED values, along with
the correspondinipcation of each part. The location of each part was chosen based on maximizing
the distance between two replicas to consider the potential effects of spatter, which will be

discussed in Section.

Re-coater
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Name | (W) Speed Distance (Fmm3) A A A A A A
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B B B B B
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B B B B B
P21
B

Figure 3-1. Process parameters, sorted by descending VED values, aligned with part locations (replicates A and B).
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3.2.2. Data Collection

The data collection process consisted of two steps:

1 The first step involved collecting light intensity data during the printing process
using an imsitu monitoring oraxial photodiode sensor.

1 The second step involved measuring the height of each point from peak to valley of
the entire top surface of the printed parts through a laser scanning confocal
microscope (LSCM), to calculata.

The graphical illustration of data collection is showirigure3-2 and will review in Sections
3.2.2.1and3.2.2.2 This collected data is used to extract input features and outputs for ML
algorithms that can be employed for the next step of analysis.
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Figure 3-2. Visual representation of data collection process. Step one: Capturing light intensity data during printing
with an insitu monitoring photodiode sensor. Step two: Measuring the entire top surface height of parts using a laser
scanning confocal microscogeSCM).

3.2.2.1. In-situ Light Intensity Measurement

In this study, a commercial eaxial photodiode integrated into the EOS M290 machine was used
with a sampling frequency of 60 kHz. For example, for a processing speed of 1250 mm/s, the
distance between two points where the data is collected is 21 mi®@aorexial photodiode
captures the light intensity signals from the melt pool in thei 700 nm wavelength rangé5].
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The light intensity distribution for the last layer of one of the parts is displayéidune3-2, and
it can be seen that the values differ based on the point. The light intensity is a 1D signal, which can
be mapped to the build plate geometry based on recardedy positions to represent a spatial

distribution.

It is worth noting that this study focused specifically on the light intensity of the last three layers,
a deliberate choice driven by the significant impact oflayer issues such as humping and
spattering orsurface roughnes8ased on our team's prior research, it was discovered that defects
like lack of fusion can be effectively monitored by examining the light intensity up to three layers
where these defects ocd66]. Consequently, in this study, which is primarily focused on the top
layer surface roughness, the light intensity of the last three hagsrsonsidered to provide crucial
insights
3.2.2.2. Height Measurement of the Top Surface of Printed Parts

As shown inFigure 3-2, the second step of data collection for this study involves obtaining the
height values of the top surface to calculate surface roughness. Measurements were conducted
using a Keyence LSCM (Keyence, Osaka, Japan). LSCM is -@esiructive technique, which
measures nenontact height profile, roughness, and film thickness on any material or shape in
nanometetevel resolution. Compared to conventional widefield microscopy, it offers several
advantages. In addition to allowing control over degftfield, it allows the collection of serial

optical sections from thick specimens. The confocal microscope can also be used to create 3D
images of structuref67], [68], [69] These advantages make it ideal for measuring surface
roughness on LPBF parts. The setup also inclu@@Xabjective lens with a field of view G109.6

um3 532.2um to capture highequality images. Arassembly mode was used to collect multiple
image data by moving the measurement cell and assembling the data into one image with a surface
area of 10 mn§ 10 mm, covering the entire top surface. In this case, only the height distribution

of the surface from peak to valley is extracted, and all desiré&tsuexture parametefd], [71]

can be calculated using any programming language. In this Sa#gs considered as a surface

roughness parameter calculated ustiag3-2.

Y& g WHONOQW Eq.3-2
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whereA is the evaluation cell, i.e., the area over which the roughness is meaqurglis the
difference between the roughness profile height and the mean plane at any given pogition (

3.2.3. Correlation between the Collected Data

As previouslydiscussed, the study involves two data collection steps: captursituitight
intensity during printing using a photodiode and measuringgasgtheight distribution of surface
with an LSCM. The subsequent analysis aims to determine if there is malatton between the
in-situ light intensity and the height distribution of the top surface of printed parts. This
investigation attempts to explore connections betweentireal monitoring of the melt pool

dynamics and the final surface characteristiaghe printed parts.

Figures-3 shows the light intensity of the three top layers (layers-il, &hd N2) and the height
distribution of top layer (layer N) in Parts P10/A, P19/B, P13/A, P1/B, P18/A, P4/B, and P5/A.
This selection includes both replicates of A and B and covers a elirsrge of VED values. The
order in the figure is arranged from the highest to lowest VED. Each part follows a distinct color
order on the color maps, attributed to specific processing parameters yielding diverse ranges of
light intensity, as explained fBection3.2.1 The light intensity data, originally in one dimension,
is transformed into a 2D plot usikgandy coordinates, where the color signifies the magnitude of
light intensity at each corresponding point. Additionally, the figure illustrates the height
distribution of the top surface (the top layer) of each part, which has its specific color map order
due b different ranges of height. The height data was a 2D matrix based aribg positions,
with the color representing the magnitude of the height.
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Figure 3-3. Light intensity distribution of the last three layers and height distribution of the top layer for some parts.
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Upon analyzindrigures-3, it becomes evident that the light intensity distribution is significantly
influenced by VED and partially by the scan direction in each layer. The laseabadtdrth paths
over a short distance can result in heat accumulation, leading to increasedtdéighity at the
edges/corners. As seen, this effect is more pronounced in parts with a higher VED. For instance,
in Parts 10/A, 19/B, and 13/A, which have a higher VED, there is greater light intensity at the
corners and edges. Conversely, in Parts 18/B, and 5/A, where the VED is lower, this effect is
less noticeable. Another hypothesis regarding the increased light intensity in the corners could be
attributed to the dynamics of the melt pool, creating a different angle of light irradiation due to
different melt pool variations at hot zones. This phenomenon may result in increased light intensity
as measured by the photodiode. Interestingly, this observation correlates with a rise in height as
seenn Figure3-3. The figure demonstrates that a significant contrast in the light intensity between
the corners and the core is mirrored in the height distribution. For instance, in Part 10/A, elevated
light intensity at corners results in increased heights at thosensedn contrast, in parts where
light intensity is more evenly distributed, as seen in Part 5/A, a uniform height distribution is
observed, with no notable distinctidretween edges and the core. This suggests a complex
interconnected relationships between the melt pool dynamics, the corresponding light intensity

behavior, and surface morphology.

An additional explanation is required to clarify the importance of considering the last three
layers of light intensity. If only the last layer (the top layer) of the light intensity data is examined,
it may appear that there is not a clear correlatiowédat light intensity and height distribution.
However, if the last three layers are analyzed, considering that each layer has a thickngss of 40
the cumulative effect of these layers better explains the distribution of heights. As an example, in
Part 19B, layer N2 impacts the left and right edges, layef Mffects the left and top edges, and

layer N (the top layer) influences the right and bottom edges.

The observation of the collected data indicates a correlation between light intensity and height
data, and thus surface roughness. Therefore, by extracting the feature of the dataset and employing
ML algorithms to identify the abovmentioned correlationt may be possible to predict surface

roughness efficiently, which is the aim of this study.
3.2.4. Feature Engineering

Assuming that there is a relationship between light intensity data and height data, an appropriate

ML algorithm could be utilized to identify this relationship. Therefore, the next step is to establish
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a method for organizing the data into a specific input and output format. To achieve this, the four
2D maps of each part, comprising three maps for the light intensity of the last three layers and one
for the associated height data, were segmented intbaetis sized at 690 um x 510 um, resulting

in 266 cells for each map. This specific dimension was chosen to align with the field of view of the
20X objective lens of the LSCM (709 x 532 um) utilized in the experiment. However, a slight
adjustment in theell dimensions was necessary to ensure the same size for all cells, considering
the dimensions of the top surface of the parts (10 x 10 mm). It should also be noted that the top
surface area was slightly less than 100 mmz, which is mainly attributesl $brihkagg¢72], [73].
Figure3-4 shows an examplef how all maps of Part 10/A are segmented into small cells. Due to
the large number of cells (266) generatédure3-4 only provides a schematic representation of

the segmentation. Each of these small cells corresgoraidls at the same location on the other
maps; one of them is bolded. Based on 42 parts, a total of 11,172 (42x266) cells were generated
for each layer of light intensity data, and 11,172 cells were generated for the height data. This
implies that a tatl of 11,172 datasets are available for use in any ML algorithms.
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Figure 3-4. An example of the segmentation of light intensity and height distribution of Part 10/A (dimension of each
cell is 690 um? 510 um). Each cell has a distinct distribution of light intensity or height.

By considering each cell separately, a distinct distribution of light and height can be obtained.
The next phase is to extract features from each of these cells (light intensity and height), as outlined

in Sections3.2.4.1and3.2.4.2 respectively.
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3.2.4.1. Feature Extraction from Each Cell Input

Each cell is analyzed, and the necessary information are extracted in four steps, as elaborated

upon in the subsequent sections.
1 Clustered Light Intensity

Each cell consists of many data points representing light intensity which may include noise. Rather
than utilizing all these data points, extracting key features can be beneficial. Unsupervised
clustering algorithms have demonstrated significant potefttiah wide range of applications.
Using clustering analysis, datasets are grouped based on their similarity. According to the literature,
K-means, agglomeration, and S@fganizing Map (SOM) were applied to clustessitu data in

LPBF [26], [33], [74] This study uses SOM to cluster light intensity data for each cell due to its
promising results. The SOM algorithm organizes data in a onglitwensional grid or map, where

each grid unit (or node) represents a cluster or group of similar data pointsy Paining, the

SOM learns to map the input data onto this grid by adjusting the weights associated with each grid
unit [75], [76]. Since light intensity data is a 1D signal, the SOM input iscimensional data.

