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Abstract. 

Laser Powder Bed Fusion (L-PBF) is a high-performance manufacturing process for parts 

with complex geometries. However, a poor choice of process parameters induces the 

formation of defects, suggesting the need for an improved control system to optimize the 

result. This paper presents a control policy using Reinforcement learning (RL) for optimizing 

key process parameters such as laser power (P) and scanning speed (V), aiming to maintain 

melt pool depth. In this approach, Q learning algorithm iteratively learns how to choose 

optimal process parameters by maximizing a reward function designed to minimize 

deformation. A melt pool is simulated using Flow 3D for SS316L, while part-scale 

deformations are investigated with Finite Element method (FEM). Response surface 

methodology (RSM) is used to statistically analyse as well as validate deformation behaviour. 

The proposed approach is the first step towards a data-driven, intelligent control system aimed 

at optimizing process parameters for stable melt pool depth and minimizing defect formation 

in L-PBF. 
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Nomenclature 

Abbreviation Long form 

AM Additive manufacturing 

RL Reinforcement Learning 

L-PBF Laser powder bed Fusion 

CFD Computational fluid dynamics 

FEM Finite element method 

CAD Computer-aided drawing 

PLC Programmable logic control 

CNC Computer numerical machine 

DEM Discrete element modelling 

SS316L Stainless steel 316L (An alloy of Fe) 

GA Gas Atomization 

PSD Particle size distribution 

RSM Response surface method 

DED Directed Energy Method 

CNN Convolution Neural Network  

SVM Support vector machine 

FGPA Field programmable gate array 

RBF Gaussian Radial basis network 

SIFT  Scale Invariant Feature Transform 

BoW Bag of words 

GMM Gaussian mixture model 

PCA Principal component analysis 

PPO Proximal policy optimization 

DZ Deposition zone 

HAZ Heat-affected zone 

RZ Remelting zone 

SEM scanning electron microscopy 

DQN Deep Q networks 

PD Packing Density 

MLP Multilayer Perception 
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Symbols used in this 

study  

Unit Definition 

𝜖𝑑  J/mm³ Laser Energy Density  

e - Coefficient of resititution 

ν - Poisson’s ratio 

α 1/K Thermal coefficient 

cp J/kg·K Specific Heat 

k (can also be denoted 

as 𝜆) 

 

W/m·K Themal conductivity 

E MPa Youngs Modulus 

ρ kg/ m³ Bulk density  

k N/ 𝑚2 Spring constant 

AED J/mm³ Area Energy Density (Laser energy density 

absorbed by material per unit volume) 

𝑚𝑖 kg Mass of particle i 

𝑢𝑖  m/s Velocity of particle i 

𝑑𝑢𝑖

𝑑𝑡
 

 

m/s² Acceleration of particle 

𝐹𝑖𝑗
𝑛 

 

N Normal contact force from j to i 

𝐹𝑖𝑗
𝑡  

 

N Tangential contact force 

𝐹𝑖𝑗
𝑎 

 

N Adhesive force 

𝐹𝑖
𝐵 

 

N Body force (e.g., gravity) 

𝐼_𝑖 

 

kg·m² Moment of inertia of particle i 

𝜔𝑖 rad/s Angular velocity of particle i 
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𝑀𝑖𝑗
𝑡  

 

N·m Torque due to tangential force 

𝑀𝑖𝑗
𝑟  

 

N·m Torque due to rolling resistance 

𝑘𝑛 N/m Normal stiffness 

𝛿𝑖𝑗
𝑛  m Normal overlap/displacement 

𝑛𝑖𝑗 - Unit normal vector between particles 

𝜂𝑛 kg/s Normal damping coefficient 

𝑢𝑖𝑗
𝑛  m/s Normal relative velocity between particles 

𝑒𝑛 - Normal restitution coefficient 

𝑚𝑖𝑗 

 

kg Reduced mass particle of i,j 

𝜋 - pi 

𝑙𝑛 - natural log 

μ  Coefficient of friction 

μ𝑆𝑝𝑤 - Coefficient of static friction- (particle wall) 

μ𝐷𝑝𝑤 - Coefficient of dynamic friction- (particle wall) 

𝜇𝑆𝑝𝑝 - Coefficient of static friction- (particle particle) 

𝜇𝐷𝑝𝑝 - Coefficient of dynamic friction- (particle 

particle) 

SE  J/m
2
 Surface energy (use to denote adhesion) 

AIF φ (◦) Angle of internal friction 

𝑇(𝑥, 𝑦, 𝑧, 𝑡) K(Kelvin) Temperature at position and time 

W W/m³ Heat source intensity (volumetric) 

∇2𝑇 K/m² Laplacian of temperature 

𝜕𝑇

𝜕𝑡
 

K/s Time rate of temperature change 

𝜕𝑇

𝜕𝑛
 

K/m Temp. gradient in normal direction 

𝑞 W/m² Heat flux 

𝛾 W/(m²·K) Heat exchange coefficient (convective) 
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𝑇𝑓 K (Kelvin) Ambient/fluid temperature 

𝜎 Pa Cauchy stress tensor 

𝜀 –  Total strain 

𝜀𝑒 – Elastic strain component 

𝜀𝑝 – Plastic strain component 

𝜀𝑡ℎ – Thermal strain component 

𝐹𝑣  

 

N/m³ Body force per unit volume 

D10 μm The largest 10% particle size  

D50 μm The largest 50% particle size 

D90 μm The largest 90% particle size 

𝐼0 W/m² Maximum beam intensity representing laser 

power per unit area 
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1 Introduction  

Additive manufacturing excels in crafting intricate designs and complex geometries, 

revolutionizing industries from aerospace to healthcare. Moreover, its efficiency and resource 

optimization are aimed at innovation and sustainability, reshaping the manufacturing 

landscape for the future. [1] 

The Laser Powder Bed Fusion (LPBF) technique is one among several processes of additive 

manufacturing (AM) [2]. In this process, loose powder material is deposited uniformly onto a 

build platform and is then melted and fused using a Laser, which acts as a heat source.[2], [3]. 

While L-PBF seems to be useful and robust with active use in industries, some defects arise in 

this process that lowers its efficiency and cause failure in a product. Understanding and 

controlling these defects is essential for optimization of the L-PBF process and achieving top-

quality, reliable parts. The melt pool is a complicated interplay of process parameters, 

significantly influencing defect formation and ultimately affecting the part quality. Hence, 

process monitoring and process parameter optimization are critical to achieving instant high-

quality parts[4]. Traditional process optimization approaches, such as Design of Experiment 

(DOE) methods like Taguchi or full factorial DOE, can be both high in costs and time-

consuming, as they require manufacturing and analysis of many physical specimens[5]. 

Moreover, some of these methods can only optimize singular process parameters at a time. On 

the contrary, application of machine learning is found to be favorable in process optimization 

compared to traditional methods due to its ability in parameter prediction without requiring 

prior knowledge of the underlying mechanisms of the system[6]. Machine learning techniques 

such as Convolutional neural networks (CNN), Artificial neural networks, Support vector 

Machine (SVM),Gaussian Radial basis network (RBF) and Reinforcement Learning (RL) 

have shown promising results in real time process monitoring, control and optimization [3], 

[7], [8], [9]. 

Reinforcement Learning has emerged as a powerful tool to tackle complex control systems 

and process parameter optimization by automatically learning control policies through its 

interaction with simulated environments and using feedback to enhance decision-making.[4] 

[5]. Due to its capability of self-learning and adapting to changing conditions of the simulated 

environment or previously unseen process parameters, it can access a more comprehensive 

range of information and strengthen its decision-making process accordingly, making it quite 

attractive for complex process optimization and control applications.[10] Integrating 

Reinforcement learning (RL) with AM, especially to develop a control system for process 
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parameter optimization, is appealing due to the possibility of increased efficacy in the process, 

increased part quality, and ease of process [11]. There has been some exploration in RL 

methods for making a control policy for process parameter optimization to detect and mitigate 

defects in a melt pool, although few as compared to other Machine learning techniques.[7], 

[12].  

The motivation behind this study is to improve the performance of Laser Powder Bed Fusion 

process(L-PBF) by optimizing key process parameters using this novel and emerging 

technique of Reinforcement learning (RL). This approach is a significant step towards 

intelligent control system capable of minimizing defect formation in L-PBF through process 

parameter optimization. To apply this motivation, accurate modeling of the L-PBF process is 

required. Understanding how key process parameters influence the thermal and physical 

phenomena of the material and process is essential, as they affect the melt pool behavior and 

defect formation. Using traditional experimental investigation is often tedious and expensive 

for the scale of this study. Hence, we rely on high-fidelity numerical methods such as 

Computational Fluid Dynamics (CFD) and Finite Element Modeling (FEM) to model this 

process[6] With this in mind, this study is structured into three main research objectives: - 

1. Simulate the melt pool behaviour for SS316L material.  

- We investigate the ability to generate melt pool profiles that reflect realistic 

behaviour for a few scanning speed (V) and laser power (P) combinations, and 

understand how these parameters influence the melt pool depth. This also includes 

applying proper validation methods to ensure the simulations obtained are reliable. 

