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Abstract 

Controlling and optimizing surface roughness remains a significant challenge in Laser Powder 

Bed Fusion (LPBF), as roughness profoundly influences fatigue life, mechanical performance, and 

post-processing (e.g., machining) costs. While in-situ monitoring has emerged as a key approach 

for real-time defect detection, predicting surface roughness, particularly for both top and vertical 

surfaces of parts being printed, remains underexplored. Existing studies predominantly rely on 

camera-based methods, which usually suffer from the limitations such as lack of viewability of 

vertical surfaces covered by loose powder particles in LPBF, sensitivity to ambient light, resolution 

constraints, and the need for additional optical equipment. This research pioneers a novel 

photodiode-based in-situ monitoring framework integrated with machine learning (ML) algorithms 

to predict surface roughness in real-time for both top and vertical surfaces of LPBF-printed parts.  

For top surface roughness prediction, the methodology involves capturing light intensity signals 

from the melt pool using an on-axial photodiode, incorporating additional process parameters, and 

training multiple ML models to predict surface roughness at a fine spatial resolution (690 µm × 

510 µm), 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 the first-ever in-situ framework 

using photodiode signals to overcome challenges posed by loose powder coverage, which obstructs 

conventional sensing techniques. Key time-domain and frequency-domain 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) demonstrated the highest accuracy and lowest error rates. 

Incorporating in-situ data significantly improved RFôs performance, increasing RĮ from 0.35 (using 

process parameters alone) to 0.78, confirming the effectiveness of this approach.  

This research introduces an innovative pathway for real-time surface roughness prediction in 

LPBF, enabling enhanced quality assurance, process optimization, and defect mitigation. The 

integration of photodiode signals with advanced ML algorithms enables precise, on-the-fly 

assessment of both top and vertical surfaces, enhancing the ability to detect and address 

irregularities as they occur. By addressing the limitations of traditional camera-based methods, this 

photodiode-ML framework provides a fast, adaptive, and scalable solution for real-time surface 
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monitoring, paving the way for more advanced quality control strategies, and promising greater 

reliability and consistency in the production of high-performance 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 reducing costs 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 post-processing methods are often necessary [1], [2]. Interestingly, in 

some applications such as heat exchangers and biomedical implants, controlled surface roughness 

can be advantageous, improving cooling performance and osteointegration. 

Surface roughness in LPBF consists of two critical aspects: top surface 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 dross formation. This lack of attention is primarily due to the inherent 

difficulty of monitoring vertical features in real-time, as conventional optical methods struggle 

with visibility constraints imposed by powder layers. 

To ensure part quality, two primary quality assurance approaches are employed in LPBF: ex-

situ inspection (post-process measurement) and in-situ monitoring (real-time defect detection). In-

situ monitoring is particularly advantageous as it provides real-time feedback, allowing for 

immediate process parameter adjustments such as laser power and scan speed, to mitigate defects 

as they arise. This approach enhances production efficiency, reduces post-processing costs, and is 

increasingly becoming integral to industry certification workflows [3], [4]. 

Existing in-situ monitoring methods predominantly rely on cameras, which have been 

extensively used for defect detection, melt pool analysis, and geometric accuracy assessment. 

However, camera-based systems are limited by trade-offs between field of view and resolution, 

sensitivity to ambient light, and the requirement for controlled lighting conditions. Additionally, 

camera images are often large in size and require significant data reduction to extract relevant 

features. Moreover, cameras are incapable of capturing vertical surface roughness, as powder 

layers obscure vertical features, making direct visual assessment impractical. 
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This research directly addresses these critical gaps by introducing a novel photodiode-based in-

situ monitoring system for both top and vertical surface roughness assessment, marking 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 offer higher sampling frequencies, 

robustness in dusty environments, and the ability to detect light intensity variations that correlate 

with surface roughness formation. Their adaptability for reflective materials like titanium and 

copper makes them particularly suitable for LPBF applications, when optical monitoring faces 

limitations. 

By addressing these gaps, this research not only advances in-situ monitoring capabilities in 

LPBF but also sets a foundation 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 real-time has profound implications for the AM industry, enabling enhanced 

part functionality while reducing reliance on costly post-processing techniques. 

1.2. Objectives 

The primary objective of this study is to develop an in-situ prediction platform for both top and 

vertical surface roughness using photodiode signals during LPBF. This study pioneers two key 

innovations in in-situ monitoring: 

1. Photodiode-based in-situ monitoring of top surface roughness ï While prior studies have 

exclusively used cameras for this purpose, this research introduces a photodiode-driven 

approach, leveraging its ability to capture real-time surface signatures with higher efficiency 

and adaptability. Unlike previous methods that measured roughness in selected areas, this 

study predicts surface roughness at a fine resolution (690 µm × 510 µm) across the entire top 

surface, capturing critical variations including edges and corners, for a more comprehensive 

and accurate roughness assessment. 

2. First-ever in-situ monitoring of vertical surface roughness ï Unlike top surface roughness, 

vertical roughness has received minimal attention, and no existing studies, whether camera-

based or otherwise, have successfully implemented a real-time monitoring technique. This 
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work establishes a photodiode-based method capable of detecting side light intensity 

variations, enabling vertical roughness estimation for the first time. 

Figure 1-1 and Figure 1-2 illustrate the graphical abstracts of the first and second objectives, 

respectively. To achieve these objectives, the following steps were pursued: 

¶ 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. 

¶ Preprocessing light intensity data collected from an in-situ co-axial photodiode and extracting 

key features. 

¶ Measuring surface roughness for both top and vertical surfaces using a laser scanning 

confocal microscope. 

¶ Applying machine learning algorithms to correlate photodiode signals with measured surface 

roughness. 

¶ 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 categorized into four classes. This methodology enables Sa class predictions for every 

small area (690 µm × 510 µm) of the top surface, including edges and corners across each layer. In this illustration, 

while the layer is incomplete, the model predicts the Sa class for the printed area, with the remaining regions awaiting 

data to complete the prediction map for that layer [5] . 
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Figure 1-2. Graphical illustration of the second objective of the present study. By selecting any vertical side and any specific region 

of interest along that side, light intensity signals are collected from areas near the edges of the chosen region. Through signal 

processing, key features are extracted and integrated with essential process parameters to predict the surface roughness of the 

vertical side within the specified region of interest. 
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1.3. Thesis Outline 

The thesis is comprised of five chapters. Chapter 1 introduces the motivation for the study, the 

challenges faced, and the objectives outlined. Chapter 2 presents a comprehensive literature 

review, covering challenges in LPBF and the in-situ monitoring techniques used in LPBF. It 

further discusses previous research on both ex-situ and in-situ surface roughness prediction for 

both top and vertical surfaces. Chapter 3 details the development of an in-situ platform for top 

surface roughness prediction using various ML algorithms and a photodiode sensor in LPBF. 

Chapter 4 outlines the experimental procedures and ML model 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: 

ü Chapter 3 is a journal article published in the Journal of Additive Manufacturing: 

Sahar Toorandaz, Katayoon Taherkhani, Farima Liravi, Ehsan Toyserkani. A novel 

machine learning-based approach for in-situ surface roughness prediction in laser 

powder-bed fusion. Additive Manufacturing, 2024. 

ü Chapter 4 is an article that has been submitted to the Journal of Manufacturing Systems: 

Sahar Toorandaz, Farima Liravi, Osazee Ero, Ehsan Toyserkani. A Pioneer Machine 

Learning-Driven Platform for In-Situ 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.
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Chapter 2. Literature Review and Background 

2.1. Abstract 

LPBF, a type of Additive Manufacturing (AM) 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. Real-time monitoring using in-situ sensors 

and machine learning has become essential for enhancing process understanding and improvement. 

This chapter provides an overview of LPBF, and the common defects found in fabricated parts. It 

also briefly discusses in-situ monitoring and machine learning techniques in 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 by layer using 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 is powder bed 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 re-coater and selectively scanning each layer with a laser or electron beam. 

PBF is categorized into laser powder bed fusion (LPBF) and electron beam powder bed fusion 

(EPBF), depending on the energy source used. 

LPBF is among the most widely used AM techniques due to its ability to process a broad range 

of metallic materials and produce high-density, high-quality complex parts [6]. Its versatility makes 

it a preferred choice for manufacturing industries across various sectors. 

2.3. Defects and Process Challenges in 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 product. The formation of these defects in metal 

LPBF processes is influenced by various parameters, including laser power, scanning speed, scan 
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strategy, hatch spacing, re-coater speed, and gas flow [7], [8]. Defects in 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 other hand, result in increased roughness, affecting surface quality, 

dimensional accuracy, and fatigue resistance. Table 2-1 presents examples of common defects in 

LPBF. 

Extensive research has been conducted to improve part quality through trial-and-error methods 

and process parameter optimization. However, these approaches are often costly, inefficient, and 

unable to fully address persistent challenges. Key issues, such as accurately 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, leading to unpredictable variations in part quality. Addressing these 

challenges requires innovative solutions that go beyond traditional optimization approaches to 

ensure consistent and reliable outcomes. 

Table 2-1. Different types of defects in LPBF. 

Defect 

category 

Defect 

type 

Significant formation reasons Ref. 