Therefore, applying SOM to 1D data results in clustering the signal into 1 x N clusters.

Different cluster numbers (N=3 to 9) were chosen and applied to the light intensity signal to
determine the effect of cluster numbers on the accuracy of the prediction of surface roughness
which will be explained in Sectio.3.2 Based on the preliminary observation, six clusters
performed bettethan the othersFigure 3-5 (I) demonstrates an example of the clustered data
within a single cell. After clustering the signal into six clusters, the centroid of each cluster,
representing the mean of points assigned to that cluster, serves as a representation of the light

intensily data points for that specific cell.

1 Process Parameters

The LPBF technique has numerous process parameters, with some being controllable/adjustable
and others not. These parameters, including laser power, scanning speed, powder flow rate, and
layer thickness, can significantly impact the final parts quality @ogerties[77], [78], [79]

Some of these parameters can be adjusted during the printing process, such as laser power and
scanning speed, which can be changed from one layer to the next to optimize the process for
different regions of the paf25]. Considering the significant effect of process parameters on
surface roughneds80], [81], integrating some key parameters into algorithms can enhance their
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effectiveness by making them processare. These parameters, selected for their widespread
industry usage and ability to be controlled and adjusted within the process, include laser power,

scanning speed, hatch distance, and VED.

1 Spatter Region Index

The location of each part on the build plate affects the quality of the parts, primarily due to the
presence of spatters and nonuniform distribution of loose powder particles throughout the bed,
which are correlated with the direction of both theoatermotion and gas flow. Esmaeilizadeh

et al.[82] examined how the part location on the build plate affects the surface roughness. They
discovered a correlation between increased spattering and higher surface roughness along the re
coater and gas flow directions, identifying a spatie region at theiend. To enhance our study,

a feature termed the "spatter region index" was introduced that is defined based on both ascending
i andj indicesrepresenting the location of each part with respect to the gas flow anddbatee
directions, respectivelgs shown irFigure3-5 (l1). In Figure3-5 (lIl), one part is highlighted as

an example, with the spatter indexia8 andj=5. Considering the spatter rich zone introduced in

[82], this indexing system ensures that the higher valuesodj correspond to regions with a
potentially higher concentration of spatter. Each part is assigned uraequi indices, with all

cells within a part sharing the same indices famd;.

1 Edge Proximity Index (epi)
The quality of each individual cell of the top layer of a part can be influenced by various factors,
such as its proximity to the edges (i.e., relative location of the cell in the given layer). To accurately
measure the impact of this factor, a specificalde known as the "edge proximity index" has been
defined. This variableonsiders the proximity of each cell to the edges of the part by dividing the
part into four quadrants at the cell of interdsg(re 3-5 (1V)). Then, the number of cells that
belong to each quadrant is counted, and four values are obtained (epil, epi2, epi3, and epi4),
reflecting how close the cell is to the edges of the part. For instanéggure 3-5 (1V), the
highlighted cell values are epil= 30, epi2= 100, epi3= 80, and epid4= 24, indicating its proximity to
the edges. The inspiration for defining this variable in this study came from the research conducted
by Kozjek et al[83]. Kozjek attempted to predict the melt pool temperatures of théayextusing
thermometry measurements. They introduced "edge detection,” defining a ring around the toolpath
point and counting points within four regions. However, our study expanded on this concept by
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considering the entire top surface area rather than just a ring and counted cells with a specific
dimension instead of counting data points. This modification aimed to provide a more thorough

measure of edge proximity.
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within one part but vary from part to part. llippatter Region IndexFactoring in part location on the build plate

and potential spatter presence by utilizing i and j indices. These values are the same for all cells withih lmunte pa
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values are different for each cell, even within one part.
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3.2.4.2. Area Surface Roughness (Sa) Calculation for Each Ce@utput

The primary goal of this study is to predict thaof individual cells. This involves obtaining the
height distribution for each cell and using it to calculateShealue withEg. 3-2. Following the
Savalue computation for each cell, they were divided into four classeEipaes-6 (a)):

1 Class 1:Sa< 8 um,

T Cl ass Sa14um8 O

T Class Sa<22ud, O

T Class 4:Sa 22 Om O

The selection of class ranges was informed by a boxplot, a graphical representation of the
distribution of a dataset. After calculating tBavalues for all cells (11,172 cells), a boxplot was
plotted (sed-igure3-6 (b)), and statistical parameters such as the minimum, lower extreme, first
quartile (Q1), median, third quartile (Q3), upper extreme, and maximum were determined. Through
several attempts, it was determined that considering minimum to Q1 as Class Q3XHstClass
2, Q3 to the upper extreme as Class 3, and outliers as Class 4 (notably having fewer data points)
yielded promising results. It is worth noting that there was a deliberate decision not to eliminate
the outliers, because there was an intertbadentify cells with very high surface roughness values
for further investigation.
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Figure 3-6. a) Quantifying surfaceoughness (Sa) by analyzing the height distribution of each cell and classifying the
results into distinct classes. b) Boxplot diagram displaying Sa values for all cells, highlighting statistical parameters
and aligning with the selected range of Sa classe

3.2.5. Dataset Splitting

Within the set of the 42 parts, totaling 11,172 cells, a decision was made to split the data into
training and unseen test sets. Instead of randomly selecting 20% of the total shuffled 11,172 cells
(approximately 2,234 cells), which might overly favor apstic data distribution, a more realistic
approach was preferred. Thus, it was determined that setting aside 20% of the total parts, roughly
8 parts, for the unseen test set, corresponding to 2,128 cells. The remaining 34 parts, comprising
9,044 cells, a designated for training purposes. This approach ensures a more realistic
representation of data for both training and testing phases, enhancing the reliability and robustness
of the model. Notably, the selection of the 8 parts was conducted with adnotevering a
comprehensive range of VED, spanning from low to high.

Given the variations in scale observed within the dataset, normalization or standardization was

deemed necessary. Normalization involves rescaling the values of a feature to a range between O
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and 1, while maintaining the relative relationships between data points. This is achieved using the

following formula:
W S — Eq.3-3
() ()

On the other hand, standardization transforms features to have a mean of 0 and a standard
deviation of 1, using the formula:
. QO A
W _— Eq.3-4

where O is mean and G is standard deviation o

Both methods were applied, and it was found that the standardization method demonstrated
better resultsvith increased accuracy. This could be because it helps to center the data around zero

and keeps the variation consistent, which seems to suit our dataset better.
3.2.6. Strategies for Handling Imbalanced Data

The categorization @ainto four distinct classes reveals that the samples are not evenly distributed
across each class, indicating an imbalance in data per class. For instance, Class 4, has a relatively
low frequency. In classification problems, imbalances in the class disrlof training data can

lead to poor model performance, as they tend to be biased towards the majority class. To address
this, techniques like synthetic minority oversampling technique (SMQ34) [85] and class

weights are employed. SMOTE generates synthetic instances for underrepresented classes, while
class weights adjust training by assigning higher weights to minority c[@8e$hroughout our
analyses, both methods were employed and SMOTE consistently outperformed class weights,

improving the Fiscore by over 10%.
3.2.7. Implementation of Machine Learning Algorithms

After extracting the features and splitting the training and unseen test datasets, the next phase
involves applying various ML algorithms to them. As previously outlined, the input features fall
into four distinct groups: the clustered light intensity dgtaup with six features, the process
parameters group with four features, the spatter region index group with two features, and the edge
proximity index group with four features, totaling 16 features. The algorithms output represents
the Saclass. Theref®, a dataset comprising 11,172 cells (9,044 trainset and 2,128 testset), with
16 input features was utilized to assess various ML algorithms. Multiple algorithms, including

Random Forest (RF), Gradient Boosting (GB), eXtreme Gradient Boosting (XGB),r'Supptor
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Machine (SVM), feedforward Neural Network (NN), and Long Sfi@tm Memory (LSTM) were

employed on the data.

As discussed earlier, it is crucial to note that the light intensity of the last three layers were
considered. A question may arise regarding how ttiese layers should be treated. To address
this, it is essential to mention that while all feature extractions are performed for all three layers,
only the first group of features (clustered light intensity) differs among the three layers. The other
groups(process parameters, spatter region index, and edge proximity index) remain constant across

the three layers.

The choice of the algorithm determines how the data from the three layers should be utilized.
For instance, in LSTM, a sequeHrgased algorithm, these three layers can be treated as a sequence.
However, in other models like RF and GB, a sequence cannmdae In such cases, the light

intensity of these three layers was weighted and averaged per each cell.