2. Studying the L-PBF process through FEM. 

- Accurately modelling the L-PBF process and capturing the relevant thermal and 

mechanical phenomena that result in deformations. We also aim to apply 

appropriate validation methods and analyse the results.  

3. Designing a control system using Reinforcement learning (RL)  

- Building a smart control system using an RL method, capable of selecting optimal 

process parameters (P and V) through reward-driven learning, hence minimizing 

deformation. Furthermore, we also evaluate the learning behaviour and the 

performance of the RL agent based on its convergence. 
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1.1 Additive Manufacturing 

1.1.1 Introduction to Additive Manufacturing 

The acceptance of Additive manufacturing processes has been increasing due to their benefits, 

such as increased manufacturing speed and the reduction of conventional processes, such as 

die punching and casting, which require numerous specialized tools.  Some other key benefits 

are the cleanliness and versatility of the AM processes, short time for prototyping, and the 

ability of low volume on-demand production. [13], [14], [15] To create a part in AM, there 

are several steps involved, which are highlighted in Figure 1. Usually, Computer-aided design 

(CAD) is used to make a 3D object or surface that will be compatible with printing in an AM 

machine. The next step is to set the machine up for adjusting the energy source, defining layer 

thickness, and preparing the material tailored to the specific AM process.  

Once the setup is ready, the part is ready to be built by the machine through an automated 

process.[14]

  

Figure 1 Steps involved in the AM  process [14], [16] 

After building and removal of the part through appropriate safety measures, it may not be 

directly used due to various reasons, such as the parts still being weak, built with additional 

supporting structures that are mostly vestigial, poor surface finish, or part dimensional 

inaccuracies; hence, post-processing is required to increase the part functionality, features, 
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and appearance. These post-processing techniques can be mechanical, chemical or Laser 

based treatments as shown in Figure 2 [16], [17], [18].  

 

Figure 2 Various post-processing techniques  

According to the ASTM/ISO standard terminology[19]There are seven AM processes. 

Table1. summarises the working principles of these processes and highlights their benefits. 

 

 

AM PROCESS WORKING PRINCIPLE BENEFITS REF 

VAT 

Polymerization 

Layer by layer printing of a 

photopolymer such as resin 

and then a light source such 

as UV light or visible light 

is used to solidify it. 

 Three different techniques 

are used: stereolithography, 

digital light synthesis 

(DLS), and digital light 

processing (DLP).  

There are two techniques 

for scanning, which can be 

either top-down 

configuration or bottom-up 

mask projection. 

- High precision and 

capable of 

achieving a high 

resolution, 

excellent thermal 

resistance, and 

smoother texture 

of the finished 

part. 

-  Low shrinkage, 

fast curability, 

which is rarely 

achievable in any 

other AM 

techniques. 

- Less material 

waste and cheaper 

due to 

stereolithography 

materials being 

cheaper and 

available  

[14], [20], [21] 
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  -   

Powder Bed 

fusion 

Powder bed fusion process 

involves spreading layers of 

metal powder on a build 

platform one after the other.  

With the help of a heat 

source such as laser or 

electron beam the powder is 

fused in a layer wise 

fashion until a part is 

created.   

- Great for small-scale 

parts as it gives high 

dimensional accuracy 

for complex, detailed 

parts used in heavy-

duty industries.  

- A higher percentage 

of medical devices 

printed through L-

PBF are FDA 

approved, making it a 

favourable choice 

over other AM 

processes.  

 

 

 

 

[22], [23] 

Material Jetting In Material Jetting, a 

photopolymer which is 

stored in a tank, is 

transferred to the nozzle 

and deposited on the build 

platform drop by drop.  

A light source, such as a 

UV lamp, is used for curing 

it. Support material such as 

wax is required to support 

the integrity of the part. 

 

 

- Ability to control 

elasticity and 

transparency.  

- High quality due to 

being able to control 

layer thickness.  

- Versatility with 

colour. Low surface 

roughness. 

[24], [25] 

Binder jetting Powder particles spread on 

a build platform are bonded 

to create a desired part 

using a binding agent 

flowing from a print head.  

The powder material can be 

either ceramics or metal, 

and the binding agent is 

usually an adhesive, for 

example, resin or silica 

- Almost all Powder 

materials are used in 

this process as it 

offers versatility. 

-  Material leaves little 

residue after 

thermolysis. 

- The need for support 

structure is reduced, 

hence making this 

process highly 

desirable for the 

healthcare industry. 

[26], [27] 
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Table 1:- The seven AM processes and its advantages 

 

 

 

 

 

 

Directed 

deposited 

Energy (DED) 

A laser is used to melt 

powder feedstock that is fed 

through a nozzle on a built 

platform. A melt pool is 

created, and the process is 

repeated by moving the 

nozzle until the desired 3D 

part is created.  

- DED can produce 

larger parts than L-

PBF due to more 

design autonomy.  

- Printing in non-

horizontal surfaces is 

also possible.  

- It is a hybrid and 

more dynamic 

offering both additive 

and subtractive  

[28], [29] 

Solid state 

lamination 

Characterised as one of the 

oldest methods of Additive 

manufacturing. In this 

process layer by layer 

welding of metal sheets on 

a laminated workpiece is 

achieved using a hot press. 

Then the desired 3D shape 

is cut out of the top layer 

and the unnecessary parts 

are discarded and cannot be 

reused.  

- Inexpensive raw 

materials, quick and 

low-cost 

manufacturing. 

- Parts can be deployed 

immediately after 

they are fabricated. 

- Material can be 

managed easily and is 

environmentally 

friendly 

[14], [30], 

[31] 

Material 

extrusion                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                               

In Material extrusion a 

polymer material either in 

wire or pellet form is fed 

into a deposition unit and 

dispensed through a nozzle 

in a molten form. The 

molten material falls into a 

movable built platform and 

is solidified. This process is 

iterated layer-by-layer until 

the desired 3D part is 

created 

- Widely used for fast 

and low-cost 

prototyping 

- Broad range of 

materials can be used 

for ME ranging from 

polymers to plastics 

and composites. 

 

[32], [33] 
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1.2 Laser Powder Bed fusion 

Powder Bed fusion technologies have been quite versatile, innovative, and rapidly developing 

both for research and commercial purposes in advanced manufacturing industries. Figure 3. is 

a schematic illustration of the L-PBF process.  

All PBF processes share a similar component: (1) A built platform (2) A powder reservoir 

where fresh powder is stored and dispensed on the build platform (3) A recoater blade to 

spread the powder layer, and (4) a heat source such as a laser or electron beam. The powder 

layer is melted selectively by the heat source, in a layer wise fashion according to the part 

designed in the CAD software. After the creation of one layer, the build platform lowers and a 

new powder layer is spread. This process continues until the required 3D part is fully 

created[23], [34], [35]. The build chamber is protected with inert gas such as argon to avoid 

oxidation, which happens when the powder such as titanium and magnesium are exposed to 

oxygen at high temperatures[35].  

Powder Bed Fusion uses either a sintering or a melting process. It can be classified by the 

following techniques [36]:- [31] 

• Selective Laser Sintering(SLS):-  

• Electron Beam Method (EBM):-  

• Selective Laser Melting (SLM):- 

• Direct Laser Metal Sintering:- (DLMS) 

The difference in these techniques is that in sintering the particles of the powder melt partially 

and bond but not homogeneously vs in melting techniques the particles are fused together 

completely by fully melting and rapidly solidifying. In this study we are focusing on SLM due 

to its high precision and compatibility with building complex geometries[37].  

Due to its ability of precision melting with high efficiency, laser is one of the most important 

components in L-PBF. The Laser type and its intensity are quite important in determining the 

speed of the build or the time of print and is also an essential process parameter that 

determines the quality of the L-PBF produced part. The most widely used lasers are either 

CO2, Nd: YAG or diode and fiber lasers. CO2 lasers is the most common type of laser used. 

It is quite economical with good beam quality and high output power however Nd:YAG is 

said to be better suited as it is better absorbed by metallic powders[38], [39].  
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Figure 3 Diagram of L_PBF process, reused from [35]. 