Volume 

Spherical 

pores 

(gas holes) 

Gas entrapment, including: 

¶ Nitrogen in starting powders 

¶ Argon trapped in the process 

¶ Evaporation of low melting elements in alloys 

[9], [10], 

[11], [12] 

Keyholes 

¶ High power and low scanning speed 

¶  Excessive volume energy density 

Irregular 

pores 

(lack of 

fusion) 

¶ Low power and high scanning speed 

¶ Very low volume energy density 
[9], [13] 

Volume 

& 

Surface 

Crack 

¶ Extensive columnar grains under high-stress conditions 

¶ Higher scan speed and scan length 

¶ Material voids during cyclic loading by acting as stress 

concentration sites 

¶ Untreated or coarsely treated powder 

[9], [14], 

[15], [16], 

[17], [18] 
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Surface 

Balling 

¶ Low laser power and high scanning speed 

¶ Low energy density 

¶ Non-preheated powder 

¶ Small particles of powder 

¶ Increase in solute oxygen in the chamber 

[16], [17], 

[19], [20] 

Lack of 

overlap 

¶ High hatch spacing 

¶ Low laser power 
[21] 

Partially 

melted-

adhered 

particles 

¶ Ejection of spatters from the melt pool (Low scanning speed 

and High laser power, leading to increased spatter 

formation) 

¶ Contact between a hot surface and un-melted powders, 

especially on the side surfaces of a part 

[22], [23], 

[24] 

2.4. Quality Assurance in 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 trial-and-error methods, in-line melt pool monitoring (MPM) devices are integrated 

into laser-based AM systems. These devices provide real-time data on key process features 

collected through sensors, enabling better control of part quality [25]. However, the massive 

amount of data generated, millions of data points per layer, necessitates the use of data mining 

algorithms for effective analysis. Therefore, real-time sensing, documenting, and analyzing these 

datasets are crucial for improving QA. Data 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 

process optimization, defect detection, and surface roughness prediction [26]. 

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 this study, along with a 

brief overview of machine learning methods. 
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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 can be classified into two categories: 

radiative and non-radiative sensors [25], which are briefly 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 process. Common types of radiative sensors include photodiodes, 

pyrometers, cameras, inline coherent imaging (ICI), and X-ray 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 detect the physical characteristics of the process without using 

radiation emission from the printed part. Examples of non-radiative sensors include 

thermocouples, acoustic sensors, and displacement sensors. In this 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 used, and its characteristics are discussed in the 

following section. 

¶ Photodiode 

In metal AM, photodiodes are extensively used because of their low cost and ability to provide 

valuable information on the process. They can monitor light emission and thermal radiation by 

converting photons into an electrical current [27], [28]. This current is dependent on the applied 

voltage, absolute temperature, Boltzmann constant, and electron charge [25].  Figure 2-1 illustrated 

a schematic of LPBF equipped with on-axis and off-axis photodiodes. The on-axis photodiode is 

aligned with the laser beam path through a beam splitter, and the off-axis is fixed and mounted on 

the roof of the building chamber. The photodiodes collect light intensity in the visible and near-

infrared ranges emitted from the melt pool [29], [30], [31], [32]. The corresponding PC also records 

and stores laser modulation and X/Y scanner position data in addition to light intensity data [33].  
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Figure 2-1. Schematic of LPBF equipped with on-axis and off-axis photodiodes [33]. 

2.4.2. Overview of Machine Learning 

Machine learning (ML) is a type of artificial intelligence (AI) 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 in machine learning systems: supervised learning, 

unsupervised learning, and reinforcement learning [34], 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 output, while a regression 

model predicts continuous output. Some of the known supervised learning algorithms 

include k-Nearest Neighbors, Linear Regression, Decision Trees, Random Forests (RF), 

Gradient Boosting (GB), and Neural Networks (NN). 

2.4.2.2. Unsupervised Learning 

Unlike supervised learning, there is no clear and complete labeled dataset for unsupervised 

learning, and it analyzes unlabelled or raw data. The objective of this approach is to explore 

the underlying patterns and predict the output. This method is a kind of self-organized 

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 method include Self-

Organizing Map (SOM), Principal Component Analysis (PCA), K-Means, and Singular 

Value Decomposition (SVD). 
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2.4.2.3. Reinforcement Learning 

The reinforcement learning technique is very different from other learning 

approaches. There is a learning system, called an agent, that can observe the environment, 

decide, take actions, and get rewards or penalties based on its choices. Then, the most 

efficient strategy, called a policy, must be determined by itself to 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 models. As previously mentioned, a key application of machine 

learning in LPBF is in-situ defect monitoring, which has been widely researched. However, real-

time surface roughness prediction remains less explored, likely due to the inherent challenges 

associated with detecting surface morphology during the printing process. Therefore, the purpose 

of this study is to develop an approach for 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. Surface Roughness Prediction in LPBF 

Surface roughness plays a significant role in the overall quality of LPBF-produced parts. It affects 

key properties such as fatigue [35], tensile strength [36], 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 either ex-situ or 

in-situ techniques. Ex-situ inspection involves post-process evaluation of printed components to 

assess quality, whereas in-situ monitoring captures real-time 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 occur [41]. 

This section reviews studies on the detection and prediction of surface roughness in LPBF, using 

both ex-situ and in-situ approaches for top and vertical surfaces. Despite advancements in surface 

roughness monitoring, a gap remains in the literature regarding in-situ surface defect monitoring 

and control, especially on vertical surfaces. 
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2.5.1. Ex-Situ Surface Roughness Prediction 

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 employed to predict surface roughness 

and optimize LPBF processing conditions. Shan et 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 ranging from 2.98 to 11.28 µm. 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 hatch distance contribute to improved surface quality [42]. Arunadevi et 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 model outperformed Bayesian learning, achieving 

100% accuracy, while the Bayesian model reached 96% accuracy. Surface roughness was classified 

as either ñGoodò (1) or ñBadò (0), though the exact classification threshold was not explicitly stated 

[43]. La Fé-Perdomo et 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 relative density, 

material hardness, and ultimate tensile strength, employing six different modeling approaches: 

Response Surface Methodology (RSM), Multi-Layer Perceptron (MLP), Support Vector 

Regression (SVR), Random Forest (RF), Gaussian Process Regression (GPR), and Adaptive 

Neuro-Fuzzy 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 regressors achieved the highest accuracy in predicting relative 

density and elongation at break, highlighting the benefits of multi-model integration for robust 

surface roughness prediction [44]. Akhil et al. investigated the surface texture of Ti-6Al-4V in the 

SLM process using image processing and machine learning. Surface texture parameters were 

extracted using first-order and second-order statistical analysis of top-surface images. Five 

regression approachesðLinear, Polynomial, Support Vector Regression (SVR), Gaussian Process 
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Regression (GPR), and Artificial Neural Networks (ANN)ðwere compared. Results indicated that 

GPR provided the most accurate surface roughness predictions, with roughness values ranging 

from 2 to 32 µm [45]. Khorasani et al. applied 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 angle, and heat treatment conditions, with an L25 Taguchi design of experiment 

(DOE) guiding parameter selection. Figure 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 increased roughness. The most influential parameters, ranked from highest to lowest, 

were heat treatment, laser power, scan pattern angle, hatch distance, and scan speed [46] 

 

Figure 2-2. Results of ANN modeling for each cross-validation. Figure reproduced from [46]. 

In a separate study, Khorasani et al. examined the effect of process parameters on surface 

roughness (Ra) and surface tension of LPBF-processed Ti-6Al-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 remained consistent across orientations, whereas roughness varied 

significantly depending on the build direction [47].  

Wang et al. applied a heterogeneous hypergraph learning framework to analyze surface defects 

in LPBF-produced 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, extracted low-dimensional 

feature representations, which were used in a variational graph auto-encoder with correction 

(VGAE-Corr) for defect prediction. The model outperformed baseline approaches in identifying 
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porosity, cracks, and unmelted powder, demonstrating the potential of graph-based learning for 

surface roughness analysis [48]. In another study, Wang et al. developed a physics-based 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 half -elliptical cap shape for the molten pool, the authors derived an 

expression for the top surface profile as a function of material properties and process parameters. 

As shown in Figure 2-3, the predicted Ra values exhibited strong agreement with experimental 

measurements, validating the cap-based analytical approach for top surface roughness prediction 

[49]  

 

Figure 2-3. Comparison between predicted and measured surface roughness Ra. Figure reproduced from [49]. 

These studies collectively underscore the importance of machine learning, statistical modeling, 

and physics-based approaches in ex-situ surface roughness prediction. While regression-based 

techniques (GPR, RF, and ANN) consistently yield high accuracy, physics-based models offer 

mechanistic insights into roughness formation. The integration of graph-based 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 LPBF-fabricated parts, it has been comparatively underexplored in the literature. 

Recent studies have sought to address this gap by investigating the effects of process parameters, 

part orientation, and scanning strategies on vertical surface roughness, employing both 
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experimental characterizations and ML models. Detwiler 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 density, summit height standard deviation, and mean summit radius. 