Figure 3-7 illustratesinputs and outputs for any algorithms, excluding those that can use a
sequence like LSTM, and demonstrates how the clustered light intensity of the three layers is
combined. The values of the weights for the layers were selected as 0.6 for layer NJ&.&rfo
N-1,and 0.1 forlayer®, based on our {38, 466]0lbesemstudies ievealesl st U (
that in the case of lack of fusion, the first layer displays this defect three times more than the second
layer, and the second layer shows it twice as much as the third layer. It was assumed that this
observation could be extendéd surface roughness, which is influenced by previous layers,

leading to the calculation of these coefficients.
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Figure 3-7. An illustration depicting the application of a ML algorithm, showing input features and output, along with
the process of combining the first group of features for the last three layers. Note that the other feature groups remain
constant across all laysr

The following section provides brief introductions to the ML algorithms used, with a more

detailed discussion of their performance in SecB@
3.2.7.1. Random Forest (RF)

The RF model consists of many decision trees that classify data. During training, each tree is built
on a random subset of the dataset, making itspredictions. These predictions are then combined

to produce the final result, enhancing accuracy and robug8¥ss.
3.2.7.2. Gradient Boosting (GB)

GB trees improve decision tree performance by using ensemble learning. Each new tree corrects
errors of previous ones using gradient descent optimization, aiming to minimize a predefined loss
function. This iterative process reduces residuals betweercfg@dind actual values, resulting in
higher accuracy than standalone decision trees, albeit at the expense of increased complexity and
computational tim¢88].
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3.2.7.3. eXtreme Gradient Boosting (XGB)

XGB is a specific implementation of GB in which the regularization technique is employed to
prevent overfitting. This model is known for its efficiency, scalability, and performance
optimizations, making it a popular choice in readrld applicationg89].

3.2.7.4. Support Vector Machine (SVM)

SVM is a supervised learning method that separates data points by finding the optimal line or
hyperplane to maximize the distance between different class points. Initially designed for linear
data, SVM now employs various kernel functions to classify cexgataset§90].

3.2.7.5. Neural Network (NN)

A feedforward NN analyzes complex relationships between input and output data. It uses forward
propagation to pass input through layers of interconnected neurons with nonlinear activation
functions. Backpropagation adjusts network weights based on etverdyepredicted and actual

outputs, improving performance over time. Through this training process, the network learns

patterns in data to make accurate predictions or classificagd}s[92].
3.2.7.6. Long ShortTerm Memory (LSTM)

LSTM is a specialized model for time series analysis. Its architecture, witlshamgterm memory
units, retains information over time, effectively capturing skemin dependencies and loteym
patterns in sequential data. This makes LSTM more eftetiian traditional models for processing

and interpreting sequential daf@3].

3.3. Results and discussion
3.3.1. Tuning Models Hyperparameters

The performance of a model is significantly affected by selecting appropriate hyperparameters.
Therefore, it is crucial to firune them for better results. For this purpose, the widely used Python
package GridSearchCV was used to finee hyperparameteifor the RF, GB, XGB, and SVM

models. Some specific hyperparameters were selected for each model, and corresponding ranges
were defined to explore the parameter space comprehensively. Through grid search methodology,
various combinations of hyperparamsterere systematically evaluated to determine the optimal

configuration, thus improving model predictive accuracy.
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For the NN and LSTM models, a different approach was employed for finding the best
hyperparameters, as GridSearchCV tends to elongate the runtime. The keras_tuner package,
specifically designed for hyperparameter tuning with Keras, was utilized for thp®gsu By
employing advanced techniques such as Bayesian optimization or Random search, the
hyperparameter space was thoroughly explored to identify configurations that improved model
performanceg94]. This careful tuning ensured the NN and LSTM models were finely tuned to

capture important data features, making them better predictors.

In Table3-1, the selected hyperparameters, their brief definitions, and the ranges studied for
each model are provided. Throughout the process of optimizing these hyperparameters, efforts
were made to cope overfittityy avoiding overly complex model configurations. The table also
presents the final selected value of each hyperparameter. All subsequent results and evaluations
discussed in the following sections are based on using these values.
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Table3-1: Selected hyperparameters and their defined range

ML Algorithms | Hyperparameters | Definition Defined range | Value
RF n_estimators Number of decisiotrees in the forest 50-300 100
max_depth Maximum depth of each decision tree [None,10, 20, None
30]
min_samples_splitt Minimum number of samples required to| 2-10 2
split an internal node in a decision tree
min_samples_leaf| Minimum number osamples required to | 1-5 1
be at a leaf node in a decision tree
max_features Maximum number of features considereq ['sqrt’, 'log2’, ‘auto’
for splitting at each node in a decision tr¢ None, 'auto’]
GB n_estimators Number of boosting rounds (trees) to be| 50-300 100
built
max_depth Maximum depth of each tree in the 3-7 3
ensemble
min_samples_split Minimum number of samples required to| 2-10 2
split an internal node in a decision tree.
XGB n_estimators Number of boosting rounds (trees) to be| 50-300 100
built
max_depth Maximum depth of each tree in the 37 6
ensemble
learning rate Step size for updates to prevent overfitti [0.01, 0.1, 0.3] | 0.3
SVM C Regularization parameter [0.1,1,10] 1
Kernel Type of kernefunction [linear', 'rbf linear’
gamma Kernel coefficient ['scale', 'auto’] | 'scale'
decision_function_| Decision function strategy [ovr] ‘ovr'
shape
NN num_layers Number of layers in the neural network | 1-5 1
units Number of neurons in eadayer 32512 512
activation Activation function applied to the output | [relu’, ‘tanh’, ‘relu’
of each neuron 'sigmoid']
optimizer Optimization algorithm used to update | 'adam'’ ‘adam'
weights during training
LSTM num_layers Number of LSTM layers ithe network 1-5 1
units Number of neurons in each layer 32512 512
activation Activation function applied to the output | [relu’, ‘tanh’, ‘relu’
of each neuron 'sigmoid']
optimizer Optimization algorithm used to update | 'adam'’ ‘adam'
weights during training
kernel_regularizer| Regularization applied to the weights of | [None, 'I1', '127 | 11
the connections between neurons
bias_regularizer | Regularization applied to the biases of th [None, 'I1', 127 | 'I1'
neurons

3.3.2. SOM Cluster SizeEvaluation

As previously mentioned, the first group of input features, i.e., light intensity, was clustered using
a SOM algorithm. Within each cell, the light intensity signal was clustered, and the centroids of
these clusters were subsequently calculated and endpsyfeatures in the models. Subsequently,

an investigation was conducted into the impact of varying cluster numbers, ranging from three to

42



nine, on the effectiveness of the models. Higher cluster values, such as ten or eleven, led to an
increase in NaN (Not a Number) occurrences due to insufficient data points within specific cells.
To determine the optimal cluster number, creatidation onthe training dataset and evaluation

on unseen test data were conducted.

Crossvalidation serves as a fundamental method to assess the performance of ML models.
Among the commonly employed variants, such-&d, 10-fold, and 26fold crossvalidation, the
choice relies on factors such as dataset size, computational resandcdssired precision. In this
study, 16fold crossvalidation was employed, dividing the trainset data into ten esjpedl
subsets. During each iteration, the model was trained on nine subsets and evaluated on the

remaining one, when this process repdaen times using different subsets each time.

In addition to croswalidation, model performance was evaluated using common metrics:
accuracy, precision, recall, and-5dore. Accuracy measures true predictions among all instances,
while precision assesses true positive predictions relative totalhoes predicted positive. Recall
gauges true positives among all actual positivessdéte combines precision and recall, offering
a balanced performance meas|@®]. These metrics were calculated for each class individually
and can be combined using averaging techniques including macro (equal weighting), micro

(weighted by class instances), and weighted (weighted by class proportions).

In Figure3-8, the results of 1fold crossvalidation are presenteBigure3-8(a) illustrates the
average Fikcore values and standard deviation error bars obtained from 10 iterations of each
model across different numbers of SOM clusters. It is observed that RF and XGB exhibit the higher
average Ficore values. RF also demonstsatee highest value at cluster numbers 6 and 7, with

the least standard deviation.

It is important to note that there is a severe imbalance in the dataset, especially in Class 4 (the
highestSavalue). Despite employing SMOTE method to address this data shortage in this class,
all models struggle to predict Class 4 accurately. However, the overall average value remains
acceptable as they perform well in predicting other classes. Thereforejrexplbscore per class
can offer deeper i nsi g tigwe3-B(lmshowsthbkEscorepaledss 6 p et
of different models using 6 SOM clusters. Despite the close average values obsédfigpaean
3-8(a), significant variations are evident across individual classes. RF and XGB notably excel in

predicting Class 4, which is the most challenging dagsedict. Therefore, RF not only achieves
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the higher average Fdcore values but also performs better across each individual classes. This
comprehensive analysis suggests that RF is the preferred model for this classification task.

a) b)
Model Performance Across SOM Clusters F1-Score Per Class using 6 SOM Cluster:
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Figure 3-8: Results of 14dold crossvalidation. a) Average Fscore with standard deviation error baasross 10
iterations. b) Fiscore comparison per class for each model using 6 SOM clusters.