 

Processing Parameters 

Due to LPBF being a complex process in nature, the manufacturing process of a part involve 

interactions between its process parameters, and they can impact the functionality, 

performance, and quality of the final fabricated product.,  [34]. The individual parameters are 

laser power (P), scanning speed (v), hatch spacing(h), and layer thickness (t), and the 

combination of  these process parameters affects the laser energy density, which in turn 

influences the heat transfer and grain growth needed for densification of molten tracks in the 

L-PBF process[40]. The laser energy density is calculated by the formula 

                                                   𝜖𝑑 =
𝑃

𝑢⋅ℎ⋅𝑑
                                                     (1) 

Where 𝜖𝑑  is the energy density of the laser (J/mm³), u is the scanning speed, h is the hatch 

spacing, and d is the layer thickness. Hatch spacing is the distance between two adjacent scan 

tracks measured from their centers, while layer thickness is the height of a powder layer when 

spread on the powder bed and then melted Fig 4. illustrates the concept of hatch spacing and 

layer thickness. There have been several experiments to determine the effect of process 

parameters on the thermal, mechanical, and microstructural properties of a material.  
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Figure 4 represents hatch spacing (h) and layer thickness (t). Cross-section of the melt pool 

has a radius (r) and an overlapping height (τ) between two melt pools [41] 

Saedi et. al [40]conducted a study to check the effects of laser power and scanning speed on 

Ni50.8Ti49.2 alloy. They concluded that proper densification of a part required a combination of 

high laser power with high scanning speed or low laser power with low scanning speed. 

Higher energy density also enhanced the texture formation due to solidification in a specific 

crystallographic axis. Wei et. al [42] observed discontinuous scanning track can cause a non-

uniform microstructure of AZ91D particles. Additionally, non-uniform microstructure and 

poor bonding between particles can be caused due to overlapping regions, which occur when 

hatch spacing is more than the track width.  

Based on the detailed review by Chowdhury et.al[34] Table 3. provides a summary of 

different process parameters such as laser settings, scanning settings, powder attributes, 

temperature parameters, and their effects on the L-PBF process. 
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Table 2 Overview of different process parameters and their effects on the L-PBF process [34] 

1.3 Materials in L-PBF 

Metal powder materials used in the LPBF process are usually single metals, alloys, and 

superalloys of materials such as nickel, titanium, aluminium, copper, iron, and various other 

alloys [43], [44]. They are produced using 5 different techniques, i.e Gas atomization (GA) 

process, mechanical attrition and alloying, Solid state reduction, Rotating electrode process 

(REP), and chemical processes. Table 2. highlights the most commonly used materials, their 

benefits, and applications studied in different industries so far.  

The surface texture of a part produced in L-PBF is influenced by powder properties. These 

properties can be categorised into three groups: particle morphology, physical properties, 

and microstructural properties [45], [46]: - 

Process parameters 

categories 

Specific parameters Effect of the parameters 

Laser power Laser spot size, pulse 

frequency, and type of 

laser beam 

Determines the energy density 

and melt pool dynamics. High 

power leads to higher melt pool 

penetration 

Scanning Settings Scanning speed, scanning 

method, hatch spacing 

Scanning settings affect the part 

surface, and can cause residual 

stress. Scanning method can be 

changed to improve 

densification results.  

 

 

Powder attributes Powder morphology, PSD 

and layer thickness 

Finer particles and small layer 

thickness enhance fusion 

between particles and increase 

laser penetration. This improves 

powder flowability and 

densification. Powder bed 

density contributes to high 

thermal conductivity and better 

mechanical properties of the 

part 

Temperature parameters  Powder bed temperature 

and Feeding unit 

temperature. 

Powder bed temperature is also 

influenced by powder 

morphology and PSD and it 

varies depending on laser 

absorptivity of the powder bed. 
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1. Particle Morphology. –  

Particle Morphology comprises size, shape, and surface roughness. They contribute to the 

flowability, packing characteristics, bulk density, and uniformity of particles.  

• Particle size: - Uniform particle size ensures even distribution of powder particles 

on the bed. Excessively fine particles can cause agglomeration, while irregular size 

affects the surface topography of the particle.  

• Particle shape: - Spherical-shaped particles and smooth surfaces contribute to the 

consistent particle density, reducing interparticle friction and improving the part 

quality.   

• Surface roughness: - Surface roughness affects the flow and fatigue strength of the 

final part.  

2. Physical Properties: -  

Physical powder properties include density, flowability, and particle size distribution.  

• Apparent density: - This is the mass per unit volume of the powder particles, including 

their spatial arrangement. It influences the packing density, interparticle forces, and 

agglomeration of powder particles.  

• Tap density: - It is the maximum packing density of powder particles when subjected to 

a mechanical vibration, and it helps determine powder behavior during recoating.  

• Flowability: - Improved by reducing Van der Waals forces between particles. An 

optimal flow can be improved by adding additives such as surfactants or nanoparticles.  

• Particle size distribution (PSD): - PSD determines how the powder is distributed on the 

powder bed and ensures high packing density (PD) of the final part. A balanced 

mixture of fine and coarse particles can minimize gaps between particles and ensure 

good flowability and reduced porosity of the particles. 

3. Microstructural properties: -  

• The powder’s microstructure affects the mechanical properties of the build part. 

• It is managed by controlling the temperature of the powder bed, reducing thermal 

gradients and stresses during the manufacturing process. Oxygen and outside 

contamination must also be controlled to avoid agglomeration. 
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Table 3:-  Different types of materials processed in L-PBF and their applications 

1.4 Defects found in L-PBF process 

The dynamic interplay of processing parameters causes defects to arise at any stage during the 

L-PBF process and affect the part geometry at a physical or structural scale. These defects can 

be categorized as: - 

• Powder related  

• Processing induced 

• Post-processing related 

• Nanoscale defects  

• Equipment-related defects  

Metals and alloys Advantages Applications REF 

Titanium (Ti) and titanium-

based alloys 

such as Ti6Al4V, Ti–4.2Fe–

6.9Cr (TFC) and Ti–4Fe–

6.7Cr–3Al (TFCA) 

Strong mechanical 

properties, High 

corrosion resistance, 

light in weight 

Used in biomedical 

applications such 

as orthopaedic 

implants  

[34], [47], 

[48] 

Nickel (Ni) and nickel-based 

alloys such as IN625, IN718, 

Waspaloy, Vitallium, Ni–Cr 

and 

Ni–Ti alloys  

Excellent mechanical 

properties, high 

elasticity and ductility, 

high tensile strength 

Used in aerospace, 

chemical and 

petrochemical 

industries, medical, 

automotive and 

metal processing 

mills 

 

 

 

[47], [49] 

(Fe) and its alloys such as  

316 Stainless steels, Fe–Ni 

and Fe–Nd–B 

Compatibility with 

MRI machines 

making it easier for 

biomedical use, high 

biodegradability 

compared to other 

materials. low cost 

and easy to 

manufacture 

Used in 

automotive, 

biomedical and 

aerospace 

applications and 

dentistry 

[34], [47], 

[50] 

Aluminium (Al) and its alloys 

such as  

Al-Cu/Al-Cu-Mg, Al-Zn-Mg 

Good heat resistance, 

high tensile strength, 

good corrosion 

resistance. 

Used in marine 

applications, and 

power electronics 

[51] 
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This study only focuses on minimizing defects caused by process parameters, specifically due 

to laser power and scanning speed. Therefore, in the next section, we will review some defect 

types that are directly influenced by these parameters[52].  

 

Common defects found in the L-PBF process 

1. Balling: -  

Balling is the formation of balls or droplets of metal instead of a smooth layer of molten pool. 

Poor contact between the melt pool and the powder substrate, combined with high viscosity, 

enhances surface tension, causing little spherical droplets of a semi-solid and liquid to form 

instead of a fully liquid melt pool. [34], [52]. Fig 5. gives an illustration of balling for a single 

powder layer. 

 

 

Figure 5 Balling effect (adapted from [53]) 

Li et.al [54] experimented to observe balling effects on pure nickel (Ni) and 316 L stainless-

steel powder for single track, single powder layer, and multiple powder layers. Two types of 

balling phenomena were observed: ellipsoid and spherical. Ellipsoid balls measured about 

500um, whereas the spherical balls were smaller and only measured 10um, hence not 

affecting the part quality as significantly. On the other hand, ellipsoidal balls caused 

coarseness and were shown to have hindered the powder recoating process. The influence of 

different laser power, scan speed, and layer thickness combinations on balling was 

investigated and can be seen in Fig. 6. A thinner layer thickness incurred decreased balling 

phenomena and improved wettability as seen in Fig. 6q. whereas in Fig. 6r. scan speed was 

kept constant at 100m/s and only increased at the intervals of 0.15-0.8 m/s. There is no 

significant increase in balling except for enlarged pores when the scan speed is 0.8mm. Fig 

6s. investigated the effect of balling on increasing laser power. At P= 190 W only a few 
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spherical balls are observed compared to laser power 70 W, which cannot produce continuous 

scan tracks. Through these observations, it was concluded that the combination of higher laser 

power (150-190W) and lower or fixed scan speed induced high energy density, which helped 

reduce balling and improve wettability, resulting in the scan tracks being more continuous. 