Surface roughness was analyzed on multiple as-built surfaces, including vertical side surfaces 

oriented along the re-coater movement and gas flow direction. Using confocal laser scanning 

microscopy (CLSM), they compared five ML modelsðk-Nearest Neighbors (KNN), Decision 

Trees, Random Forest (RF), Support Vector Machines (SVM), and Artificial Neural Networks 

(ANN)ðagainst a multivariate regression benchmark. Results showed that Decision Trees 

(interpretable) and ANN (non-interpretable) achieved the highest prediction accuracy, identifying 

thermocapillary convection and melt track overlap as key contributors to surface roughness. Their 

findings highlight that ML-based models provide effective predictive insights for optimizing 

vertical surface quality, reducing the need for extensive post-processing [50]. 

Whip et al. investigated the effect of contour laser parameters (laser power and speed) on vertical 

side surface roughness of LPBF-fabricated Inconel 718. Surface roughness was analyzed using 

both non-destructive areal measurements and destructive profile measurements, employing ISO 

25178 and ISO 13565-1 roughness 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 obscured in non-

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 fatigue-critical surface features [51]. Li  et al. explored the 

impact of energy density and part orientation on the surface roughness of AlSi10Mg LPBF 

components, analyzing both top and vertical side surfaces. Vertical side roughness was affected by 

scan strategy, gas flow, and wiper movement, with results showing that roughness initially 

decreased with increasing energy density but later increased. Optimal surface quality was achieved 

at an energy density of 175ï200 J/mm³, and a 90° scan rotation increment effectively reduced 

roughness variation 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 deposition [52]. Ozel et 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 adhesion and melt 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 most roughness parameters. Their results underscore the importance of 

optimizing scan strategies and energy input to improve vertical surface quality and reduce post-

processing requirements [53]. Masiagutova et 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 settings) process parameters on vertical roughness. As shown in Figure 2-4, the 

roughness distribution on different sides of a produced cube was analyzed. The study 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: 60ï85 J/mm³) and contour scanning strategies, vertical roughness Sa was reduced from 40 

to 10 µm. 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 parameters can significantly enhance vertical surface quality, reducing reliance on 

extensive post-processing [54]. 

 

Figure 2-4. Roughness distribution on different sides of one produced cube. Figure reproduced from [54] . 
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Rott et al. explored the interdependency between surface orientation and laser incidence in 

LPBF, introducing a novel surface laser relation angle (ɕ) to predict and homogenize surface 

roughness. Their study examined Inconel 718 samples built on an EOSINT M290 system, 

analyzing roughness variations across multiple build orientations, including 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 

maintaining a constant ɕ angle, roughness Ra was reduced from 19 ɛm to 11 ɛm, with a standard 

deviation reduction from 5 ɛm to 2 ɛm. Their findings suggest that optimizing laser incidence can 

enhance vertical surface predictability and consistency, minimizing roughness variations and the 

need for extensive post-processing [55]. 

Collectively, these studies highlight the critical influence of process parameters, scanning 

strategies, part orientation, and laser incidence on vertical surface roughness in LPBF. While 

machine learning 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 focus on integrating in-situ 

monitoring, advanced data-driven modeling, and process parameter optimization to further 

improve the surface quality of LPBF-fabricated components. 

2.5.2. In -Situ Surface Roughness 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 learning-based techniques have been 

employed to track and analyze layer-wise roughness evolution and its correlation with process 

parameters, spattering behavior, and melt pool dynamics. DePond et al. pioneered the use of high-

speed spectral domain optical coherence tomography (SD-OCT) to measure layer-to-layer surface 

roughness in LPBF-fabricated 316L stainless steel. Their study assessed the effects of scan rotation, 

spatter particles, laser power, and energy density on roughness evolution. As shown in Figure 2-5, 

scan rotation significantly reduced roughness accumulation, minimizing porosity formation 

regardless of the scan strategy. Additionally, spatter particles introduce high points in the powder 

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, while low-energy density conditions 

promote balling and capillary-driven coalescence, both of which degrade surface quality [56].  

 

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° rotation between layers, used for Cube 2. c) 2D 

height map for layer 22 of Cube 1. d) 2D height map for layer 22 of Cube 2. Figure reproduced from [56] . 

Fleming et al. investigated real-time tracking and control of surface morphology in LPBF using 

Inline Coherent Imaging (ICI). Their approach enabled immediate roughness measurement per 

layer, with defects identified based on height distribution variations. Two correction techniques 

were implemented: laser ablation for raised defects and powder refilling for depressions. Their 

findings demonstrated that active correction strategies effectively reduce surface roughness, 

enhancing the uniformity of layer deposition [57]. As illustrated in Figure 2-6, the height 

distribution of several layers is shown before and after correction, where a more homogeneous 

color after correction indicates a smoother surface. Raihan et al. developed an augmented surprise-

guided sequential learning framework (CT-SurpriseAF-BO) for predicting melt pool geometry, 

which directly impacts top surface roughness. Their Bayesian optimization framework employed 

a novel surprise-guided acquisition function to optimize data collection, minimizing the number of 

required experimental runs. Additionally, a Conditional Tabular Generative Adversarial Network 

(CTGAN) was used to generate synthetic data, improving prediction accuracy without additional 

physical experiments. The CT-SurpriseAF-BO model outperformed traditional machine learning 

techniques, demonstrating its potential for real-time surface roughness optimization and LPBF 

process control [58]. 
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Figure 2-6. Height distribution of Layers 1 through 4, before and after correction using Inline Coherent Imaging (ICI), 

Figure reproduced from [57] . 

Gerdes et al. utilized a convolutional neural network (CNN) and a hyperspectral imaging system 

to predict surface roughness (Rz) in LPBF-fabricated magnesium alloy WE43. Their experimental 

dataset comprised 40 samples with three different parameter sets, capturing a range of surface 

roughness values. Hyperspectral images were correlated with confocal microscope-measured Rz 

values, and the trained CNN model achieved a mean absolute error (MAE) of 4.1 ɛm, 

demonstrating its capability to accurately predict surface roughness from in-situ imaging data [59]. 

Yan et al. explored the relationship between in-situ 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 images and correlated 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 monitoring-based roughness prediction and real-time process optimization 

[60]. Knaak et al. investigated the prediction of Inconel 718 surface roughness using high-dynamic-

range (HDR) optical imaging combined with CNN-based 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 surfaces (0ï3 µm roughness). Their CNN model achieved over 80% 

classification accuracy, demonstrating that HDR imaging and deep learning techniques can 

effectively predict surface roughness variations [61]. 

Bhatt et al. conducted an in-situ characterization of surface roughness evolution during 

multilayer LPBF of Ti-6Al-4V using synchrotron X-ray imaging and optical imaging. Their 

findings showed that surface roughness is multimodal and multiscale, influenced by pre-layer 

humping, spattering, and rippling defects. The study introduced a surface topology 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 optimal surface quality achieved by balancing energy input to 

minimize spattering and waviness effects [38]. Qu et al. utilized in-situ synchrotron X-ray 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 pool turbulence, and improve smoothness by increasing viscosity and 

controlling melt flow dynamics. A 68% reduction in surface roughness was achieved due to 

nanoparticle-induced wave damping, highlighting the potential of nanoparticle-based process 

modifications for real-time surface roughness control [62]. Zhang et al. investigated melt pool 

spattering and its influence on in-process layer roughness using a lab-designed 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 

learning-based segmentation model to automatically extract spatter features from in-situ imaging. 

Their roughness prediction model, which incorporated spatter count and volumetric energy density 

(VED) as inputs, achieved a 50% error reduction compared to conventional process-parameter-

based models. Their findings suggest that in-situ spatter monitoring can enhance LPBF process 

control, reducing surface roughness variability and defect formation [63]. In a related study, Zhang 

et al developed a machine learning-enhanced high-dynamic-range (HDR) Fringe Projection 

Profilometry (FPP) method for in-situ layer-wise surface topography measurement in LPBF. Their 

HDR projection-based approach mitigated shadowing and intensity saturation artifacts common 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 

improve resolution from 38 ɛm to 5 ɛm laterally and from 10 ɛm to 1 ɛm vertically. Results 

indicated that DDPM-SR3 outperformed other models, yielding the most accurate surface 

reconstructions and enabling real-time defect detection. Their study highlights that ML-enhanced 

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

resolution for LPBF process optimization [64]. 

These studies collectively demonstrate that in-situ monitoring techniques, ranging from optical 

and thermal imaging to machine learning and X-ray-based analysis, offer significant advantages in 

predicting and controlling top surface roughness in LPBF. Advanced deep learning models, 

Bayesian optimization, and nanoparticle-driven melt control are emerging as powerful tools for 

real-time surface quality assessment and defect mitigation, ultimately enhancing the reliability and 

repeatability of LPBF-fabricated components. 

2.5.2.2. Vertical Surface (In-Situ) - No Studies Available 

Despite significant advancements in in-situ monitoring for top surface roughness in LPBF, no prior 

studies have specifically investigated real-time measurement or prediction of vertical surface 

roughness. This gap in research is likely due to technical challenges, including limited sensor 

accessibility, difficulty in capturing high-resolution side surface data, and the complex interaction 

of process parameters affecting vertical roughness formation. Current in-situ monitoring 

techniques, such as high-speed imaging, fringe projection profilometry, and thermal monitoring, 

primarily focus on top surface evolution, where data acquisition is more straightforward. 