To determine the optimal number of SOM clusters, the unseen test set was also evaluated.
Building upon the previous sections where the superior performance of RF was discussed, the
performance of the test set (accuracy, precisionsdéete, and recall) using RF for different
numbers of SOM clusters was assesbeglre3-9 depicts some of these results, showcasing F1
score per class and macro-§dore inFigure3-9(a) and recall per class and macro recaHigure
3-9(b).

The crossvalidation results irfFigure 3-8(a) revealed that clusters 6 and 7 exhibited the most
promising outcomes. However, upon further analysis of the test datas€igse=3-9), it was
found that employing 6 clusters led to superior performance. Specifically, this configuration
demonstrated higher performance in Ckasgthout compromising predictions for other classes, a
conclusion supported by the maaeerage of both F&core and recall. Therefore, it can be

inferred that utilizing 6 clusters yields the most favorable results for this study.
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Figure 3-9: Result of unseen test dataset for different number of SOM cluster using RF modedcajd-domparison
per class and macro F&core. b) Recall comparison per class and macro recall.

3.3.3. Feature Combination Analysis

In sectior3.2.4.] the four distinct groups of input features were introduced, including the clustered

light intensity, process parameters, spatter region index, and edge proximity index (epi). This

section investigates the performance of the models with different conobimaif input features.

Specifically, by removing one of these groups of input features at a time, we aim to observe how

t he

mo d el

s 6

perfor mance

s i mpacted. This

each group of input features aneithcontributions to the overall performance of the models.

Figure 3-10 depicts a comparison of four different combinations of input featurdsigure

3-10(a), all four groups were utilized, whilegure3-10(b) excludes the process parameteigyre

3-10(c) excludes the spatter region index, &mglure 3-10(d) excludes the edge proximity index

(epi). Each plot presents metrics including accuracy, precision, weightsetbFd, and macro F1

score. The inclusion of macro #store allows for an overall insight into the model performance,

particularly on Class 4Given the limited number of data points in Class 4, its poor performance

might not significantly impact the weighted-Btore. However, the macro8tore, treating each

c |

ass

equally, can
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U Clustered Light Intensity
J: Spatter Region Index

D: Process Parameters
U: Edge Proximity Index (epi)
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Comp ar i s o nperdofmaricd usingrdiffedleaticandinations of input features on unseen test
set. a) All four groups employed. b) Exclusion of the process parameter group. c) Exclusion of the spatter region

index group. d) Exclusion of the edge proximity index (epi) group.

In Figure 3-10(a), which utilizes all four feature groups, the metrics demonstrate the highest

scores compared to

it becomes evident that while the accuracy, precision, and weightetbFd ofall models, except

SVM with a poorer performance, are nearly equivalent, the maesadie of RF surpasses others.

t he

ot her graphs.
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This indicates a superior performance of RF, particularly in ClassFlglme3-10(b), where the

process parameters group is excluded, it is apparent that the plot exhibits the lowest performance
compared to the other graphs in this figure. This observation emphasizes the significant
contribution of process parameters in the predictask. Figure 3-10( ¢ ) il lustrates
performance when excluding the spatter region index. At first glance, it may seem that the
exclusion of this feature group does not signi
similar to Figure 3-10(a). However, upon the closer inspection, focusing on the macscdfi

reveals a slight but a noteworthy difference. Without the spatter region index, a lower macro F1
score is observed, indicating decreased performance, particularly in Class 4. Emnsats
suggests that the inclusion of the spatter r eq
This feature group aids in identifying areas of the build plate with higher potential for spatter,
typically associated with the high8avalues. Given that Class 4 corresponds to the higbeest

values Sagreater than 22 um), the spatter region index contributes to better predictions for Class

4. Consequently, there is a higher performance in Class 4, resulting in a higher msoooe-1n
Figure3-10(d), the exclusion of the edge proximity index is observed. Apparently, this exclusion

has a significant impact on the performance of RF, XGB, and GB models, albeit a lesser effect on

NN and LSTM. This observation suggests that NN and LSTM, being moreleompdels, can

still uncover intricate relationships between input and output, even with the removal of one feature
group. However, it is worth noting that NN and LSTM models exhibit a poor performance on Class

4. Considering the data imbalance, ensemiméels like RF and XGB tend to outperform neural

network modelq96]. Therefore, focusing on RF and XGB models, the removal of the edge
proxi mity I ndex significantly I mpact s t he m
contribution to the accurate prediction of thaclass.

3.3.4. Models Performance Assessment

To delve deeper into comparing the performance of various models, additional metrics, such as
Confusion Matrices and Receiver Operating Characteristic (ROC) Curves are widely utilized for
evaluating the classification ML problems.

A confusion matrix is a table that presents a clear overview of the performance of a classification
algorithm. It consists of the actual class labels on one axis and the predicted class labels on the
other axis. The confusion matrix enables visualizatibwloere the model is making errors and

which classes it tends to confuse.
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In Figure 3-11, the confusion matrix derived from all six models for an unseen test set are
presented. One axis represents the four true classes, while the other axis depicts the four predicted
classes. The matrix provides the count of data points within each categbmyear relative
frequencies (in percentage), visually depicted via a color bar. Notably, the matrix highlights the
significance of the class imbalances. For instance, the differences in the data points among Class
1, Class 2, Class 3, and Class 4, wehpective counts of 618, 919, 530, and 61, illustrate the
challenge posed by the imbalanced datasets. Consequently, the models struggle particularly with
the prediction of Class 4 due to its limited dataset. Upon the closer examination, it becomes evident
that RF exhibits superior adaptability in handling data imbalances, yielding acceptable
performance, especially concerning Class 4. While NN and LSTM models produce competitive
results for Class 1, Class 2, and Class 3, they fail notably when predicsg)4;lindicating their
weakness to the dataset imbalances. Following RF, both XGB and GB demonstrate promising

performance.
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Figure 3-11: Confusion matrix generated by a) RF, b) GB, ¢) XGB, d) SVM, e) NN, and f) LSTM on unseen test set.

Additionally, ROC curves rely on two crucial metrics: the True Positive Rate (TPR) and the

False Positive Rate (FPR). TPR measures the ratio of correctly predicted positive instances to the
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total number of positive examples in the dataset, while FPR indicates the proportion of negative
instances incorrectly classified as positive. The classifier performance is quantified through the
Area Under the ROC Curve (AUC), where a higher AUC denotssiparior classifier. It's
noteworthy that any classifier with an AUC exceeding 0.5 outperforms the random chance.
Typically, ROC curves are employed for binary classification tasks. However, for thectagdi
classification, the output needs to be bimea. This involves treating each class as the positive

class once and all other classes as the negative class. Subsequently, separate ROC curves are
computed for each class. The mieneerage ROC curve aggregates the contributions of all classes

by givingequal weight to each prediction, making it suitable for imbalanced class distributions.

Figure3-12 depicts the ROC curve generated by all models for the unseen test set, comprising
five curves: four for individual classes and one for the mawrerage. Each plot showcases the
AUC value for every class alongside the miengerage curve. Upon analysis tbfs figure, it
becomes apparent that despite encountering challenges associated with the dataset imbalance
among the classes and particularly lower accuracy in Class 4, the AUC values indicate excellent
performance across all classes. Furthermore, ddssg and £xhibit AUC values around 0.90,
demonstrating robust discrimination capability and indicating the model efficacy in distinguishing
instances belonging to these classes from others. However, Class 2 exhibits comparatively lower
performance, wh an AUC ranging from 0.7 to 0.8, which can be attributed to its unique
characteristicsClass 2 spanSavalues ranging from 8 to 12 um, exhibiting the highest frequency
among all classes. Instances within this class may exhibit greater variability or overlap with
instances from neighboring classes, such as those lying marginally below 8 or slightly above 12
microns. This inherent variability poses a considerable challenge for the model in accurately
classifying such instances. In total, a thorough cormsparof the models reveals that RF, XGB,
and GB outperform the others.
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Figure 3-12: Receiver operating characteristic (ROC) curve generated by a) RF, b) GB, c) XGB, d) SVM, e) NN, and f) LSTM on
unseen test set.

Table3s-2 presents a comprehensive summary of the performance of all models alongside their
respective training times. In the context of the LPBF process, where computational efficiency
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directly impacts realime analysis between layer depositions, models with shorter computational
time are favored to prevent proceldays. While the training time may not directly affect +eal

time analysis, as the model is firained and used on new datasets, the runtime serves as a valuable
parameter for evaluating the speed of a model in analyzing fresh data. Basduasi2, the RF

and XGB models stand out as the fastest, making them promising candidates for integration into
LPBF machines. Conversely, LSTM exhibits the longest running time, which may not be optimal
for this application. Notably, RF and XGB not only excelspeed but also perform well in
evaluation metrics, indicating their potential for superior performance in LPBF processes, where
timely and accurate predictions are essential.