Additionally, increasing the oxygen content in the build atmosphere helped reduce balling.   

 

 

Figure 6. Balling phenomena observed in Ni and 316L powders for different process 

parameters. (q) Effect of increasing layer thickness: (a) Continuous scan tracks at 0.05 mm 

layer thickness showing minimal balling; (b) Single continuous scan track at 0.1 mm layer 

thickness with pronounced balling. (r) Effect of increasing scan speed: (a) 0.15 mm/s, (b) 0.3 

mm/s, (c) 0.4 mm/s, (d) 0.8 mm/s. Increased scan speed leads to increase in balling. (s) Effect 

of increasing  laser power: balling observed at 70 W, 90 W, 110 W, and 150 W. Higher laser 

powers produce more stable melt pools and reduced balling effect. [54]. 

 

2. Keyhole Porosity: -  

Keyhole porosity is the formation of a deep, narrow void in the melt pool due to the 

relationship between the laser and material during the L-PBF build process. At high energy 

densities, recoil pressure arises due to quick vaporization caused by laser fluence. This causes 
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a large amount of vapor depression in the metal at one focal point during fusion between 

successive layers, causing a hole-like structure to form in the melt pool [55]. Wang et.al [56] 

studied keyhole pore formation for Ti-6Al-4V powder through Multiphysics simulation. As 

seen in Fig 7. the results show two phases of keyhole formation. First, there is instant bubble 

formation caused due to unbalanced forces (combination of drag force, pressure differences, 

and velocity gradients) on the keyhole wall. Then these bubbles are pinned to the 

solidification front/base of the melt pool, due to localized evaporation at the keyhole's bottom. 

The bubbles are unable to escape to the surface due to high-speed drag force. Eventually, this 

will cause unstable and non-uniform recoil pressure, making the keyhole collapse and finally 

the formation of keyhole pores.  

 

Figure 7 Key hole pore illustration. (𝑃𝑟𝑒𝑐) represents recoil pressure, 𝑃𝑙 represents pressure 

due to fluid motion, 𝑃𝑠 represents pressure from surface tension, and 𝐹𝐷 represents drag 

force. b1 and b2 are instant bubbles pinned on the solidification front due to keyhole 

instability [56].  

Huang et.al [55] characterized that these key pore formations change based on the area energy 

densities. The Area energy densities (AED) can be represented as the following formula 

                                            AED =
𝑃𝑙

𝑣𝑙 𝑑𝑙
                                                         (2) 

where 𝑃𝑙 is laser power 𝑣𝑙 is scan velocity, and 𝑑𝑙 represents laser spot size. As AED 

increases, keyhole depth increases, meaning laser penetration of the material is too high. 

Energy density is sensitive to process parameters; hence they need to be adjusted for optimal 

melt pool formation. High laser power can increase energy density; however, combined with 

an increase in laser scan velocity and low ambient pressure, can decrease keyhole porosity. 

[55], [56]. A study conducted by Guo et. al [57] also states that the higher the laser power 
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higher the penetration; however, they can be managed by adjusting laser scanning speed and 

laser spot size. Adjusting these parameters will decrease energy density, thereby decreasing 

keyhole pore formation significantly.  

3. Surface Roughness: -  

Surface roughness in L-PBF is caused due a variety of factors such as process parameter 

settings, material properties, oxidation by atmospheric gases during build process and powder 

adhesion. They can be classified into two types: - Top surface roughness and side surface 

roughness. Side surface roughness occurs due to ‘stair stepping effect’, which is a 

phenomenon observed especially in curved surfaces on the build part. It is caused due to 

various factors such as inclination angle, layer thickness, part orientation and powder 

adhesion. Top surface roughness on the other hand can be due to other defects such as balling, 

spattering and overlapping of scan tracks [58], [59].  

In some cases, higher scanning speeds can improve some of the surface roughness quality 

while in some cases, maintaining the scanning speed and increasing the laser power can 

reduce surface roughness. Additionally, reducing hatch spacing plays an important role in 

preventing overlapping tracks, thus reducing surface roughness. In conclusion, it is crucial to 

strike a balance between various process parameters to keep the top surface roughness and 

side surface roughness minimized [25], [26],[58]. Although surface roughness cannot be 

completely eradicated by managing processing parameters only, as the fabricated part will 

need some post-processing methods to produce the desired surface. Yildiz et.al [60] 

concluded in his experiments that rough or fine polishing of the surface during post-

processing can improve the quality of the part without compromising the strength of the 

material. 

 

4. Cracking (due to residual stress):-  

Due to thermal expansions and contractions of a material increase in thermal strains and stress 

can occur. This accumulates high residual stresses in the material, causing deformation, 

fatigue, and crack initiation. Thermal stress is caused due to uneven heating and uneven 

thermal expansion and shrinkage, while structural stress is caused due to phase 

transformations in the L-PBF process. When stresses exceed the yield strength, plastic 

deformation will occur, leaving the solid part with distortions or cracks. Premature cracking 

can also be triggered due to other defects, such as a lack of fusion or pore formation [61] [62]. 

Different processing parameters can be tested under tensile loading for optimal material 

selection and low crack initiation level. Besides that, even higher ductility processing 
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conditions can be utilized for low cyclic stress applications. Lower laser power can improve 

the cooling rate during solidification because it produces smaller grains and dendrite cells, 

which branch the cracking out more, in turn improving fatigue resistance. [62] 

 

5. Lack of fusion: -  

These defects look like asymmetrical, elongated pores extending beyond 50 μm as shown in 

Fig 8. They can be caused due to unmelted powders or insufficient overlap between layers, 

which can lead to premature initiation to cracking and eventually interfere with the fatigue life 

of a built part[52], [63]  Tang et.al [64] proposed a defect model to predict lack of fusion 

defect, which highlights proper selection of processing parameters such as the hatch spacing, 

layer thickness and choosing near optimal melt pool dimensions can help reduce lack of 

fusion defect. The melt pool needs to be deeper than the layer thickness, and its width should 

be more than hatch spacing. The proposed equation to predict lack of fusion is 

                                           (
𝐻

𝑊
)

2

+ (
𝐿

𝐷
)

2

≤ 1                                               (3)                                                          

where H and L are process parameters, hatch spacing and layer thickness, respectively. W and 

D represent melt pool dimensions width and Depth respectively; lastly L is layer thickness. 

When the correlation between process parameters or melt pool dimensions do not fulfill the 

given condition lack of fusion is formed. Cacace et.al [65] studied the ranges of optimal 

energy densities to prevent lack of fusion defects using Monte Carlo simulations. They 

experimented on a range of hatch spacing and scanning speed combinations for steady power 

values at P=150 W and P=200W. Parameter combinations with high power gave optimal 

(low) energy density values to reduce the probability of lack of fusion. The important factor 

was primarily having high laser power, other parameters and the build rate can fluctuate in 

small amounts without causing significant lack of fusion defect.   
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Figure 8 Schematic and optical image of a cross-section of melt pool showing lack of fusion 

defect [52] 

 

6. Spattering: -  

Spattering occurs during laser and metal interaction in the build process when particles are 

ejected from the melt pool. It forms when a laser beam hits the melt pool and forms a deep 

depression, causing quick vaporization and the generation of a metal plume. The metal plume 

applies a force on the rear wall of the melt pool, and droplets of metal are ejected from its 

surface. There can be two types of spattering: droplet spatter and powder spatter. Droplet 

spatter, also known as hot spatter, occurs due to an unstable melt pool caused by recoil 

pressure. Molten metal is ejected from the melt pool surface in the form of jets and reduced to 

droplets by metal vapor because of the Marangoni effect, driven by surface tension gradients. 

Furthermore, powder spatter, also known as cold spatter, arises when unmelted powder 

particles around the melt pool are ejected because it gets swept along with protective gas flow 

and the impact of metal vapor [66] [67]. Fig 9. represents the schematic diagram of spattering 

showing the occurrence of both powder and droplet spatter.  
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Figure 9 Schematic diagram of Spattering [67] 

Spatter is technically unpreventable in L-PBF as it is a byproduct of the process; however it 

may be reduced to an extent by controlling process parameters[66]. Multiple parameters such 

as Laser power, scanning velocity, laser spot diameter, and layer thickness, affect spattering. 