To address this gap, the present study aims to develop an in-situ vertical surface roughness 

prediction framework for LPBF. By leveraging signal processing from photodiode sensor and 

machine learning models, this research seeks to provide real-time roughness monitoring and 

process optimization for vertical surfaces, which is crucial for improving part quality and reducing 

post-processing requirements. 

2.6. Summary 

This chapter provided an 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, real-time process monitoring using various sensor 
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technologies has been explored. By leveraging machine learning algorithms, researchers have 

sought to establish correlations between in-situ process data and defect formation, enabling the 

prediction and reduction of surface roughness. However, existing studies on surface roughness 

prediction in LPBF, whether ex-situ or in-situ, remain limited. This limitation may be attributed to 

the challenges of detecting and analyzing surface structures during fabrication, particularly in real-

time. Further research is needed 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 extend in-situ 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 Powder-Bed 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 post-processing. Nevertheless, tailored roughness can be beneficial to specific fields in 

engineering and medicine, such as cooling or osteointegration. Consequently, the importance of 

quality assurance, in-situ monitoring, and automatic anomaly detection has been elevated among 

the users of the LPBF process. In-situ surface roughness detection remains a less explored area 

within all in-situ defect detection. Additionally, existing studies primarily employ camera-based 

methods, which come with inherent limitations, including sensitivity to ambient light conditions, 

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 real-time surface roughness prediction. Integrating 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 by a on-axial 

photodiode and incorporating additional process variables into ML models to predict surface 

roughness within each small area of the printed part (690 µm × 510 µm), even at edges and corners. 

Multiple ML algorithms are trained and rigorously validated with unseen data. This comprehensive 

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 available Ti-6Al-4V powder 

supplied by AP&C (a GE additive company) with the particle size distribution of D10 < 19.53 ɛm, 

D50 < 35.52 ɛm, and D90 < 51.29 ɛm. The manufacturing process was carried out using an EOS 

M290 LPBF machine (EOS GmbH, Krailling, Germany) for the printing of the parts. Cuboid parts, 

with dimensions of 10 Ĭ 10 Ĭ 15 mm (LĬWĬH), were designed, and surface roughness was varied 

by adjusting the process parameters. These parameters included 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 scanning strategy, with a stripe-width 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 J/mm3 were retained, resulting in 21 

distinct process parameters. The VED was calculated by Eq. 3-1: 
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Eq. 3-1 

where P is power (W), V is scanning speed (mm/s), h is hatch distance (mm), and t is 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 P21/B). In Figure 

3-1, the selected process parameters were shown, sorted by descending VED values, along with 

the corresponding location 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 . 

 

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: 

¶ The first step involved collecting light intensity data during the printing process 

using an in-situ monitoring on-axial photodiode sensor. 

¶ 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 calculate Sa. 

The graphical illustration of data collection is shown in Figure 3-2 and will review in Sections 

3.2.2.1 and 3.2.2.2. This collected data is used to extract input features and outputs for ML 

algorithms that can be employed for the next step of analysis. 

 

Figure 3-2. Visual representation of data collection process. Step one: Capturing light intensity data during printing 

with an in-situ monitoring photodiode sensor. Step two: Measuring the entire top surface height of parts using a laser 

scanning confocal microscope (LSCM). 

3.2.2.1. In -situ Light Intensity Measurement 

In this study, a commercial on-axial 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 microns. On-axial photodiode 

captures the light intensity signals from the melt pool in the 750 ï 900 nm wavelength range [65]. 
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The light intensity distribution for the last layer of one of the parts is displayed in Figure 3-2, 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 recorded x and y 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 of pre-layer issues such as humping and 

spattering on surface roughness. Based 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 occur [66]. Consequently, in this study, which is primarily focused on the top 

layer surface roughness, the light intensity of the last three layers was considered to provide crucial 

insights. 

3.2.2.2. Height Measurement of the Top Surface of Printed Parts 

As shown in Figure 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 a non-destructive technique, which 

measures non-contact height profile, roughness, and film thickness on any material or shape in 

nanometer-level resolution. Compared to conventional widefield microscopy, it offers several 

advantages. In addition to allowing control over depth-of-field, it allows the collection of serial 

optical sections from thick specimens. The confocal microscope can also be used to create 3D 

images of structures [67], [68], [69]. These advantages make it ideal for measuring surface 

roughness on LPBF parts. The setup also includes a 20X objective lens with a field of view of 709.6 

µm ³ 532.2 µm to capture higher-quality images. An assembly 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 mm ³ 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 desired surface texture parameters [70], [71] 

can be calculated using any programming language. In this study, Sa was considered as a surface 

roughness parameter calculated using Eq. 3-2. 
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Eq. 3-2 
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where A is the evaluation cell, i.e., the area over which the roughness is measured, Z(x,y) is the 

difference between the roughness profile height and the mean plane at any given position (x,y). 

3.2.3. Correlation between the Collected Data 

As previously discussed, the study involves two data collection steps: capturing in-situ light 

intensity during printing using a photodiode and measuring post-print height distribution of surface 

with an LSCM. The subsequent analysis aims to determine if there is any correlation between the 

in-situ light intensity and the height distribution of the top surface of printed parts. This 

investigation attempts to explore connections between real-time monitoring of the melt pool 

dynamics and the final surface characteristics of the printed parts. 

Figure 3-3 shows the light intensity of the three top layers (layers N, N-1, and N-2) 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 diverse range 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 in Section 3.2.1. The light intensity data, originally in one dimension, 

is transformed into a 2D plot using x and y 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 to different ranges of height. The height data was a 2D matrix based on the x and y 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 analyzing Figure 3-3, it becomes evident that the light intensity distribution is significantly 

influenced by VED and partially by the scan direction in each layer. The laser back-and-forth paths 

over a short distance can result in heat accumulation, leading to increased light intensity 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/A, 4/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 

seen in Figure 3-3. 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 those regions. In 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 distinction between 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 correlation between light intensity and height distribution. 

However, if the last three layers are analyzed, considering that each layer has a thickness of 40 µm, 

the cumulative effect of these layers better explains the distribution of heights. As an example, in 

Part 19/B, layer N-2 impacts the left and right edges, layer N-1 affects 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 above-mentioned correlation, it 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 into small cells sized at 690 µm × 510 µm, 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 × 532 µm) utilized in the experiment. However, a slight 

adjustment in the cell dimensions was necessary to ensure the same size for all cells, considering 

the dimensions of the top surface of the parts (10 × 10 mm). It should also be noted that the top 

surface area was slightly less than 100 mm², which is mainly attributed to the shrinkage [72], [73]. 

Figure 3-4 shows an example of how all maps of Part 10/A are segmented into small cells. Due to 

the large number of cells (266) generated, Figure 3-4 only provides a schematic representation of 

the segmentation. Each of these small cells corresponds to cells at the same location on the other 

maps; one of them is bolded. Based on 42 parts, a total of 11,172 (42×266) cells were generated 

for each layer of light intensity data, and 11,172 cells were generated for the height data. This 

implies that a total of 11,172 datasets are available for use in any ML algorithms.  

 

Figure 3-4. An example of the segmentation of light intensity and height distribution of Part 10/A (dimension of each 

cell is 690 µm ³ 510 µm). 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 Sections 3.2.4.1 and 3.2.4.2, respectively. 
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3.2.4.1. Feature Extraction from Each Cell ï Input 

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

upon in the subsequent sections. 

¶ 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 potential for a wide range of applications. 

Using clustering analysis, datasets are grouped based on their similarity. According to the literature, 

K-means, agglomeration, and Self-Organizing Map (SOM) were applied to cluster in-situ 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 one/two-dimensional grid or map, where 

each grid unit (or node) represents a cluster or group of similar data points. During training, 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 is one-dimensional data. 

Therefore, applying SOM to 1D data results in clustering the signal into 1 × 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 Section 3.3.2. Based on the preliminary observation, six clusters 

performed better than the others. Figure 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 

intensity data points for that specific cell. 

¶ 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 and properties. [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 part [25]. Considering the significant effect of process parameters on 

surface roughness [80], [81], integrating some key parameters into algorithms can enhance their 
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effectiveness by making them process-aware. 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. 

¶ 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 the re-coater motion 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 spatter-rich region at their end. To enhance our study, 

a feature termed the "spatter region index" was introduced that is defined based on both ascending 

i and j indices representing the location of each part with respect to the gas flow and the re-coater 

directions, respectively, as shown in Figure 3-5 (III). In Figure 3-5 (III), one part is highlighted as 

an example, with the spatter index of i=3 and j=5. Considering the spatter rich zone introduced in 

[82], this indexing system ensures that the higher values of i and j correspond to regions with a 

potentially higher concentration of spatter. Each part is assigned unique i and j indices, with all 

cells within a part sharing the same indices for i and j. 

¶ 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 specific variable known as the "edge proximity index" has been 

defined. This variable considers the proximity of each cell to the edges of the part by dividing the 

part into four quadrants at the cell of interest (Figure 3-5 (IV)). Then, the number of cells that 

belong to each quadrant is counted, and four values are obtained (epi1, epi2, epi3, and epi4), 

reflecting how close the cell is to the edges of the part. For instance, in Figure 3-5 (IV), the 

highlighted cell values are epi1= 30, epi2= 100, epi3= 80, and epi4= 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 the next layer using 

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. 