Table3-2: Comparative performance on unseen test set and training times of models

ML Algorithms | F1-Score (Weighted)| F1-Score (Macro) | Accuracy | AUC (Micro) | Training time
RF 0.71 0.63 0.70 0.89 3s

GB 0.71 0.58 0.69 0.89 12s

XGB 0.71 0.61 0.70 0.9 3s

SVM 0.57 0.48 0.56 0.78 45 s

NN 0.73 0.59 0.73 0.91 1minl14s
LSTM 0.72 0.56 0.73 0.90 4 min50 s

3.3.5. Training Set Size Exploration

In this section, we explore the impact of varying train set sizes on model performance. As
previously mentioned, we maintained 8 parts (2,128 cells) as an unseen test set, while designating
34 parts (9,044 cells) as the original train set. To examineffina ef reducing the train set size

while keeping the test set constant, we considered train set proportions of 80% (~27 parts), 60%
(~20 parts), 40% (~14 parts), and 20% (~7 parts). The selection of parts for each batch of the train
set was based on caugg the range of VED from low to higkigure 3-13 (a) andFigure 3-13 (b)

illustrate the weighted F4core and macro Fdcore values on unseen test set respectively for all
models across different train set sizes. It is evident that the weightetbFel remains favorable

for models trained with 27 and 20 parts, outperfognihe RF model. However, the macro F1

score decreases, indicating less effective performance for Class 4. Furthermore, as the train set size
decreases further to 14 and 7 parts, a noticeable drop in performance is observed, albeit this drop

is less pronowoced for XGB and GB models compared to others.

It is worth noting that while RF appears to be the better option with sufficient data points, when

data points are limited, XGB and GB might offer better performance. This underscores the

52



importance of considering both the volume and quality of data when selecting the appropriate

model for a given scenario.
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3.3.6. Random Forest Feature Importance

Based on the prior discussion, the RF modedeasonstrated a remarkable capability in handling
data imbalances, outperforming other applied models. This section delves deeper into the model

by analyzing its feature importance.

Feature importance refers to the relative significance of each feature in making relatively accurate
predictions. These scores can provide valuable insights into the predictive power of each feature,
and highlight which features are most relevant and influential in making predictions. These findings
can guide further data exploration and feature selection. For instance, features with high importance
scores can be used for developing simpler modeldewhose with low importance scores can be

omitted to reluce the complexity of the model.

In Figure3-14, we observe the feature importance generated by RF across various combinations
of input features, each denoted by distinct color codes representing four different groups of input
features (refer téigure3-5). In Figure3-14(a), where all four groups are considered, the "VED"
feature from the "process parameters" group exhibits the highest score, indicating its significant
impact on prediction accuracy. Additionally, features such as "clustered light intensity" (labeled as

Clto C6) and "edge proximitindex (epi)" also display notable importance scores, contributing
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significantly to the model accuracy. Conversely, features like "power," "scanning speed,"” and
"hatch distance" from the "process parameters" group show relatively lower importance scores,
suggesting minimal impact on predictions. In should be however tt@eWED has a relationship

with laser power, scanning speed and hatching distance. This suggests that integrating these factors
into a unified number (VED), could enhance correlation with the ML model. VED usually offers
better consistency in deviatiopptentially optimizing the weights in the RF structure, enhancing
predictive capabilities and operational efficienEigure3-14(b) illustrates the scenario where the
"process parameters” group is excluded. Here, all three remaining groups exhibit almost equal
contributions to prediction accuracy, even including "spatter region index," which showed lower
scores irFigure3-14(a). This implies that in the absence of "process parameters,” the model relies
more on other features to enhance prediction accuracy. Moviriguce 3-14(c), where "spatter

region index" is excluded, the feature importance plot closely reseifiglee 3-14(a) with all

four groups considered. However Figure3-14(d), the exclusion of "epi" induces a notable shift;

as "VED" is no longer the most important feature; instead, "clustered light intensity" takes
precedence. This shift can be attributed to the removal of "epi,” which distinguishes edges
potentially havindhigher surface roughness from centers, prompting the model to rely more on in

situ light intensity data for classifying different surface roughness values.

Overall, it is evident that while process parameters were expected to influence surface
roughness, external factors also play a significant role. Variables such as spatieaserend
argon gas flow direction introduce variability in surface roughraesess different locations.
Therefore, accurate prediction and control of surface roughness necessiaterianitoring and

consideration of each area specific characteristics.
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Figure 3-14: Comparative assessment of random forest feature importance across different input feature
combinations, distinguished by color to represent four distinct input feature groups. a) All four groups employed. b)
Exclusion of the process parameter group. glEsion of the spatter region index group. d) Exclusion of the edge

proximity index (epi) group. (Note: @6 denote clustered light intensity)

3.4. Summery

This studyinvestigated the relationship between top surface roughness and the light intensity

signal emitted from the melt pool, captured by asiin photodiode from the last three layers of

the build. The collected intensity data were clustered using 8i@diithmand combined with key

process parameters to serve as input for various ML models. These models were trained to predict

surface roughness at a fine resolution (690 pm x 510 um) for each small area, including edges and
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corners across each layer. The performance of the models was rigorously evaluated using an unseen

test dataset, ensuring their reliability and generalization capability.
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Chapter 4. A PioneerMachine Learning-Driven Platform for
In-Situ Vertical Side Surface Roughness Predictiom Laser Powder

Bed Fusion

4.1. Abstract

Realtime surface roughness prediction in laser powder bed fusion (LPBF) is crucial for achieving
effective control and enhancing part quality. Surface roughness directly impacts fatigue life and
contributes to increased pgstocessing costs. While-gitu monitorng has become a paradigm

for reattime defect detection in LPBF, surface roughness prediction, particularly for vertical
surfaces of printed components with respect to the build plate, remains entirely unexplored.
Existing studies primarily addss insitu detection of the top surface roughness of printed parts,
while vertical surface assessments relying osigxmethods that lack retime capabilities. This
limitation is attributed to the coverage of vertical walls with loose powder partiétes the
powder bed, obstructing the visibility/sensing of the site of interest. This study pioneers a
framework for insitu prediction of vertical surface roughness using a photodiode sensor integrated
with machine learning (ML) detection algorithms.eThhotodiode sensor enables fast response
times, capturing light intensity signals from regions adjacent to vertical surfaces during the printing
process. Key timelomain and frequenegomain features are extracted from the photodiode
signals and combinedith essential process parameters to predict the surface roughness of each
vertical side. The performance of five ML models was evaluated across multiple configusétions
input featuresRandom Forst (RF) and eXtreme Gradient Boosting (XGB) emerged as#te
robust models, achieving high accuracy and low error rates. Incorporasitg data significantly
enhanced model performance, I mproving RFO0Os R]J
0.78, demonstrating the effectiveness of this approdubk.wWork establishes a novel pathway for
reattime vertical surface roughness prediction and provides a foundation for improved quality

control and optimization in additive manufacturing processes.
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4.2. Methods and Data Preparation
4.2.1. Experimental Design Strategy

In this study, parts were fabricattdm Ti-6Al-4V powderusinga LPBF process. Manufacturing

was performed on an EOS M290 LPBF machine, utilizing a fixed layer thickness, a rotated stripe
scanning strategy, and a zevalth stripe, without contour scanning, skin, or pesgposure A
systematic variation of process parameters, including laser power, scanning speed, and hatch
distance, was employed to achieve a wide range of surface roughness characienissies.
parameters wenefinedbased on a Volume Energy Density (VED) ranging from 25 to 50 J/mm3
calculated athe ratio of laser power to the product of process speed, hatching distance, and layer
thickness. This range was selected to ensure the integrity of the fabricated parts while minimizing
common defects such as lack of fusion, overheating, and craf&ihg[98]. This refinement
resulted in 21 unigque parameter combinatiofs.ensure statistical reliability and account for
external factors such as part location onlibhigd plate and the influence of spatter, each process
configuration was replicated, resulting in a total of 42 samples. A summary of the selected process
parameters and their corresponding VED values is presentédbie 4-1, while Figure 4-1

illustrates the location of each part on the build plate along with its duplicate.

Table4-1. Process parameters and corresponding VED valoalsulated usingo ‘OO 2 (layerthickness t

=0.04 mm)

Part Power | Scanning Speed Hatch Distance VED

Name P) (V) [mm/s] (h) [I/m

[(w] [(mm] m3]

P1 125 1000 0.08 39.06
P2 125 1000 0.10 31.25
P3 125 1250 0.06 41.67
P4 125 1250 0.08 31.25
P5 125 1250 0.10 25.00
P6 125 1500 0.06 34.72
P7 125 1500 0.08 26.04
P8 150 1000 0.08 46.88
P9 150 1000 0.10 37.50
P10 150 1250 0.06 50.00
P11 150 1250 0.08 37.50
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P12 150 1250 0.10 30.00
P13 150 1500 0.06 41.67
P14 150 1500 0.08 31.25
P15 150 1500 0.10 25.00
P16 175 1000 0.10 43.75
P17 175 1250 0.08 43.75
P18 175 1250 0.10 35.00
P19 175 1500 0.06 48.61
P20 175 1500 0.08 36.46
P21 175 1500 0.10 29.17
Re-coater

P1 P19 P3 P15 P5 P17 P7
A A A A A A A
P12 P2 P13 P4 P16 P6 P11
A A A A A A A
P8 P20 P10 P21 P9 P18 P14
A A A A A A A
P16 P6 P5 P11 P19 P13 P1
B B B B B B B
P4 P7 P17 P14 P12 P3 P10
=} =} =} =} =} =} B
P15 P9 P18 P8 P2 P20 P21
B B B B B B B

Figure 4-1. Layout of part locations on the build plate for replicates A and B. As an example, part 2 (replicates A and B) is
highlighted.