Chen et.al.[68] found that high laser power can increase spatter and it can be managed by 

keeping the melt pool temperature between melting and boiling points. To achieve this, it is 

important to regulate the laser power, adjust the energy density, and ensure the laser beam is 

evenly distributed. Alternatively, Luo, et.al [69] demonstrated that if laser power is higher 

than 150 W, spatter can be significantly reduced due to the melt pool being deep enough and 

well penetrated. For scanning speed, the effects are different on cold and hot spatter. Higher 

scanning speeds may help reduce hot spatter, but it can increase cold spatter. In regards to 

laser spot size, the bigger the spot diameter, the more spatter is suppressed as it stabilizes the 

melt pool. Lastly, when it comes to layer thickness, the spatter reduces when the layer size is 

twice of the powder particle diameter, as it improves the melt pool stability and improves heat 

dissipation[66] 

1.5 Analysing L-PBF using FEM 

Finite element method (FEM) is a type of numerical method used to compute physical and 

mathematical problems that depend on a finite set of parameters. It is more useful than other 

analytical methods, which are generalizations of reality and are only applicable in a few 
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situations in real-time. A mesh of finite elements discretizes a structure and helps in the 

visualization of any mathematical model, making it easier to analyze the structure and study 

its physics, such as stresses involved, thermal analysis, flows, and other unknown 

patterns[70]. Due to benefits such as ease of simulation, decreased computational time, FEM 

is a desirable, a high-fidelity simulation method and an excellent alternative to real-time L-

PBF printing process, especially in research contexts.[71]. 

FEM is based on fundamental equations of heat transfer and solid mechanics equations to 

study thermal and structural responses in materials.  

Thermal Analysis 

During thermal analysis, the heat transfer emerging from powder-laser interaction is studied. 

Consider the temperature of an object is 𝑇(𝑥, 𝑦, 𝑧, 𝑡)at given position (x,y,z) at time t.Then the 

governing heat conduction equation is given as [72]:- 

                                  
𝜕𝑇

𝜕𝑡
−

𝜆

𝑐𝜌
∇2𝑇 =

𝑊

𝑐𝜌
                                                                            (4) 

Where: - 𝜌 =  𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑏𝑗𝑒𝑐𝑡      𝜆 =  thermal conductivity 

             𝑐 =  𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦             𝑊 =  ℎ𝑒𝑎𝑡 𝑠𝑜𝑢𝑟𝑐𝑒 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 

Furthermore, The three boundary conditions applicable to equation (4) are:-   

a. temperature distribution over objects surface for all time instances.  

b. The heat flux density normal to the object at any point and  

c. convection and conduction conditions along any point of the object’s boundary.  

They are expressed as the equation: -  

−𝜆
𝜕𝑇

𝜕𝑛
= −𝑞 + 𝛾(𝑇 − 𝑇𝑓)                                                                            (5) 

Where: -   

𝑇 =  𝑎𝑚𝑏𝑖𝑒𝑛𝑡 𝑡𝑒𝑚𝑝𝑒𝑟𝑡𝑢𝑟𝑒                                            

𝛾 = 𝑡ℎ𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 ℎ𝑒𝑎𝑡 𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒 

𝜕𝑇

𝜕𝑡
=  𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛𝑎𝑙 𝑑𝑒𝑟𝑖𝑣𝑎𝑡𝑖𝑣𝑒 𝑎𝑙𝑜𝑛𝑔 𝑠𝑢𝑟𝑓𝑎𝑐𝑒 𝑛𝑜𝑟𝑚𝑎𝑙 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝑐ℎ𝑎𝑛𝑔𝑒 

𝑞 =  ℎ𝑒𝑎𝑡 𝑓𝑙𝑢𝑥 

The initial temperature distribution of the object at t=0 is given by the equation               

                                   (𝑇)𝑡=0 = 𝑓(𝑥, 𝑦, 𝑧)                                                                             (6) 

Mechanical analysis  

The temperature field 𝑇(𝑥, 𝑦, 𝑧, 𝑡) from equation 4is applied as a temperature load to the 

mechanical model. This thermal load induces thermal strains, leading to stresses and 

deformations due to thermal expansion and contraction of the material [73].   
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Some of the important governing equations for mechanical analysis are summarised below 

Equation (7) gives the governing equation of mechanical equilibrium, which states that 

internal and external stresses must balance out [73].   

                         ∇𝝈 + 𝑭𝒗 = 0                                                                                          (7)    

Where  𝝈 =  cauchy stress tensor        𝑭𝒗 =  𝑏𝑜𝑑𝑦 𝑓𝑜𝑟𝑐𝑒 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑣𝑜𝑙𝑢𝑚𝑒     

The stress-strain relationship is given by the Cauchy stress-strain formula  

                         𝝈 = 𝐶: 𝜺                                                                                               (8) 

Where 𝜺 =  𝑡𝑜𝑡𝑎𝑙 𝑠𝑡𝑟𝑎𝑖𝑛     

The total strain is further divided into 3 components                       

                       ε = εe + εp + εth                                                                                        (9) 

Where 𝜺𝒑 =  𝑝𝑙𝑎𝑠𝑡𝑖𝑐 𝑠𝑡𝑟𝑎𝑖𝑛      𝜺𝒕𝒉 =  𝑡ℎ𝑒𝑟𝑚𝑎𝑙 𝑠𝑡𝑟𝑎𝑖𝑛 

Several researchers have employed FEM based models to study different aspects of the L-

PBF process and conduct thermal and mechanical analysis of materials under various 

conditions. Ullah et.al [73] used FEM software Abaqus to study melt pool dimensions and 

predict geometric distortions for AlSi10Mg powder. He validated melt pool dimensions by 

simulating it in Abaqus using a double ellipsoid Goldak heat source model. Song et.al [71] 

simulated the entire L-PBF process using the AM module in Abaqus and compared the 

simulated residual stress values to XRD results. 

1.6 Importance of in-situ process monitoring techniques 

So far, we have established how crucial the relationship between process parameters is and 

the effect of it on the melt pool. This highlights the need for process monitoring to closely 

observe and control these parameters. Process monitoring can be performed both in situ 

(during the build process) and well as ex situ (post-mortem analysis after the build process).  

In Situ measurements can be categorized into five levels as explained in Table 4 . [74] 

 

Monitoring levels  Monitoring process Monitoring parameters 

Level 0 Measurements are done 

using embedded sensors to 

take care of the operating 

conditions of the process 

and detect anomalies or 

unstable conditions  

Operating parameters of 

the machine, such as 

pressure in the chamber, 

external temperature, 

oxygen content, signals 

from motors, inert gas 

flow, build plate 

temperature, and installed 

filter conditions, 
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Table 4 Five levels of in situ level monitoring 

In situ monitoring techniques offer a deeper and more precise way to measure process 

parameters during the LPBF process and help us optimize them in real time.  

Combining in-situ monitoring with machine learning analysis enables effective management 

of large amounts of data and optimizes relationships between process parameters and material 

properties, leading to improved part quality[3]. Furthermore, this can help design control 

strategies for the minimization of defects or controlling processing conditions. However, in 

situ monitoring techniques have their challenges when it comes to managing the large size of 

data, storage of data, and real-time monitoring. For example, X-ray computed tomography 

(XCT) generates high volumes of data, which compromises its spatial resolution, hence 

hindering its ability to detect defects. Hence, integration of ML makes it easier and swifter to 

monitor in-process defects  [3], [75]. 

1.7 Types of Machine Learning in In-Situ Monitoring of L-PBF 

For the detection of anomalies in in-situ monitoring, both supervised and unsupervised 

learning methods have been studied. Supervised learning, such as Convolutional Neural 

Networks (CNN), Support Vector Machine (SVM), and Multilayer Perception (MLP), along 

with high-speed cameras or vision sensors, can effectively predict defects such as porosity 

level, balling, and undermelting, with an accuracy of  90- 92%[3], [76]. Scime et al [77] used 

computer vision to predict locations of poor build quality and detect unique anomalies due to 

the scan pattern that wouldn’t have been noticed by conventional methods.   

Level 1 Measurements are done in 

the build area once or 

more per layer. 

Ensuring uniform powder 

distribution, preventing 

powder bed 

contamination, checking 

dimensional accuracy, and 

surface topography 

Level 2 Monitoring beam and 

powder bed interaction on 

the current layer 

Thermal history and other 

defects forming as by-

products 

Level 3 Monitoring beam material 

interaction and fusion of 

the particles i.e. melt pool 

Melt pool geometry and 

temperature distribution 

Level 4 Monitoring interacting 

between layers  

Gather information under 

the currently processed 

layer through X- ray 

images, ultrasonic and 

acoustic emissions 
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Due to their clustering, dimensionality reduction, feature learning, and detecting outliers, 

unsupervised learning can be convenient in defect detection, especially when a large amount 

of data is involved. Unsupervised learning methods such as K-means clustering or Gaussian 

mixture model (GMM) can detect defects related to hotspots in optical images.[3] [75].  Some 

more unsupervised techniques, such as Principal Component Analysis (PCA), have also been 

applied to manage the large data volumes from in situ imaging. In a separate study, Scime et. 

al [78] used feature extraction techniques such as Scale Invariant Feature Transform (SIFT) 

and Bag-of-Words (BoW) to enable scale-invariant representations of melt pool appearances, 

and these unsupervised insights were further used to train a supervised classification model 

capable of recognizing melt pool types not seen during training. However, supervised learning 

tends to offer higher predictive accuracy and has been explored in research extensively, likely 

due to its reliable performance across various applications. Furthermore, Arindam Paul et.al. 