 

Figure 3-5. Feature extraction from each cell. I) Clustered Light Intensity: Clustering light intensity data in a single 

cell using SOM and calculating the centroid of each cluster. These values are different for each cell, even within one 

part. II) Process Parameters: Considering some specific process parameters. These values are the same for all cells 

within one part but vary from part to part. III)  Spatter Region Index: Factoring 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 within one part but 

vary from part to part.  IV) Edge Proximity Index (epi): Considering the distance between a cell and the edges of a 

part through quadrant partitioning at the cell of interest and counting the density of cells in each quadrant. These 

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 Cell - Output 

The primary goal of this study is to predict the Sa of individual cells. This involves obtaining the 

height distribution for each cell and using it to calculate the Sa value with Eq. 3-2. Following the 

Sa value computation for each cell, they were divided into four classes (see Figure 3-6 (a)): 

¶ Class 1:  Sa < 8 µm, 

¶ Class 2:  8 Ò Sa < 14 µm, 

¶ Class 3: 14 Ò Sa < 22 µm,  

¶ Class 4:  22 Õm Ò Sa. 

The selection of class ranges was informed by a boxplot, a graphical representation of the 

distribution of a dataset. After calculating the Sa values for all cells (11,172 cells), a boxplot was 

plotted (see Figure 3-6 (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 1, Q1 to Q3 as Class 

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 intention to identify cells with very high surface roughness values 

for further investigation. 
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Figure 3-6. a) Quantifying surface roughness (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 classes. 

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 optimistic 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, are 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 a focus on covering 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 0 
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and 1, while maintaining the relative relationships between data points. This is achieved using the 

following formula: 

ὢ
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 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: 
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 Eq. 3-4 

where Õ is mean and ů is standard deviation of data. 

Both methods were applied, and it was found that the standardization method demonstrated 

better results with 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 of Sa into 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 distribution of 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 (SMOTE) [84], [85] and class 

weights are employed. SMOTE generates synthetic instances for underrepresented classes, while 

class weights adjust training by assigning higher weights to minority classes [86]. Throughout our 

analyses, both methods were employed and SMOTE consistently outperformed class weights, 

improving the F1-score 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 data group 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 Sa class. Therefore, 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), Support Vector 
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Machine (SVM), feedforward Neural Network (NN), and Long Short-Term 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 these three 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 sequence-based algorithm, these three layers can be treated as a sequence. 

However, in other models like RF and GB, a sequence cannot be used. In such cases, the light 

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

Figure 3-7 illustrates inputs 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 N, 0.2 for layer 

N-1, and 0.1 for layer N-2, based on our teamôs previous studies [33], [66]. These studies revealed 

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 extended to 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 layers. 

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

detailed discussion of their performance in Section 3.3. 

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 its own predictions. These predictions are then combined 

to produce the final result, enhancing accuracy and robustness.[87]. 

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 between predicted and actual values, resulting in 

higher accuracy than standalone decision trees, albeit at the expense of increased complexity and 

computational time [88]. 



40 

 

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 real-world applications [89]. 

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 complex datasets. [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 error between predicted and actual 

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

patterns in data to make accurate predictions or classifications. [91], [92]. 

3.2.7.6. Long Short-Term Memory (LSTM) 

LSTM is a specialized model for time series analysis. Its architecture, with long-short term memory 

units, retains information over time, effectively capturing short-term dependencies and long-term 

patterns in sequential data. This makes LSTM more effective than traditional models for processing 

and interpreting sequential data. [93]. 

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 fine-tune them for better results. For this purpose, the widely used Python 

package GridSearchCV was used to fine-tune hyperparameters for 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 hyperparameters were 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 this purpose. By 

employing advanced techniques such as Bayesian optimization or Random search, the 

hyperparameter space was thoroughly explored to identify configurations that improved model 

performance [94]. This careful tuning ensured the NN and LSTM models were finely tuned to 

capture important data features, making them better predictors. 

In Table 3-1, 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 overfitting by 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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Table 3-1: Selected hyperparameters and their defined range 

ML Algorithms Hyperparameters Definition Defined range Value 

RF n_estimators Number of decision trees in the forest 50-300 100 

max_depth Maximum depth of each decision tree [None,10, 20, 

30] 

None 

min_samples_split Minimum number of samples required to 

split an internal node in a decision tree 

2-10 2 

min_samples_leaf Minimum number of samples required to 

be at a leaf node in a decision tree 

1-5 1 

max_features Maximum number of features considered 

for splitting at each node in a decision tree 

['sqrt', 'log2', 

None, 'auto'] 

'auto' 

GB n_estimators Number of boosting rounds (or trees) to be 

built 

50-300 100 

max_depth Maximum depth of each tree in the 

ensemble 

3-7 3 

min_samples_split Minimum number of samples required to 

split an internal node in a decision tree. 

2-10 2 

XGB n_estimators Number of boosting rounds (or trees) to be 

built 

50-300 100 

max_depth Maximum depth of each tree in the 

ensemble 

3-7 6 

learning_rate Step size for updates to prevent overfitting [0.01, 0.1, 0.3] 0.3 

SVM C Regularization parameter  [0.1, 1, 10] 1 

Kernel Type of kernel function ['linear', 'rbf'] 'linear' 

gamma Kernel coefficient ['scale', 'auto'] 'scale' 

decision_function_ 

shape 

Decision function strategy ['ovr'] 'ovr' 

NN num_layers Number of layers in the neural network 1-5 1 

units Number of neurons in each layer 32-512 512 

activation Activation function applied to the output 

of each neuron 

['relu', 'tanh', 
'sigmoid'] 

'relu' 

optimizer Optimization algorithm used to update 

weights during training 

'adam' 'adam' 

LSTM num_layers Number of LSTM layers in the network 1-5 1 

units Number of neurons in each layer 32-512 512 

activation Activation function applied to the output 

of each neuron 

['relu', 'tanh', 
'sigmoid'] 

'relu' 

optimizer Optimization algorithm used to update 

weights during training 

'adam' 'adam' 

kernel_regularizer  Regularization applied to the weights of 

the connections between neurons 

[None, 'l1', 'l2'] 'l1' 

bias_regularizer Regularization applied to the biases of the 

neurons 

[None, 'l1', 'l2'] 'l1' 

3.3.2. SOM Cluster Size Evaluation 

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 employed as features in the models. Subsequently, 

an investigation was conducted into the impact of varying cluster numbers, ranging from three to 
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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, cross-validation on the training dataset and evaluation 

on unseen test data were conducted. 

Cross-validation serves as a fundamental method to assess the performance of ML models. 

Among the commonly employed variants, such as 5-fold, 10-fold, and 20-fold cross-validation, the 

choice relies on factors such as dataset size, computational resources, and desired precision. In this 

study, 10-fold cross-validation was employed, dividing the trainset data into ten equal-sized 

subsets. During each iteration, the model was trained on nine subsets and evaluated on the 

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

In addition to cross-validation, model performance was evaluated using common metrics: 

accuracy, precision, recall, and F1-score. Accuracy measures true predictions among all instances, 

while precision assesses true positive predictions relative to all instances predicted positive. Recall 

gauges true positives among all actual positives. F1-score combines precision and recall, offering 

a balanced performance measure [95]. 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 Figure 3-8, the results of 10-fold cross-validation are presented. Figure 3-8(a) illustrates the 

average F1-score 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 F1-score values. RF also demonstrates the 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 

highest Sa value). 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. Therefore, exploring F1-score per class 

can offer deeper insights into the modelsô performance. Figure 3-8(b) shows the F1-score per class 

of different models using 6 SOM clusters. Despite the close average values observed in Figure 

3-8(a), significant variations are evident across individual classes. RF and XGB notably excel in 

predicting Class 4, which is the most challenging class to predict. Therefore, RF not only achieves 
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the higher average F1-score 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 Clusters 

  

Figure 3-8: Results of 10-fold cross-validation. a) Average F1-score with standard deviation error bars across 10 

iterations. b) F1-score 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, precision, F1-score, and recall) using RF for different 

numbers of SOM clusters was assessed. Figure 3-9 depicts some of these results, showcasing F1-

score per class and macro F1-score in Figure 3-9(a) and recall per class and macro recall in Figure 

3-9(b). 

The cross-validation results in Figure 3-8(a) revealed that clusters 6 and 7 exhibited the most 

promising outcomes. However, upon further analysis of the test dataset (see Figure 3-9), it was 

found that employing 6 clusters led to superior performance. Specifically, this configuration 

demonstrated higher performance in Class 4 without compromising predictions for other classes, a 

conclusion supported by the macro-average of both F1-score and recall. Therefore, it can be 

inferred that utilizing 6 clusters yields the most favorable results for this study. 
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a) b) 
       F1-Score Per Class using RF       Recall Per Class using RF 

  
Figure 3-9: Result of unseen test dataset for different number of SOM cluster using RF model. a) F1-score comparison 

per class and macro F1-score. b) Recall comparison per class and macro recall. 

3.3.3. Feature Combination Analysis 

In section 3.2.4.1, 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 combinations of input features. 

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

the modelsô performance is impacted. This analysis sheds insights into the relative significance of 

each group of input features and their contributions to the overall performance of the models. 