Gas flow

To further enhance dataset robustness and ensure consistency in sample fabrication, the build
plate was reproduced undidre sameorocess conditions, yielding an additional 42 péBtsild
Plate 2) This duplication minimized variability and provided a comprehensive dataset of 84 parts

for subsequent analysis.
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It is worth noting that this study complements our prior work by shifting the focus from top
surface roughness to vertical (side) surface roughness, further expanding the understanding of
surface characteristics in LPBFocessed parts. For a more detail@escription of the

experimental design and methodology, refer to our previous Eijidy
4.2.2. Data Acquisition and Measurements

After designing the experiment, a tv8tep proceswrasemployed to collect data for subsequent
use in ML models as inputs and outputs. The first step indalgattime collection of light
intensity data during the printing process using a photodiode sensor. Measuneereritdken

from all four vertical sides of each part (Front, Left, Back, and Right). After preprocessing this
data, itwasutilized as the input for the ML model.

The second step, conducted ppshting, involvael measuring the surface roughness of all four
sides of each part. These measurememrteconsidered as the output of the ML model. Further

details on these two steps are provided in the following sections.

4.2.2.1. In-Situ Monitoring of Light Intensity (Photodiode Sensor Measurements from Vertical
Side® Front, Left, Back, and Right)

This study employed a commercial-aris photodiode integrated into the EOS M290 system to
record light intensity signals in real time. The photodioderates at a sampling rate of 60 kHz,
capturing light intensity within a wavelength range of I/ID nm[65]. During the printing
process, light intensity data are collected from the melt pool for each layer, a process referred to as
Melt Pool Monitoring (MPM). These data include the recorded light intensity values alongside the
corresponding xand ycoordinateskigure4-2 schematically illustrates the light intensiigllected

for several layers, showing how datapoints are distributed acrossytiptare of the melt pool.

Each layer contains approximately 36,000 data points.

In our previous study, which focused on top surface roughness, the light intensity data from the
last three layers (spannitige entire layer area) were considefddwever, this study shifts focus
to side surfaces, where light intensity data are collected from specific depths near the edges of some
sequential layers. This parameter is defined as the "Edge Margin Zone" (EMZ) and introduced to

capture relevant edge ddbor side surface roughness analysis.

Figure 4-2 focuses on the Front Side as an example. To predict the surface roughness of the

Front Side, the light intensity data from layers within a speEifZ relative to the "front edge”
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of each layer areollected.The same process is repeated for the other three sides (Left, Back, and

Right), with the respective EMZ values applied near their corresponding edges.

_coate’ Gy ~ Edge Margin Zone
‘yw) ) (EMZ)

MPM Signals of Separated MPM Signals from
Each Layer Front Side of Each Layer

Figure 4-2. Schematic of light intensity data collection during Melt Pool Monitoring (MPM), showing datapoints
recorded across the-x plane and the concept of the Edge Margin Zone (EMZ) foFithiet Side.

The number of sequential layers depends on the area of interest. For instance, this study focuses
on the top 5 mm of the parts (equivalent to the last 125 layers). Thus, the light intensity data for
the top 5 mm of each side surface are used. If anotbay suich as the lower section, needs to be

analyzed, the corresponding layers for that aegde considered.

A critical questionconcernsthe optimal EMZlength To address this, 10 different EMZ
dimensionver e i nvestigated: 40, 80, 120, 160, 200,
correspond to 1 to 10 times the |l ayer thickne:

Figure4-3illustratesthe EMZconcept and its relationship with data collection. The schematic
depicts three EMZ values (120, 280, and 400 e
the edges of the layers. As the EMZ increases, the data density also increases, reflcierg a
number of datapoints being stacked together. Different sides (Front, Left, Back, and Right) are
color-coded red, blue, cyan, and green, respectidelio represent the data collected from each
side.The schematic specifically highlights the top 5 mm of the parts for clarity.

61



Stacked MPM Signals at Specific EMZ

125Layers
125Layers
125Layers
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125Layers
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~

2800 m
125Layers

Analysis of10 Different
Edge Margin Zone (EMZ)

Z (mm)

EMZ

EMZ
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Figure 4-3. lllustration of the Edge Margin Zone (EMZ) concept with three values (120, 280, ard®darked
with (*). Color coding (red for Front, blue for Left, cyan for Back, and green for Right) represents the data collected
from each side, highlighting thegd mm of the part

After stacking, the data for each sate converted into a oftBmensional (1D) signal (i.e., data
array) through a process known as "flattening," as showigure4-4. This process organizes the
datapoints sequentially from the bottom to the top layer of the area of interesichEmatic in
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Figure 4-4 demonstrateshow the 2D layered data transform into a continuous 1D signal,
highlighting both the structure and inherent noise in the data. The example focuses on the Front

Side, but the same procedure is applied to the other three sides.
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Figure 4-4. Flattening process to convert 2D layered data into a continuous 1D signal, shown for the Front Side as a
representative example and sequentially ordered from the bottom to the top of the area of interest.

The resulting 1D signal contains noise, making it unsuitable for direct use in the ML models.
To address this, feature extraction methods are employed to derive meaningful characteristics from
the signal Figure4-5 outlines this process, where the 1D signal for each side undergoes feature
extraction to compute both tirddmain and frequenegomain features. These extracted features
serve as the inputs for tiML model. For instance, timdomain features may include statistical
measures such as mean, variance, and skewness, while freqoemaiy features may involve
dominant frequencies or amplitude. Details of these feature extraction methatzbarated in

Section4.2.3
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Figure 4-5. lllustration of the feature extraction process (input) and surfacghness measurement (output) for the
top 5 mm of the part. Input: Tirdomain and frequenegomain features extracted from the 1D signal of each
vertical side. Output: Representative Sa values averaged from five discrete points per side, serving dsIML mo

outputs.
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4.2.2.2. Surface Roughness Measurements (Sa values collected from vertical dsiflent,
Left, Back, and Right)

The second stage of data acquisition focused on measuring surface roughness from the vertical
sides of the parts. Theseasurements were performed using a Keyence Laser Scanning Confocal
Microscope (LSCM) with a 20x objective lens. LSCM is a+gontact, nordestructive technique
capable of measuring roughness, height profiles, and film thickness with nanteveler
resoltion on various shapes and materials. Unlike conventional widefield microscopy, LSCM
provides enhanced deptif-field control, supports serial optical sectioning of thick specimens, and
generates highesolution 3D structural imagef7], [69]. Among varioussurface texture
parameter$71], such asSq(root mean square height, measuring overall surface deviattems),
(arithmetical mean height, representing the average height of the susia@eaximum height of

the surface, representing peakvalley distance), andSsk (skewness, describing surface
asymmetry),Sawas selected as the surface roughness parameter for this Stuglpvides a
straightforward, robust measure of the average height variations over a given area, making it well
suited for capturing general surface charactessdind ensuring comparability across studszs.

was calculatedsingfollowing equation

T o Agr o
Yw 5 W U N O Qw Equation4-1

where A is the evaluation area (the region over which roughness is assess&,\gixithe
deviation of the surface height from the mean plane at a given pqsiyan

As the area of interest was the top 5 mm of the parts, measurements were performed on this
region for all four vertical sides (Front, Left, Back, and Right). To ensure a representative and
reliable estimation of the surface's overall roughness, five tispants were selected on each
vertical side (se€igure4-5). TheSavalue was calculated for each point, and the average of these
five points was used as the representafiagalue for each side. These representafiagalues
serve as the output variables for the ML models.

4.2.3. Feature Engineering Techniques

Based on the data collecttd the vertical sides using the photodiode sensortlartconverting
it into a 1D signal, significant and meaningful features must be extracted to serve as inputs for the

ML model. Directly using the entire signal, particularly in the presence of noise, can result in
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inefficiencies and reduced model accuracy. Feature extra@imwn as data miningdlays a

crucial role in isolating relevant information from the signal, thereby enhancing the model's
predictive performancé&.or onedimensional signals, such as time series or sensor outputs, features
can be extracted from both the time and frequency domains, each offering unique insights and
implications

Time-Domain Features

Time-domain analysis examines the signal's behavior over time, capturing trends, peaks, and
statistical properties. Key featurésclude Mean, Variance, Standard Deviation, Maximum,
Minimum, Root Mean Square, Skewness, Kurtosis, and Autocorre[88p100]. Additionally,
clustering techniques like Selirganizing Maps (SOMs) help identify patterns and anomalies by
grouping similar signals.