[79] explored various other ML algorithms such as random forests, XGBoost, Ada boost and 

ERT to create a closed-loop control system for laser path, speed, and temperature parameters 

of the DED process. ERT showed the least error in the predictive model as compared to other 

methods, as it seemed to increase bias and decrease variance. Through this method, he was 

able to essentially increase the simulation speed and bring real real-time control model for the 

process.  

1.8 Machine learning in Process Optimization and Control 

ML is no longer limited to process monitoring and defect detection as new emerging research 

is moving towards process optimization via smart control strategies. More interest is being 

shown in analysing/recognising defect patterns and creating a control system that can at least 

predict adjustments to essential process parameters such as laser power or velocity. This can 

prevent defect occurrence, hence improving the part consistency as well as increasing 

productivity and reducing material waste [80]. Yao. Et al[81] made an optimal control policy 

to manage layer-by-layer defect formation using Markov’s decision process. The layer defects 

were computed using multifractal analysis, which captures a spectrum of irregular patterns in 

the process. They are quantified using Hotelling 𝑇2 method, which is a multivariate technique 

shown to represent the defect index of every layer within the build process. Fig 10. depicts the 

process of the algorithm to take a corrective decision if the defect level exceeds the control 

limit (purple area) in each layer. A more industry-based control architecture was proposed by 

Reiff et.al [8]where control systems such as PLC and CNC are integrated with Field 
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programmable gate array (FPGA). An integrated three-dimensional map stored in the PLC 

controls the relationship between process parameters, and this was controlled in real time 

using a Gaussian Radial basis (RBF) network. The simulation results in this case showed a 

48% reduction in powder bed temperature. Masinelli et al[82]. recently proposed the use of 

reinforcement learning (RL) to control defects by tracing their propagation through acoustic 

emission (AE) signals. More research is needed in this field as it is still largely unexplored. 

1.9 Reinforcement Learning in a Control Policy 

Reinforcement learning has attracted increasing attention for its potential learning to monitor 

and optimize process outcomes. Due to its ability to learn iteratively, it functions as an ideal 

feedback mechanism for the monitored process. In this way, we not only monitor/detect 

defects while processing we can also possibly train the processes to take their own corrective 

measures, basically making the algorithms self-learning [82] [3].. But what is Reinforcement 

learning? We know, Supervised learning has labels or training set and the algorithm has to 

categorize the data based on previously trained data, while in unsupervised learning, the data 

is unlabeled so the algorithm uses pattern recognition, cluster formation and classification 

However, in Reinforcement learning, the algorithm tries to maximize its reward signal based 

on the learning experience from its environment. It works more like semi-supervised learning, 

as there is no predefined data[10] 

 

Figure 10 control policy action by Yao et.al [81] 
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To maximise rewards, a reinforcement learning agent should favour actions that it has learned 

to be successful from previous experiences. However, to identify these successful actions, it 

must also explore previously unchosen actions. Once the agent learns the actions that yield the 

highest rewards, it tends to exploit them to maximise future rewards. However, it must also 

explore other actions in order to make better long-term decisions and discover potentially 

better strategies. It is sort of similar to a human brain, which tends to learn from experience 

and has to explore actions they have not used before to get better results. Interaction is 

involved between active decision-making agents and their environments, where the agent will 

achieve a goal despite the uncertainty in its environment. Decisions are based on what the 

algorithm has already experienced using exploration and exploitation.[10] Reinforcement 

learning has been tested or implemented successfully in a few games, such as tic-tac-toe, or 

the Go game. There are various reinforcement learning methods, such as epsilon greedy, Q 

learning, or Proximal policy optimization (PPO), and extensive research is ongoing to 

implement this for L-PBF process optimization. Francis Ogoke et. al [12]was able to create a 

control policy using PPO to optimize power and velocity process parameters and maintain 

melt pool depth for single-layer deposition using different scan trajectories. Dharmadhikari 

et.al. [7] used Q learning method to find optimal P-V parameters to maintain a steady-state 

melt pool depth. Wasmer et al.[83] established the viability of using acoustic emission (AE) 

signals combined with reinforcement learning and CNNs for in situ defect detection in L-

PBF. Their system accurately classified build quality based on AE patterns, enabling real-time 

monitoring of porosity-related defects.  

1.10 Role of melt pool and Importance of Melt pool monitoring 

A melt pool is generated when a laser scans across the powder bed, causing molten metal to 

form. The melting and bonding of powder involve various physical and thermal phenomena.  

The physical processes, such as surface tension, recoil pressure, gravitational forces, and 

capillary movement at melt pool boundaries, can cause the melt pool to change its shape and 

size. While thermal processes such as the heating effect, Marangoni effect, and heat transfer 

that occur during laser and powder interaction affect the melt pool stability and 

solidification.[32]  

Melt pool dimensions and geometry are a reflection of the interaction between process 

parameters, scanning path, laser power, powder feedstock, material phase transitions, and 

flow phenomena of the material during the build process. This complex interplay between 

these factors facilitates the melt pool melting mode, which will influence how solid solid-



34 
 

liquid interface moves during the solidification process. These melting modes then affect the 

microstructures and defect formation in the melt pool. [34], [84] 

There are two melting modes described, keyhole mode and conduction mode, and they occur 

during high laser energy density and low laser energy density, respectively. Due to heat 

conducting downwards in conduction mode, a shallow and wide bowl-like shape of melt pool 

is created, and the solid-liquid interface migrates in the direction of the printing process. This 

creates less spatter, fewer defects, and a smooth, stable melt pool. On the contrary, in keyhole 

mode, due to high energy density, the material vaporises, creating a deep hollow cavity due to 

high laser penetration and multiple internal reflections inside the cavity. The solid-liquid 

boundary in this case conducts laterally as the melt pool solidifies. This kind of melting mode 

can create more instability and is quite risky, but also suitable for denser parts.[84] 

Melt pool shape and microstructural characteristics, such as grain geometry, size, orientation, 

and phase dispersion, are closely interrelated and dependent on each other, and accurate 

prediction of these characteristics is important for controlling large-scale part properties, such 

as its mechanical properties. Thermal conductivity, heat transfer conditions, solidus 

temperature, and nature of liquid flow influence solidification behavior and microstructural 

evolution of a material. [84], [85] 

The melt pool consists of three distinct zones: The topmost zone, called the deposition zone 

(DZ), the underlying remelting zone (RZ), and the heat-affected zone (HAZ) at the base, and 

their measured microhardness follows the order HVDZ = HVRZ > HVHAZ (HV stands for 

Vickers Hardness test)[84] [86]. A study conducted on Ti-6Al-4V by Yang et.al [86]on these 

three distinct zones of the melt pool show the effect of rapid solidification of molten metal. 

Temperature gradient (G) and solidification rate (R), which determine the grain structure and 

dimensions, are interconnected to each other by different combinations of “G*R and G/R”. A 

high G*R causes finer microstructures, while a high G/R causes coarser grain formation. As 

seen in Fig 11. the grain morphology (cellular, Planar, equiaxed, and columnar dendritic) is 

determined by this (G) and (R) relationship.  
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Figure 11 Impact of temperature gradient and solidification rate on the grain morphology 

and size of the solidified material [84] 

Cooling rate is another important factor in determining grain composition and crystal 

structure during solid-state phase transformation and also affects melt pool geometry. Rapid 

cooling leads to acicular martensite (α') formation in alloys, which is said to be a metastable 

state, while slow cooling leads to the formation of lamellar (α) phases. Microstructural-related 

problems can also be combated through remelting and reducing scan speed to reduce 

metastable phases.[84], [85], [86]Inconsistent melt pool geometries give rise to defects 

mentioned in section 1.4. In our case, the melt pool geometry, especially melt pool depth 

needs to be measured to be able to control or predict process parameters and find a way to 

optimize them. There have been many designs and experiments to make process optimization 

through melt pool geometry using in-situ monitoring, but machine learning is the most 

favourable method as they can be easier to deploy than some traditional methods which are 

data subjective and confined to specific material or specific AM processes [3] 
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2 Materials and methods 

The L-PBF process is highly influenced by parameters such as laser power and scan speed, 

which influence melt pool characteristics and thus the part quality. As shown in the 

motivation section of Fig 12. the specific goal is to maintain melt pool depth by finding 

optimal laser power (P) and scanning speed (V) parameters, eventually aiming to reduce 

waste and enhance productivity by minimizing the occurrence of defects due to deformations 

such as displacements, residual stresses or warping. 