Figure 3-10 depicts a comparison of four different combinations of input features. In Figure 

3-10(a), all four groups were utilized, while Figure 3-10(b) excludes the process parameters, Figure 

3-10(c) excludes the spatter region index, and Figure 3-10(d) excludes the edge proximity index 

(epi). Each plot presents metrics including accuracy, precision, weighted F1-score, and macro F1-

score. The inclusion of macro F1-score allows for an overall insight into the model performance, 

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

might not significantly impact the weighted F1-score. However, the macro F1-score, treating each 

class equally, can effectively demonstrate the modelsô overall performance.  
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Ŭ: Clustered Light Intensity ɓ: Process Parameters 
 

 ɔ: Spatter Region Index ŭ: Edge Proximity Index (epi)  

a) b) 

        Input Features: Ŭ+ ɓ+ ɔ+ ŭ         Input Features: Ŭ+ ɔ+ ŭ 

  

c) d) 

        Input Features: Ŭ+ ɓ+ ŭ         Input Features: Ŭ+ ɓ+ ɔ 

  
Figure 3-10: Comparison of the modelsô performance using different combinations 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 the other graphs. Upon comparing the modelsô performance within this graph, 

it becomes evident that while the accuracy, precision, and weighted F1-score of all models, except 

SVM with a poorer performance, are nearly equivalent, the macro F1-score of RF surpasses others. 
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This indicates a superior performance of RF, particularly in Class 4. In Figure 3-10(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 prediction task. Figure 3-10(c) illustrates the modelsô 

performance when excluding the spatter region index. At first glance, it may seem that the 

exclusion of this feature group does not significantly impact the modelsô performance, as it appears 

similar to Figure 3-10(a). However, upon the closer inspection, focusing on the macro F1-score 

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. This observation 

suggests that the inclusion of the spatter region index enhances the modelsô predictive capabilities. 

This feature group aids in identifying areas of the build plate with higher potential for spatter, 

typically associated with the higher Sa values. Given that Class 4 corresponds to the highest Sa 

values (Sa greater than 22 µm), the spatter region index contributes to better predictions for Class 

4. Consequently, there is a higher performance in Class 4, resulting in a higher macro F1-score. In 

Figure 3-10(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 more complex models, 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, ensemble models like RF and XGB tend to outperform neural 

network models [96]. Therefore, focusing on RF and XGB models, the removal of the edge 

proximity index significantly impacts the modelsô performance, indicating its substantial 

contribution to the accurate prediction of the Sa class. 

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 visualization of where 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 category and their 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, with respective 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 predicting Class 4, indicating their 

weakness to the dataset imbalances. Following RF, both XGB and GB demonstrate promising 

performance. 
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a) b) 

                                                     

  
c)  d) 

                                                     

  

e) f) 

                                                     

  

Figure 3-11: Confusion matrix generated by a) RF, b) GB, c) 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 denotes a superior 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 the multi-class 

classification, the output needs to be binarized. 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 micro-average ROC curve aggregates the contributions of all classes 

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

Figure 3-12 depicts the ROC curve generated by all models for the unseen test set, comprising 

five curves: four for individual classes and one for the micro-average. Each plot showcases the 

AUC value for every class alongside the micro-average curve. Upon analysis of this 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, classes 1, 3, and 4 exhibit 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, with an AUC ranging from 0.7 to 0.8, which can be attributed to its unique 

characteristics. Class 2 spans Sa values ranging from 8 to 12 µm, 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 comparison of the models reveals that RF, XGB, 

and GB outperform the others. 
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a) b) 

  

  

c)  d) 

  

  

e) f) 

  

  

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. 

Table 3-2 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 real-time analysis between layer depositions, models with shorter computational 

time are favored to prevent process delays. While the training time may not directly affect real-

time analysis, as the model is pre-trained and used on new datasets, the runtime serves as a valuable 

parameter for evaluating the speed of a model in analyzing fresh data. Based on Table 3-2, 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 excel in speed but also perform well in 

evaluation metrics, indicating their potential for superior performance in LPBF processes, where 

timely and accurate predictions are essential. 

Table 3-2: 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 3 s 

GB 0.71 0.58 0.69 0.89 12 s 

XGB 0.71 0.61 0.70 0.9 3 s 

SVM 0.57 0.48 0.56 0.78 45 s 

NN 0.73 0.59 0.73 0.91 1 min 14 s 

LSTM 0.72 0.56 0.73 0.90 4 min 50 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 examine the effect of 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 covering the range of VED from low to high. Figure 3-13 (a) and Figure 3-13 (b) 

illustrate the weighted F1-score and macro F1-score values on unseen test set respectively for all 

models across different train set sizes. It is evident that the weighted F1-score remains favorable 

for models trained with 27 and 20 parts, outperforming the 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 pronounced 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 
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importance of considering both the volume and quality of data when selecting the appropriate 

model for a given scenario.  

a) b) 

  

Figure 3-13: Effect of the train set size on the modelsô performance on unseen test set. a) Weighted F1-score. b) 

Macro F1-score. 

3.3.6. Random Forest Feature Importance 

Based on the prior discussion, the RF model has demonstrated 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 models, while those with low importance scores can be 

omitted to reduce the complexity of the model. 

In Figure 3-14, 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 to Figure 3-5). In Figure 3-14(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 

C1 to C6) and "edge proximity index (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 noted that VED 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 deviation, potentially optimizing the weights in the RF structure, enhancing 

predictive capabilities and operational efficiency. Figure 3-14(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 in Figure 3-14(a). This implies that in the absence of "process parameters," the model relies 

more on other features to enhance prediction accuracy. Moving to Figure 3-14(c), where "spatter 

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

four groups considered. However, in Figure 3-14(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 having higher 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 spatters, re-coater and 

argon gas flow direction introduce variability in surface roughness across different locations. 

Therefore, accurate prediction and control of surface roughness necessitate in-situ monitoring and 

consideration of each area specific characteristics. 
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Ŭ: Clustered Light Intensity ɓ: Process Parameters 
 

 ɔ: Spatter Region Index ŭ: Edge Proximity Index (epi)  

a) b) 

        Input Features: Ŭ+ ɓ+ ɔ+ ŭ         Input Features: Ŭ+ ɔ+ ŭ 

  
c) d) 

        Input Features: Ŭ+ ɓ+ ŭ         Input Features: Ŭ+ ɓ+ ɔ 

  

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. c) Exclusion of the spatter region index group. d) Exclusion of the edge 

proximity index (epi) group. (Note: C1-C6 denote clustered light intensity) 

3.4. Summery 

This study investigated the relationship between top surface roughness and the light intensity 

signal emitted from the melt pool, captured by an in-situ photodiode from the last three layers of 

the build. The collected intensity data were clustered using SOM algorithm and 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 µm × 510 µm) 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 Pioneer Machine Learning-Driven Platform for 

In-Situ Vertical Side Surface Roughness Prediction in Laser Powder 

Bed Fusion 

4.1. Abstract 

Real-time 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 post-processing costs. While in-situ monitoring has become a paradigm 

for real-time 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 address in-situ detection of the top surface roughness of printed parts, 

while vertical surface assessments relying on ex-situ methods that lack real-time capabilities. This 

limitation is attributed to the coverage of vertical walls with loose powder particles within the 

powder bed, obstructing the visibility/sensing of the site of interest. This study pioneers a 

framework for in-situ prediction of vertical surface roughness using a photodiode sensor integrated 

with machine learning (ML) detection algorithms. The photodiode sensor enables fast response 

times, capturing light intensity signals from regions adjacent to vertical surfaces during the printing 

process. Key time-domain and frequency-domain features are extracted from the photodiode 

signals and combined with essential process parameters to predict the surface roughness of each 

vertical side. The performance of five ML models was evaluated across multiple configurations of 

input features. Random Forst (RF) and eXtreme Gradient Boosting (XGB) emerged as the most 

robust models, achieving high accuracy and low error rates. Incorporating in-situ data significantly 

enhanced model performance, improving RFôs RĮ from 0.35 (using process parameters alone) to 

0.78, demonstrating the effectiveness of this approach. This work establishes a novel pathway for 

real-time 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 fabricated from Ti-6Al-4V powder using a LPBF process. Manufacturing 

was performed on an EOS M290 LPBF machine, utilizing a fixed layer thickness, a rotated stripe 

scanning strategy, and a zero-width stripe, without contour scanning, skin, or post-exposure. A 

systematic variation of process parameters, including laser power, scanning speed, and hatch 

distance, was employed to achieve a wide range of surface roughness characteristics. These 

parameters were refined based on a Volume Energy Density (VED) ranging from 25 to 50 J/mm³, 

calculated as the 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 cracking [97], [98]. This refinement 

resulted in 21 unique parameter combinations. To ensure statistical reliability and account for 

external factors such as part location on the build 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 presented in Table 4-1, while Figure 4-1 

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

Table 4-1. Process parameters and corresponding VED values, calculated using ὠὉὈ 
ȢȢ

  (layer thickness t 

= 0.04 mm) 

Part 

Name 

Power 

(P) 

[W] 

Scanning Speed 

(V) [mm/s] 

Hatch Distance 

(h) 

[mm] 

VED 

[J/m

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 

  

  

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. 