Frequency-Domain Features

Frequencydomain analysis, often using the Fourier Transform (FT), reveals periodic components
and energy distribution across frequencies. Key features include Power Spectral Density (PSD),
Dominant Frequency, Spectral Centroid, Bandwidth, Spectral Fitiamonic Ratios, and
Amplitude[101].

By integrating features from both domains, a comprehensive signal analysis is achieved, leading
to improved modeling. This study evaluated various feature combinations for predictive accuracy
using coefficient of determinatioiiR? and Root Mean Squared ErrqRMSE) metrics. Cross
validation ensured robustness, with models tested on unseefM ldatmost relevant feature set
identified:

V Time-Domain Features Clustering (using SOMs)Variance, Standard Deviation,
Skewness, KurtosigndAutocorrelation.

V FrequencyDomain Features Dominant Frequency and Amplitude.

This approach demonstrated the importance of integrating features from both domains to
achieve accurate and insightful signal analysis, ultimately enhancing predictive performance in

manufacturing applications.
4.2.4. Development of the Machine Learning Model

Following the extraction of features, the inputs and outputs required for the ML model were
defined, enabling the development of its structure. This section presents the framework of the ML
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model, providedbrief definitions of the implemented models, and elaborates on thespléatang

and training workflow in detail.
4.2.4.1. Machine Learning Framework

As described in the Introduction section, one of the quality assurance technigissrexsitu
monitoring, where redime information during the process is unavailable. In the context of surface
roughness prediction, this approach typically involves developiil amodel that uses key
process parameters as inputs and surface roughness as the output. This model can subsequently be
employed to predict surface roughness based solely on process parakWiéFsprocess
parameters such as laser power, Ina@listance, scanning speed, and VED significantly influence
surface roughness, external factors also play a critical role. Variables such as spatter deposition,
re-coater movement, and argon gas flow direction introduce additional variability, causing
fluctuations in surface roughness across different regiondfarore relying solely on process
parameters results in the same predicted surface roughness for all vertical sides; however, the actual
surface roughness of different vertical sides often vades to these external factors.
Consequently, this conventional approach, based only on process parameters, may lack reliability

and accuracy.

To address these limitations, incorporating the discussetimeaprocess information offers a
more robust solution. In this study, as illustratedrigure 4-6, an insitu surface roughness
prediction model for vertical sides is proposed. The features extracted from light intensity signals,
obtained through MPM, were combined with key process parameters to enhance the robustness
and accuracy of the model. Unliklhe conventional method, which utilizes only process
parameters, the proposed approach integrates extracted features from both-twent@imeand

frequencydomain of insitu light intensity signals.

The key process parameters used in this study include power, hatch distance, scanning speed,
and VED. By incorporating Hsitu features, the model accounts for additional process variations,
leading to improved predictive performance. The impact of thisaeeement on the model
accuracy and reliability will be discussed in detail in the sedtiB(Results and Discussion). One
of the significant advantages ofsitu prediction is the potential for adaptive process control. By
predicting vertical surface roughness in real time for the region of interest, any deviation from the

desired range can prpt adjustmentso process parameters for subsequent layers. This iterative
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adjustment enables monitoring of progress and refinement of surface quality during the

manufacturing process.

To implement the predictive modeling approach, fMe models were selected: eXtreme
Gradient Boosting (XGB)102], Random Forest (RAL03], Support Vector Regression (SVR)
[104], Gaussian Process Regression (GRB3], and Feedforward Neural Network (FNND6].
These models were chosen for their diverse strengths, allowing for a comprelcengpagison

of predictive performance and robustness in handling both process parametersiani@atures.

XGB, a gradienboosting algorithm, is webuitedfor capturing complex patterns and offers
high predictive accuracy with builh regularization to reduce overfitting. However, it requires
careful hyperparameter tuning and can be computationally intensive. RF, an ersaseble
method, is effective fonigh-dimensional data and robust to overfitting, but it is less suitable for
extrapolation and can be computationally expensive with large datasets. SVR excels at modeling
nontlinear relationships, espedialwith small datasets, but it requires feature scaling and may
struggle with larger datasets due to increased computational demands. GPR, a probabilistic model,
provides both predictions and uncertainty estimates, making it valuable for cases wheemcenfid
intervals are needed, but its scalability is limited due to its cubic computational complexity with
larger datasets. Finally, FNNs offer high flexibility for modeling intricate -inoear relationships,
but they demand significant computational resesa and large datasets to perform effectively
without overfitting[93], [107]. By employing these diverse models, this study ensures a robust
evaluation of predictive performance, enabling the identification of the most effective approach for

surface roughness prediction under varying conditions.
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Figure 4-6. Conventional vs. proposedethods for surface roughness prediction: process parameters only vs. process
parameters with irsitu features, including timdomain and frequenegomain features extracted from light intensity
signals (MPM).

4.2.4.2. Dataset splitting andPreprocessing

To develop a ML model, it is crucial to train the model on a subset of data and evaluate its
performance on an unseen subset. This approach ensures the reliability and generalizability of the
model. The dataset used in this study consisted of 336 data points, dexaeifpartswith 42

parts in each of twbuild plates, andour distinct vertical sider each part
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To split the dataset, 80% of the data (268 data points) was allocated to the training set, and the
remaining 20% (68 data points) was reserved for the testing set. While the splitting was performed
randomly, it was verified to ensure that the distributbdata points from each vertical side in the
test set wasloselyproportional to that in the training set. This approach ensures a more reliable

and realistic representation of the data, preserving the balance across different categories.

Given the observed variations in scale within the dataset, standardization was applied to ensure
consistent feature scaling. Standardizaaoljusts features so that they have a mean of 0 and a
standard deviation of 1, as defined by the formula

) w_A Equation4-2
wherepi s t he niethkerstanglardiviation of the data. This preprocessing step was
critical for achieving optimal model performance by ensuring that all features contributed equally

during training.
4.2.4.3. Model Training Workflow and Hyperparameter Optimization

The overall model training ard/perparameter optimization procesdlustrated inFigure4-7. It
outlines the stepy-step workflow, starting from data loading and feature engineering to the final
evaluation of model performanc€able4-2 lists the selected hyperparameters, along with their
brief definitions and the ranges explored for each model. During the optimization process,
measures were taken to mitigate overfitting by avoiding excessively complex model

configurations. The table @dighlights the final chosen value for each hyperparameter.

To achieve these final hyperparameter values, the following systematic optimization process
was followed: Initially, the train and test datasets were loaded, and feature engiveasing
performed to extract relevant features from both the time and frequency domains. Random search
was first employed with 100 iterations, where hyperparameter values were randomly selected
within predefined ranges, and the best configuration was idehbifised on the highest R? value
using crosssalidation (CV). A threshold Rvalue of 0.7 was set, as achieving 70% accuracy in
predicting surface roughness in LPBF processes is considered reasonable given the complexity of
the process and influencing fact@$ [108], [109] If the R2 was below this threshold, the feature
engineering process was revisitedgmove the irrelevant features and gaddentiallysignificant
missed featuregOnce the R2? exceeded the threshold, additionattlineng was performed by
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adjusting the range of hyperparameters in the

R2 value was achieved.

Following this, Bayesian optimization was applied to refine the hyperparameter configuration
further. This method defined a narrower range around the optimal values identified by random
search and used a probabilistic model to explore the hyperparamater sfficiently. The
optimization process was repeated iteratively until the highest R2 value was obtained. The final
optimized hyperparameters were then evaluated on an unseen test set, and R? values from CV and
the test set were compared to check forrfittieag. If overfitting was detected, either the process
was restarted from feature engineering, or hyperparameters were further tuned using random
search. When no overfitting was observed, the final optimized configuration was seldised.
procedure is repeated for all five models under considefafiddB, RF, SVR, GPR, and FNN.

The systematiapproach ensures that the models are trained and tuned to achieve optimal

performance while minimizing the risk of overfitting.
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Figure 4-7. Flowchart of the model training and hyperparameter optimizgti@cess.
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Table4-2. Hyperparameters explored for eabi. model, their definitions, ranges, and final selected values used in

this study.
ML Hyperparameters | Description Parameter Space Final Value
Model (Random Search) (Bayesian Optimization)
XGB n_estimators Number of boosting 100-1000 686
rounds
max_depth Max tree depth 3-16 13
learning_rate Step size for updates [0.01, 0.1, 0.2] 0.01
subsample Fraction of samples for | [0.7, 0.8, 0.9] 0.7
training each tree
colsample_bytree Fraction of features for [0.7, 0.8, 0.9] 0.7
each tree
RF n_estimators Number of decision trees| 1001000 660
max_depth Max tree depth 5-50 45
min_samples_split Min samples to split a [2, 5, 10] 2
node
min_samples_leaf Min samples at a leaf nod [1, 2, 4] 1
max_features Max features for tree ['sqrt', 'log2] 'log2'
splits
SVR Kernel Kernel function type [linear', 'poly', 'rbf',sigmoid] | 'rbf'
C Regularization parameter| 103 - 10° 1.36
epsilon Insensitivity parameter fo 0.01- 0.5 0.39
error
degree Degree for polynomial [2,3,4,5] 5
kernel
gamma Kernel coefficient ['scale’, 'auto’] ‘auto’
GPR kernel Combination of Constant | [C(1, (10% 1) * RBF(1, C(1.59) * RBF
and RBF kernels (108, 109), C(1, (164 10%) * | (length_scale=3.06)
RBF(10, (16, 10))]
alpha Noise level [107%, 102, 108, 109 0.11
n_restarts_optimizer | Number ofoptimizer [0,1,2,3] 0
restarts
FNN hidden_layer_sizes Neurons in hidden layer | 50-200 66
activation Activation function ['relu’, 'tanh’, 'logistic’] ‘tanh’
solver Optimization algorithm ['adam’, 'sgd'] 'sgd’
alpha Regularization parameter| [0.0001, 0.001, 0.01] 0.09
learning_rate Learning rate schedule | ['‘constant', 'invscaling', ‘constant'
‘adaptive’]
batch_size Mini-batch size ['auto’, 64, 128] 64
max_iter Max iterations (epochs) | [200, 400, 600] 489
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4.3. Results and Discussion
4.3.1. Distribution of Surface Roughness $a Measurement