The methodology section presented in fig 12. aims to use simulation-based approaches, 

supported by machine learning techniques, to develop a control framework that identifies 

optimal P and V parameters. Flow3D AM simulations are employed to simulate a melt pool 

for virtual observation and analysis. A powder bed is simulated by using powder properties, 

particle size distribution, and heat source intensity profile, all specific to our desired material, 

stainless steel 316L. The post-processing phase provides melt pool depth details, eliminating 

the need for costly physical experiments. The second step is creating a part-scale simulation 

using Finite Element Modeling (FEM) through Abaqus. FEM analysis, performed using AM 

modeler plugin in Abaqus, captures the physical phenomena within the L-PBF process by 

offering insights into its thermal and mechanical behavior. Through this we were able to 

evaluate deformations for various laser and scanning combinations. These simulations create 

a data-rich foundation for further statistical and machine learning analysis. 

A key step in our simulation methodology is the application of Response Surface 

Methodology (RSM) to analyze how laser power and scan speed influence deformations. This 

statistical approach also served to validate the displacement response obtained from 

simulations. The core of the control strategy is built around a Reinforcement Learning (RL) 

algorithm. We use Q learning method, where the agent interacts with a simulated environment 

and receives feedback in the form of rewards. The agent explores different state action pairs, 

trying to find the lowest deformation values, gradually converging to the optimal power and 

velocity value over thousands of episodes. The Q learning agent acts as a control system that 

learns to choose process parameters that minimize part deformation and maintain melt pool 

stability.  

The future work as mentioned in fig 12. could focus on automating and testing control 

strategies directly within Abaqus, and integrating them with actual L-PBF experiments for 
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more real-time feedback and validation. This would enable active control and immediate 

feedback to adjust parameters on the fly, improving process reliability and reducing defects. 

 

Figure 12 Motivation, method, and future application of the thesis 

2.1 SS 316L powder material   

SS316L is an alloy of Fe and due to its excellent mechanical properties, corrosion-resistant 

behaviour, and improved tensile strength, it is one of the most popular materials in additive-

manufactured parts for energy, biomedical, and various other industries, as mentioned in 

Table 2 (section 1.3). Extensive research has been conducted by researchers on its 

microstructural and mechanical properties, the effect of corrosion, and process parameter 

optimization. Fig 13 shows Fe and Fe alloys account for 32.3% of research studies among 

other powder materials used in L-PBF[47]. A study provided by Chaudry et.al [87] 

investigated heat accumulation on SS316L parts using FEM, which may be employed further 

in the optimization of process parameters to mitigate the said heat accumulation.  
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Figure 13 Pie chart for the percentage of Research published for different powder types used 

in L-PBF[47] 

2.2 Building melt pool using Flow 3D AM 

About Flow 3D  

FLOW-3D is a Computational fluid dynamics (CFD) software platform developed by Flow 

Science Inc. (USA), and it is specialised in solving thermo-fluid behaviour in L-PBF, 

enabling modelling of fluid flow, heat transfer, and phase change phenomena[88]. In this 

thesis, we use Flow 3D AM due to its near-accurate prediction of melt pool dynamics. Haapa 

[2] was able to successfully simulate powder bed for IN718 with 52% accuracy, hence we 

know that through predictive modelling in this software, it is possible to develop a 

fundamental insight into melt pool behaviour within the powder bed.  

Modelling in DEM 

The powder bed was generated with the base FLOW-3D software along with the DEM 

module. The DEM module is modelled based on the Lagrangian particle model and describes 

how discrete particles interact with each other, as well as with fluid, void, and boundary. 

While real particles can be non-spherical and elongated to reduce complexities, we consider 

our particles to be idealised solid spheres with some mass. There are several things to 

consider when particles interact with each other, such as their viscoelastic behaviour (using 

Voigt Linear Spring dashpot), interparticle friction (Coulomb friction coefficient, static and 

sliding friction), particle-wall friction, and adhesion. [85] 
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The DEM module allows users to specify dynamic and static friction coefficients as well as 

adhesive forces. Particle properties are also configured within the DEM module, including 

parameters such as density, coefficient of restitution, particle size, adhesion, and laser spot 

size.  

How DEM models Particle behaviour. 

1. Contact Force 

Consider two particles i and j in contact; the total translational force (gravitational, tangential, 

and normal) exerted on the particle is given by [88]:-. 

𝑚𝑖
𝑑𝑢𝑖

𝑑𝑡
= ∑ (𝑭𝑖𝑗𝑛 + 𝑭𝑖𝑗𝑡 + 𝑭𝒊𝒋

𝒂 ) + 𝑭𝒊
𝑩

𝑗≠𝑖                                                                            (10) 

The rotational force is defined as    𝐼𝑖
𝑑ω𝑖

𝑑𝑡
= ∑ (𝑴𝑡𝑖𝑗 + 𝑴𝑟𝑖𝑗)𝑗≠𝑖                                       (11) 

where 𝑴𝑡 =  𝑡𝑜𝑟𝑞𝑢𝑒 𝑑𝑢𝑒 𝑡𝑜 𝑡𝑎𝑛𝑔𝑒𝑛𝑡𝑖𝑎𝑙 𝑓𝑜𝑟𝑐𝑒 

and    𝑴𝑟 =  𝑡𝑜𝑟𝑞𝑢𝑒 𝑑𝑢𝑒 𝑡𝑜 𝑟𝑜𝑙𝑙𝑖𝑛𝑔 𝑟𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒. 

And to capture elastic deformation and energy dissipation, we use the Voigt Linear Spring 

dashpot model. The normal contact forces can be denoted as: -  

𝑭𝑖𝑗𝑛 =  〖 − 𝑘𝑛δ𝑖𝑗𝑛𝑛𝑖𝑗 − η𝑛𝑢𝑖𝑗𝑛, δ_{𝑖𝑗}^𝑛 > 0  

                 0,                                   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒〗                                                                   

Where the damping coefficient is           η𝑛 =
2 ln 𝑒𝑛√𝑚𝑖𝑗𝑘𝑛

π2+(ln 𝑒𝑛)2                                                 (12) 

and k is spring constant.  

(details and definitions of all variables can be found in nomenclature).  

 

Figure 14 Voigt dashpot model in normal and tangential direction used in DEM simulation 

[89] 
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This 𝑭𝑖𝑗𝑛 contact forces can be divided further in tangential and normal direction defined 

using coefficient of restitution (e) as shown in Fig 14.[2], [89] 

2. Contact Detection and Modelling 

To define the resolution of the model meshing process is important. In DEM simulations, the 

simulation area is divided into mesh cells, where the cell size must be greater than the 

maximum particle size. Similarly, to capture fine geometric details, a finer mesh than the 

geometric features is required. The way it works is that at a given time step, each particle only 

checks for contact with other particles in the closest neighbouring cells from its own cell. 

FLOW-3D uses ISEARCHOPT=0, which is a position-based exploration technique and 

searches the particles based on index-based proximity. ISEARCHOPT=1 is another technique 

based on cell index search-based technique. FAVOR is another vastly used numerical method 

used to represent geometry in a computational grid by occupying a fraction of each cell/face.  

Mesh boundaries require assigned boundary conditions, which define how particles interact 

with edges [2], [88], [90].  

Once the contact is detected, contact modelling occurs where the rebound velocity and 

direction of particle-particle and particle-wall interaction are dependent on the degree and 

orientation of their overlap, the stored elastic force, and energy dissipated through viscous 

damping. The overlap represents how particles deform and is influenced by the Young’s 

Modulus E and the spring constant k, depending on which type of contact model is used. 

The overlaps happen at dimensions measured in nanometers; therefore, the simulations only 

take short time steps to capture contact events. The overlap should not exceed  0.1–0.5% of 

the radius of the largest particle is recommended to improve computational efficiency. [2], 

[91].  

3. Parametrisation 

The necessary input parameters are determined by the type of contact modelling and the 

intricacy of the contact model. Some of the user-defined inputs are elastic forces that are 

represented by a spring constant k [N/m]. Friction is characterized by static and dynamic 

coefficients for both particle–particle 𝜇Spp,  , 𝜇Dpp and particle–wall μSpw,  μDpw interactions. 

Adhesive behaviour between particles is represented using surface energy (SE) in [J/m²]. 

Particle size distribution and density are also included. Studies suggest a further calibration 

and validation of the powder bed using qualitative or quantitative methods, but it was not 

feasible in this scope of work. Therefore, most of the input parameters and SS316L powder 
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properties we will need to simulate the powder bed are obtained from peer-reviewed sources 

to ensure physical realism. [2]  

Particle input parameters and chemical composition of SS316L 

The chemical composition of our powder material is as follows:.-[92] 

Element Fe      Cr      Ni Mo Mn Si C N P S 

Wt (%) Bal 16.0–

18.0 

10.0–

14.0 

2.0–

3.0 

2.0 0.750 0.030 0.100 0.045 0.030 

Table 5 Chemical composition of 316L used in this study.  