To further enhance dataset robustness and ensure consistency in sample fabrication, the build 

plate was reproduced under the same process conditions, yielding an additional 42 parts (Build 

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 LPBF-processed parts. For a more detailed description of the 

experimental design and methodology, refer to our previous study [5].  

4.2.2. Data Acquisition and Measurements 

After designing the experiment, a two-step process was employed to collect data for subsequent 

use in ML models as inputs and outputs. The first step involved real-time collection of light 

intensity data during the printing process using a photodiode sensor. Measurements were taken 

from all four vertical sides of each part (Front, Left, Back, and Right). After preprocessing this 

data, it was utilized as the input for the ML model. 

The second step, conducted post-printing, involved measuring the surface roughness of all four 

sides of each part. These measurements were considered 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 

SidesðFront, Left, Back, and Right) 

This study employed a commercial on-axis photodiode integrated into the EOS M290 system to 

record light intensity signals in real time. The photodiode operates at a sampling rate of 60 kHz, 

capturing light intensity within a wavelength range of 750ï900 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 x- and y-coordinates. Figure 4-2 schematically illustrates the light intensity collected 

for several layers, showing how datapoints are distributed across the x-y plane 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 (spanning the entire layer area) were considered. However, 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 data for 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 specific EMZ relative to the "front edge" 
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of each layer are collected. The same process is repeated for the other three sides (Left, Back, and 

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

 

Figure 4-2. Schematic of light intensity data collection during Melt Pool Monitoring (MPM), showing datapoints 

recorded across the x-y plane and the concept of the Edge Margin Zone (EMZ) for the Front 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 another area, such as the lower section, needs to be 

analyzed, the corresponding layers for that area can be considered. 

A critical question concerns the optimal EMZ length. To address this, 10 different EMZ 

dimensions were investigated: 40, 80, 120, 160, 200, 240, 280, 320, 360, and 400 ɛm. These values 

correspond to 1 to 10 times the layer thickness (40 ɛm). 

 Figure 4-3 illustrates the EMZ concept and its relationship with data collection. The schematic 

depicts three EMZ values (120, 280, and 400 ɛm), represented by progressively thicker zones near 

the edges of the layers. As the EMZ increases, the data density also increases, reflecting a larger 

number of datapoints being stacked together. Different sides (Front, Left, Back, and Right) are 

color-codedðred, blue, cyan, and green, respectivelyð to represent the data collected from each 

side. The schematic specifically highlights the top 5 mm of the parts for clarity. 
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Figure 4-3. Illustration of the Edge Margin Zone (EMZ) concept with three values (120, 280, and 400 ɛm) marked 

with (*). Color coding (red for Front, blue for Left, cyan for Back, and green for Right) represents the data collected 

from each side, highlighting the top 5 mm of the part. 

After stacking, the data for each side are converted into a one-dimensional (1D) signal (i.e., data 

array) through a process known as "flattening," as shown in Figure 4-4. This process organizes the 

datapoints sequentially from the bottom to the top layer of the area of interest. The schematic in 
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Figure 4-4 demonstrates how 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. 

 

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. Figure 4-5 outlines this process, where the 1D signal for each side undergoes feature 

extraction to compute both time-domain and frequency-domain features. These extracted features 

serve as the inputs for the ML model. For instance, time-domain features may include statistical 

measures such as mean, variance, and skewness, while frequency-domain features may involve 

dominant frequencies or amplitude. Details of these feature extraction methods are elaborated in 

Section 4.2.3. 
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Figure 4-5. Illustration of the feature extraction process (input) and surface roughness measurement (output) for the 

top 5 mm of the part. Input: Time-domain and frequency-domain features extracted from the 1D signal of each 

vertical side. Output: Representative Sa values averaged from five discrete points per side, serving as ML model 

outputs. 
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4.2.2.2. Surface Roughness Measurements (Sa values collected from vertical sidesðFront, 

Left, Back, and Right) 

The second stage of data acquisition focused on measuring surface roughness from the vertical 

sides of the parts. These measurements were performed using a Keyence Laser Scanning Confocal 

Microscope (LSCM) with a 20× objective lens. LSCM is a non-contact, non-destructive technique 

capable of measuring roughness, height profiles, and film thickness with nanometer-level 

resolution on various shapes and materials. Unlike conventional widefield microscopy, LSCM 

provides enhanced depth-of-field control, supports serial optical sectioning of thick specimens, and 

generates high-resolution 3D structural images [67], [69]. Among various surface texture 

parameters [71], such as Sq (root mean square height, measuring overall surface deviations), Sa 

(arithmetical mean height, representing the average height of the surface), Sz (maximum height of 

the surface, representing peak-to-valley distance), and Ssk (skewness, describing surface 

asymmetry), Sa was selected as the surface roughness parameter for this study. Sa provides a 

straightforward, robust measure of the average height variations over a given area, making it well-

suited for capturing general surface characteristics and ensuring comparability across studies. Sa 

was calculated using following equation: 

Ὓὥ
ρ

ὃ
ȿὤὼȟώȿὨὼὨώ 

 
 

Equation 4-1 

where A is the evaluation area (the region over which roughness is assessed), and Z(x,y) is the 

deviation of the surface height from the mean plane at a given position (x,y). 

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 discrete points were selected on each 

vertical side (see Figure 4-5). The Sa value was calculated for each point, and the average of these 

five points was used as the representative Sa value for each side. These representative Sa values 

serve as the output variables for the ML models. 

4.2.3. Feature Engineering Techniques  

Based on the data collected for the vertical sides using the photodiode sensor, and then converting 

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 extraction (known as data mining) plays a 

crucial role in isolating relevant information from the signal, thereby enhancing the model's 

predictive performance. For one-dimensional 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 features include Mean, Variance, Standard Deviation, Maximum, 

Minimum, Root Mean Square, Skewness, Kurtosis, and Autocorrelation [99], [100]. Additionally, 

clustering techniques like Self-Organizing Maps (SOMs) help identify patterns and anomalies by 

grouping similar signals. 

Frequency-Domain Features 

Frequency-domain 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 Flatness, Harmonic 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 determination (R²) and Root Mean Squared Error (RMSE) metrics. Cross-

validation ensured robustness, with models tested on unseen data. The most relevant feature set 

identified: 

V Time-Domain Features: Clustering (using SOMs), Variance, Standard Deviation, 

Skewness, Kurtosis, and Autocorrelation. 

V Frequency-Domain 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, provides brief definitions of the implemented models, and elaborates on the data splitting 

and training workflow in detail. 

4.2.4.1. Machine Learning Framework  

As described in the Introduction section, one of the quality assurance techniques in AM is ex-situ 

monitoring, where real-time information during the process is unavailable. In the context of surface 

roughness prediction, this approach typically involves developing a ML model 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 parameters. While process 

parameters such as laser power, hatch distance, 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 regions. Furthermore, 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 varies due to these external factors. 

Consequently, this conventional approach, based only on process parameters, may lack reliability 

and accuracy. 

To address these limitations, incorporating the discussed real-time process information offers a 

more robust solution. In this study, as illustrated in Figure 4-6, an in-situ 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. Unlike the conventional method, which utilizes only process 

parameters, the proposed approach integrates extracted features from both the time-domain and 

frequency-domain of in-situ light intensity signals. 

The key process parameters used in this study include power, hatch distance, scanning speed, 

and VED. By incorporating in-situ features, the model accounts for additional process variations, 

leading to improved predictive performance. The impact of this enhancement on the model 

accuracy and reliability will be discussed in detail in the section 4.3 (Results and Discussion). One 

of the significant advantages of in-situ 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 prompt adjustments to 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, five ML models were selected: eXtreme 

Gradient Boosting (XGB) [102], Random Forest (RF) [103], Support Vector Regression (SVR) 

[104], Gaussian Process Regression (GPR) [105], and Feedforward Neural Network (FNN) [106]. 

These models were chosen for their diverse strengths, allowing for a comprehensive comparison 

of predictive performance and robustness in handling both process parameters and in-situ features. 

XGB, a gradient-boosting algorithm, is well-suited for capturing complex patterns and offers 

high predictive accuracy with built-in regularization to reduce overfitting. However, it requires 

careful hyperparameter tuning and can be computationally intensive. RF, an ensemble-based 

method, is effective for high-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 

non-linear relationships, especially with 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 where confidence 

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, non-linear relationships, 

but they demand significant computational resources 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. proposed methods for surface roughness prediction: process parameters only vs. process 

parameters with in-situ features, including time-domain and frequency-domain features extracted from light intensity 

signals (MPM). 