The surface roughnesS4g distributions shown ifrigure4-8(a) andFigure4-8(b) reveal distinct
patterns across the four vertical sides (Front, Left, Back, Right) of the build plates. For Build Plate
1, the Right Side exhibits a narrow distribution with a high peak arountbl4m, indicating a

more uniform surface roughness orsthide. In contrast, the Front and Left Sides show broader
distributions with lower peaks, spanning a wider rangeSafvalues, which reflects greater
variability in surface roughness. The Back Side follows a similar broader pattern to the Front and
Left Sides but is distinctly shifted toward higtgavalues, frequently peaking around 18 pm,
suggesting that this side is more affected by external influences. Build Plate 2 exhibits similar
trends but with slightly lower peak magnitudes, suggestingtieatriocess is generally consistent
across build plates, with minor deviations due to build ppeific factors. The variations in
distribution width and peak position among the sides highlight the role of external factors, such as
heat dissipation dir¢ion, gas flow, or the presence of spatter, in surface roughness formation.
These observations emphasize the importancesifurmonitoring for capturing siegpecific and

build platespecific variations. By incorporating extracted features from phaledéensor data,

the ML model can achieve improved predictive accuracy by accounting for ¢xésenal
influences, which are otherwise overlooked when relying solely on process parameters.

Distrebution of Surface Roughness (Sa) across Different Sides
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Figure 4-8. Surface roughness (Sdijstributions for the four vertical sides (Front, Left, Back, Right) of two build
plates: (a) Build Plate 1, (b) Build Plate Zhe Right Side shows a narrower, more uniform distribution, while the
Front, Left, and Back Sides exhibit broader distributions, with the Back Side shifted toward higher roughness values.
Differences between build plates highlight the influence of extéangdrs.
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4.3.2. CrossValidation Analysis

During model training, crosgalidation was employed to evaluate performance, as described in
Section 4.2.4.3 Crossvalidation is a statistical technique used to evaluate the predictive
performance of a model by splitting tirinset into multiple subsets (or folds). The model is
iteratively trained on a portion of the folds and validated on the remaining ones. This ensures that

the evaluation is robust and minimizes the influence of random fluctuations in the data.

As explained earlier, the input features included three groups: process parameteigpiaire
features extracted from MPM, and frequeigmain features from MPM. Among the time
domain features, "Clustered Light Intensity” was used due to its demonstfégetiveness in
photodiode signal processiijg], [66]. The study employed the Sédrganizing Map (SOM)
algorithm to cluster the light intensity data. SOM is an unsupervised learning algorithm designed
to cluster input data by organizing it into a grid of nodes, where each node represents a group of
similar data points. For the ordimensional light intensity signal used in this study, SOM clusters
the data into a 1 x N grid@5], [76]. The centroid of each cluster, representing the average of the

assigned data points, is then used as a feature in the "Clustered Light Intensity" group.

To determine the optimum number of clusters (N) for light intensity data, eight different cluster
numbers (N = 3 to 10) were tested. Additionally, the study evaluated the EMZ parameter, which,
as mentioned before, defines the distance from the edge pduthesed in feature extraction. Ten
EMZ values ranging from 40 pm to 400 pum (in 40 um intervals) were analyzed. This resulted in
80 conditions (8 values of N x 10 values of EMZ) being tested usfolyl £rossvalidation. For
each condition, the averagé @vhich should be high) and standard deviation of R2 (which should
be low) were calculated. Due to the computational expense efufiiieg hyperparameters for
these 80 conditions, this step was performed only on two models (XGB and RF) out of the five
models evaluated in this study (XGB, RF, SVR, GPR, NN). These models were selected for their
proven high performance and efficiency in handling complex datasets. This selective approach

balanced between computational efficiency and the need for robusatemalu
The results are presentedrigure4-9 while revealing the following observation:

1) XGB Model: The best performance, with a high average R? and low standard
deviation of R2, was achieved at an EMZ120 pum and lower cluster numbers (N $03
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5). This indicates that fewer clusters and a moderate edge margin lead to more accurate and
stable predictions of surface roughness.

2) RF Model: An interesting trend emerges, where the best performance is achieved
as the parameters approach an EMZ of 120 um and N = 3. This trend highlights the strong
correlation between these parameters and improved model performance, suggesting that
focusing onsmaller clusters and this specific edge margin yields consistent and reliable

results.

These findings confirm that an EMZ of 120 um, corresponding to three times the layer thickness,
is the optimal region of the vertical sides to consider for feature extraction. The results across both
models (XGB and RF) validate the choice of EMZ = 120 aamd N = 3 as the most effective
parameters. Consequently, all subsequent analyses and prediction in this study are based on these

optimal values.
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Figure 4-9. Evaluation of average R2 and standard deviation of R2 across different cluster numbers (N) and edge
margin zones (EMZ) usingfdld crossvalidation for (a) XGB and (b) RF models. Optimal performance is achieved
at EMZ = 120 um and N = 3, indicating the most accurate and stable predictions for surface roughness.
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Figure4-10shows the violin plots of Rz and RMSE distributions for the five models (XGB, RF,
SVR, GPR, and FNN) based orddd crossvalidation with EMZ = 120 um and N = 3. The plots
highlight both central tendency and variability in model performance. For R2, acBiRves the
highest median and smallest interquartile range (IQR), demonstrating superior predictive accuracy
and consistency. RF follows closely, with a slightly lower median and marginally wider IQR, while
GPR shows a competitive median but greateabdity. SVR and FNN exhibit lower medians and
broader distributions, indicating reduced accuracy and consistency. For RMSE, XGB and RF show
low medians and tight IQRs, confirming strong performance in minimizing prediction errors. GPR
achieves the lowestedian RMSE but shows higher variability, while SVR and FNN demonstrate
higher medians and broader spreads, reflecting less reliable predictions. Overall, XGB is the best
performing model, combining high R2, low RMSE, and consistency across folds. RWwsfollo
closely, offering comparable accuracy and reliability. These findings validate the selection of XGB
and RF for determining optimal EMZ and N values in earlier analyses, as their stability and
predictive power distinguish them from the other models.
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Figure 4-10. Violin plots of R? (a) and RMSE (b) for five models uskfiglé crossvalidation with EMZ = 120 pum
and N = 3. XGB and RF achieve the highest accuracy and lowest error with minimal variability, outperforming the
other models.
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433. Model s6 Performance Evaluation on Unseen T
4.3.3.1. Coefficient of Determination (R2) Analysis

To evaluate the performance of the models, an unseen test set was used to assess generalizability
and accuracy. It is well known that R2 values closer to 1 indicate better model performance and a
stronger correlation between predictions and actual vafigste4-11 presents the R? values for

each model on the unseen test set, alongside residual plotsS@fueredictedSg to provide

further insights into the models' performance. A threshold of £10% of th&awaue is shown

in the residual plots to evaluate prediction accuracy. Residuals falling within this range suggest
acceptable model performance, while residuals close to zero indicate more precise predictions. As
shown in the figure, all models achieve Riues above 74%, demonstrating strong predictive
capabilities within the LPBF context that is usually considered as extremely complex prabess wi
many anomalies. Among them, RF and GPR perform slightly better, with R2 of approximately
78%. However, the residual plots reveal that the RF model stands out, with the fewest residuals
approaching the +10% threshold, highlighting its ability to mairttégh accuracy across the test

set. While other models also perform well, their residuals show more variability, with a greater
number of data points approaching the threshold. Although XGB has a slightly lower R2 value than
RF and GPR, its performance rams competitive, consistent with earlier crosdidation

analysis. Overall, the RF model demonstrates the best balance of accuracy and consistency on the

test set, confirming its suitability for surface roughness prediction.
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Figure 4-11. Predicted vs. true Sa values (a, ¢, ghcand residual plots (b, d, f, Im) for XGB, RF, SVR, GRRnd
FNN models on the unseen test set. RF achieves the highest consistency with the fewest residuals near the £10%
threshold, highlighting its superior predictive accuracy.
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