4.2.4.2. Dataset splitting and Preprocessing 

To develop an 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, derived from 84 parts, with 42 

parts in each of two build plates, and four distinct vertical sides for 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 distribution of data points from each vertical side in the 

test set was closely proportional 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. Standardization adjusts features so that they have a mean of 0 and a 

standard deviation of 1, as defined by the formula: 

ὢ
ὢ А

„
 Equation 4-2 

where µ is the mean and ů is the standard deviation 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 and hyperparameter optimization process is illustrated in Figure 4-7. It 

outlines the step-by-step workflow, starting from data loading and feature engineering to the final 

evaluation of model performance. Table 4-2 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 also highlights 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 engineering was 

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 identified based on the highest R² value 

using cross-validation (CV). A threshold R² value 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 factors [5], [108], [109]. If the R² was below this threshold, the feature 

engineering process was revisited to remove the irrelevant features and add potentially significant 

missed features. Once the R² exceeded the threshold, additional fine-tuning was performed by 
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adjusting the range of hyperparameters in the ñTune Random Searchò step to ensure the maximum 

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 hyperparameter space efficiently. 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 R² values from CV and 

the test set were compared to check for overfitting. 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 selected. This 

procedure is repeated for all five models under considerationðXGB, RF, SVR, GPR, and FNN. 

The systematic approach 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 optimization process. 
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Table 4-2. Hyperparameters explored for each ML model, their definitions, ranges, and final selected values used in 

this study. 

ML 

Model 

Hyperparameters Description Parameter Space 

(Random Search) 

Final Value 

(Bayesian Optimization) 

XGB n_estimators Number of boosting 

rounds 

100-1000 686 

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 

training each tree 

[0.7, 0.8, 0.9] 0.7 

colsample_bytree Fraction of features for 

each tree 

[0.7, 0.8, 0.9] 0.7 

RF n_estimators Number of decision trees 100-1000 660 

max_depth Max tree depth 5-50 45 

min_samples_split Min samples to split a 

node 

[2, 5, 10] 2 

min_samples_leaf Min samples at a leaf node [1, 2, 4] 1 

max_features Max features for tree 

splits 

['sqrt', 'log2'] 'log2' 

SVR Kernel Kernel function type ['linear', 'poly', 'rbf', 'sigmoid'] 'rbf' 

C Regularization parameter  10-3 - 103 1.36 

epsilon Insensitivity parameter for 

error 

0.01 - 0.5 0.39 

degree Degree for polynomial 

kernel 

[2, 3, 4, 5] 5 

gamma Kernel coefficient ['scale', 'auto'] 'auto' 

GPR kernel Combination of Constant 

and RBF kernels 

[C(1, (10-4, 103)) * RBF(1, 

(10-6, 102)), C(1, (10-4, 103)) * 

RBF(10, (10-6, 102))] 

C(1.59) * RBF 

(length_scale=3.06) 

alpha Noise level [10-1, 10-2 , 10-3, 10-4] 0.11 

n_restarts_optimizer Number of optimizer 

restarts 

[0,1,2,3] 0 

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', 

'adaptive'] 

'constant' 

batch_size Mini -batch size ['auto', 64, 128] 64 

max_iter Max iterations (epochs) [200, 400, 600] 489 



74 

 

4.3. Results and Discussion 

4.3.1. Distribution of Surface Roughness (Sa) Measurement  

The surface roughness (Sa) distributions shown in Figure 4-8(a) and Figure 4-8(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 around 14ï15 µm, indicating a 

more uniform surface roughness on this side. In contrast, the Front and Left Sides show broader 

distributions with lower peaks, spanning a wider range of Sa values, 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 higher Sa values, frequently peaking around 16ï18 µm, 

suggesting that this side is more affected by external influences. Build Plate 2 exhibits similar 

trends but with slightly lower peak magnitudes, suggesting that the process is generally consistent 

across build plates, with minor deviations due to build plate-specific factors. The variations in 

distribution width and peak position among the sides highlight the role of external factors, such as 

heat dissipation direction, gas flow, or the presence of spatter, in surface roughness formation. 

These observations emphasize the importance of in-situ monitoring for capturing side-specific and 

build plate-specific variations. By incorporating extracted features from photodiode sensor data, 

the ML model can achieve improved predictive accuracy by accounting for these external 

influences, which are otherwise overlooked when relying solely on process parameters. 

Distrebution of Surface Roughness (Sa) across Different Sides 

a) b) 

  

Build Plate 1 Build Plate 2 

Figure 4-8. Surface roughness (Sa) distributions for the four vertical sides (Front, Left, Back, Right) of two build 

plates: (a) Build Plate 1, (b) Build Plate 2. The 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 external factors.     
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4.3.2. Cross-Validation Analysis 

During model training, cross-validation was employed to evaluate performance, as described in 

Section 4.2.4.3. Cross-validation is a statistical technique used to evaluate the predictive 

performance of a model by splitting the trainset 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 parameters, time-domain 

features extracted from MPM, and frequency-domain features from MPM. Among the time-

domain features, "Clustered Light Intensity" was used due to its demonstrated effectiveness in 

photodiode signal processing [5], [66]. The study employed the Self-Organizing 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 one-dimensional light intensity signal used in this study, SOM clusters 

the data into a 1 × N grid [75], [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 of the part used in feature extraction. Ten 

EMZ values ranging from 40 µm to 400 µm (in 40 µm intervals) were analyzed. This resulted in 

80 conditions (8 values of N × 10 values of EMZ) being tested using 5-fold cross-validation. For 

each condition, the average R² (which should be high) and standard deviation of R² (which should 

be low) were calculated.  Due to the computational expense of fine-tuning 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 robust evaluation. 

The results are presented in Figure 4-9 while revealing the following observation: 

1) XGB Model: The best performance, with a high average R² and low standard 

deviation of R², was achieved at an EMZ of 120 µm and lower cluster numbers (N = 3 to 
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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 µm and N = 3. This trend highlights the strong 

correlation between these parameters and improved model performance, suggesting that 

focusing on smaller clusters and this specific edge margin yields consistent and reliable 

results. 

These findings confirm that an EMZ of 120 µm, 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 µm and 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) using 5-fold cross-validation for (a) XGB and (b) RF models. Optimal performance is achieved 

at EMZ = 120 µm and N = 3, indicating the most accurate and stable predictions for surface roughness. 
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3 0.7092 0.7234 0.7306 0.7288 0.7140 0.7139 0.7075 0.6889 0.6851 0.6730

4 0.6994 0.7211 0.7242 0.7195 0.7130 0.7130 0.7052 0.6874 0.6825 0.6672

5 0.7001 0.7184 0.7199 0.7138 0.7089 0.7082 0.6998 0.6826 0.6786 0.6738

6 0.7033 0.7197 0.7165 0.7106 0.7096 0.7085 0.6986 0.6858 0.6785 0.6677

7 0.6919 0.7048 0.7143 0.7096 0.7007 0.7024 0.6948 0.6767 0.6733 0.6625

8 0.6932 0.7076 0.7113 0.7042 0.6995 0.6990 0.6936 0.6739 0.6718 0.6621

9 0.6918 0.7103 0.7141 0.7049 0.7031 0.6977 0.6914 0.6717 0.6725 0.6584

10 0.6886 0.7061 0.7062 0.6949 0.6916 0.6958 0.6965 0.6731 0.6698 0.6604

40 80 120 160 200 240 280 320 360 400

3 0.0230 0.0240 0.0196 0.0332 0.0311 0.0377 0.0474 0.0367 0.0423 0.0501

4 0.0373 0.0253 0.0165 0.0342 0.0264 0.0397 0.0499 0.0334 0.0451 0.0531

5 0.0283 0.0271 0.0230 0.0331 0.0300 0.0435 0.0535 0.0356 0.0412 0.0517  Ò 33% 

6 0.0190 0.0276 0.0247 0.0329 0.0357 0.0452 0.0534 0.0388 0.0476 0.0504 33%  -  67% 

7 0.0295 0.0292 0.0174 0.0323 0.0350 0.0406 0.0497 0.0396 0.0469 0.0511  Ó 67% of data range

8 0.0292 0.0306 0.0167 0.0334 0.0362 0.0466 0.0519 0.0410 0.0464 0.0542

9 0.0346 0.0257 0.0223 0.0313 0.0365 0.0467 0.0528 0.0414 0.0490 0.0516

10 0.0430 0.0261 0.0214 0.0405 0.0408 0.0478 0.0475 0.0425 0.0511 0.0580

40 80 120 160 200 240 280 320 360 400
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Figure 4-10 shows the violin plots of R² and RMSE distributions for the five models (XGB, RF, 

SVR, GPR, and FNN) based on 5-fold cross-validation with EMZ = 120 µm and N = 3. The plots 

highlight both central tendency and variability in model performance. For R², XGB achieves 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 greater variability. 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 lowest median 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. RF follows 

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. 

a) b) 

            R² Distribution Across Models           RMSE Distribution Across Models 

  

Figure 4-10. Violin plots of R² (a) and RMSE (b) for five models using 5-fold cross-validation with EMZ = 120 µm 

and N = 3. XGB and RF achieve the highest accuracy and lowest error with minimal variability, outperforming the 

other models. 

 



79 

 

4.3.3. Modelsô Performance Evaluation on Unseen Test Data 

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 values. Figure 4-11 presents the R² values for 

each model on the unseen test set, alongside residual plots (True Sa - Predicted Sa) to provide 

further insights into the models' performance. A threshold of ±10% of the true Sa value 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 R² values above 74%, demonstrating strong predictive 

capabilities within the LPBF context that is usually considered as extremely complex process with 

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 maintain high 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 remains competitive, consistent with earlier cross-validation 

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, c, e, g, k) and residual plots (b, d, f, h, m) for XGB, RF, SVR, GPR, and 

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. 












