*𝜇𝑠𝑝𝑤 = Static friction Coefficient particle wall                       #𝜇𝑆𝑝𝑝= Static friction Coefficient particle particle 

#𝜇𝐷𝑝𝑝 = Static friction Coefficient particle particle                 ∗ μ𝐷𝑝𝑤  =dynamic friction coefficient particle wall 

Rolling and sliding friction is considered instead of static and dynamic friction, as found in literature  

 

 

Table 6   Particle and simulation parameters of SS316L used in Flow 3D AM simulations 

Parameters Symbol Unit  Value Ref 

Restitution coefficient e - 0.64 [93] 

Spring constant k N/m2   

*Coefficient of friction 

(particle wall) 

∗ μ𝑆𝑝𝑤 

 

 

- 0.2 [94] 

*Coefficient of friction- 

(particle wall) 

∗ μ𝐷𝑝𝑤 

 

- 0.18 [94] 

*Coefficient of friction 

particle- (particle- particle) 

#𝜇𝑆𝑝𝑝 

 

- 0.09 [93] 

*Coefficient of friction 

particle (particle- particle) 

#𝜇𝐷𝑝𝑝 

 

- 0.6 [93] 

Adhesion SE  J/m
2
 

 

0.001 [93] 

Particle size range - μm 10-70 μm for 

coarse and 1-20 

μm for fine 

particles  

[2], [92] 

Angle of internal friction 

(AIF) 

φ (◦) - 28.6 [95] 

Bulk density ρ kg/cm³ 7960 [92] 

Viscosity - kgms−1 7 × 10−3  [90] 

Powder layer thickness - μm 30  

Absorptivity - - 30% [92] 
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Particle size distribution 

The sizes of powder particles used in L-PBF are commonly in the range of 10-70 μm for 

coarse particles and 1-20 μm for very fine particles[2], [92]. The part performance depends on 

the size and shape of the particles as well as their flow and densification abilities. The aspect 

ratio of the particles matters too because larger spherical particles flow more than smaller 

ones, while smaller particles dissolve faster than the larger ones. Optimizing PSD is said to 

improve processing speed, surface roughness, and dimensional accuracy according to many 

studies[2], [96] The Powder size distribution is often described on the normal distribution as 

shown in Fig. 15. as D10, D50, and D90. These are percentile values that give a statistical 

representation of how fine or coarse the powder is. D50 or the median, refers to the particle 

diameter where 50% of the particle population is smaller than this value. D10 is the particle 

diameter where 10% of the particle population is smaller than. Similarly, 90 percent of the 

particle population lies below the D90 particle diameter. D10 has the finest particle diameters 

in the distribution, while D10 has the coarsest  [88], [96].   

 

Figure 15 PSD described in literature. D10 refers to 10% particles are very fine have small 

diameter than this size. D50 is the median where 50% particle diameter is smaller than this 

size and they may be medium sized, D90 means 90% of the particle diameter fall under this 

value. [96] 

The particle size distribution for SS316L where obtained from literature and the size classes 

were approximated as D10: 19 μm. D50: 30um and D90: 46um which means our finest 

particles are below 19 μm and the largest particles are under 46um giving us a fairly balanced 

distribution.[92], [97]. The graph below is a rough approximation of particle concentration 

according to size classes.  
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Figure 16 PSD approximation for D10: 19 μm. D50: 30um and D90: 46um[92], [96], [97] 

Multiphysics modelling in FLOW-3D 

Figure 17 shows the core FLOW-3D software that offers a large selection of physics models 

and analysis tools that can be integrated into the powder bed simulation. As shown in the 

simulated powder bed below, the physics chosen are Gravity, Viscosity, Phase changes,  

Heat transfer, Surface tension, and density evaluation.  

 

Figure 17 Multiphysics model applied on powder bed created in flow 3D. 
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An important model we need to define is the heat source, which in our case is a laser. We’ve 

used a Gaussian distribution in the simulation, and the mesh size is critical for achieving 

reliable energy resolution. The cell size should be small enough to capture the steepest 

gradient region of the laser spot, and 2-3 cells should span the laser spot to accurately 

represent the intensity distribution.[98] 

2.3 Part-scale simulation to study deformation using Abaqus 

Software 

For our FEM simulations, we used Abaqus, which is a comprehensive finite element analysis 

(FEM) software suite used for simulating a wide range of linear and nonlinear engineering 

problems. It supports various physics domains, including structural, thermal, electrical, 

acoustic, and fluid analyses. With a vast library of elements and material models, Abaqus can 

handle complex geometries and simulate the behaviour of materials like metals, polymers, 

composites, concrete, and soils. In nonlinear simulations, it automatically adjusts load 

increments and convergence criteria to ensure accurate and efficient solutions. 

Using Abaqus, we have aimed to get accurate thermo-mechanical predictions on a simulated 

workpiece. We performed two types of simulations for heat transfer analysis and stress and 

displacement analysis to identify any possible residual stresses in the component as well as 

the temperature distribution of the moving heat source(laser)[99] 

Part modelling 

To replicate a real-life experiment, the L-PBF part we created a basic solid 3D deformable 

workpiece of 1mm x 1mm x 1mm, size, and a slightly larger substrate size of 5mm x 7mm. 

The material properties of  SS316L were assigned to both the part and the substrate using 

sections, and most of the material properties were taken from literature [92], [97]. Key input 

parameters used were Temperature, conductivity, density, elasticity, expansion coefficients, 

latent heat plastic values, and specific heat. A detailed table is given in Appendix 1.B  

Since the laser beam will create high energy density on the powder layer path, a fine, 

structured hex mesh has been used for the workpiece, with a slightly coarser mesh has been 

used for the substrate. A symmetric (fixed) boundary condition has been applied to the 

substrate for the structural simulation, while a thermal Dirichlet boundary condition has been 

applied to the heat transfer simulation. A master slave constraint between the workpiece and 

the substrate replicating an L-PBF simulation is used for both thermal and structural models. 

Fig 18 shows the stages of the part modelling mentioned so far.[99] 
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Figure 18 Abaqus simulation stages. Top left:- Assembly of substrate and workpiece after 

creating a part. Top right:- Coarse and fine meshes for substrate and workpiece, respectively. 

Bottom right:- Boundary conditions on substrate (structural model). Bottom right- Tie 

constraint between the bottom of the workpiece (slave) and top of the substrate (Master) 

Heat source models  

We have two types of heat source models in Abaqus (1) Concentrated heat source (CHS) or 

(2) Goldak’s Double ellipsoid model. In our simulation, we decided to use CHS, which is the 

simplest, computationally fastest, and most straightforward model. In the CHS model, the 

distribution of the intensity of the heat flux is not defined in a fixed direction at a specific 

time. Instead, the laser spot is considered to be moving, with concentrated heat flux along a 

predefined path. This approach offers a simplified method for simulating a point energy 

source that follows a designed laser scanning trajectory. The moving heat source is assumed 

to follow a Gaussian distribution, forming the basis of widely used surface and volumetric 

heat source models. The equation governing the surface heat source model is defined 

as[100]:- 

𝑄𝑠(𝑥, 𝑦, 𝑡) = α𝐼0 exp (−2
(𝑥−𝑥𝑐)2+(𝑦−𝑦𝑐)2

𝑟2 )                                                                          (13) 

Where 𝑄𝑠= surface heat flux  𝛼= optical absorptivity, 𝐼0= max beam intensity, 𝑥𝑐  𝑎𝑛𝑑 𝑦𝑐 are 

the beam positions in x and y directions from its radius given by 𝑟. Max beam intensity 𝐼0 is 

given by the equation.  

𝐼0 =
2𝑃

π𝑟2                                                                                                                                   (14) 

The volumetric heat source model is used to measure volumetric heat flux 𝑄𝑣in a 3D space, 

and it is defined as [100]: - 
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𝑄𝑣(𝑥, 𝑦, 𝑧, 𝑡) = αβ𝐼0 exp [−2
(𝑥−𝑥𝑐)2+(𝑦−𝑦𝑐)2

𝑟2
− β(𝑧𝑐 − 𝑧)]                                                  (15) 

where 𝛽= coefficient of optical extinction centre (which means the area where laser is 

primarily absorbed) and 𝑧𝑐= beam centre along z direction. Fig 19 shows an illustrative 

diagram of the L-PBF process with a moving heat source [100], [101], [102] 

 

Figure 19 a. Schematic diagram of the melting process with a moving heat source. The 

intensity profile shows a Gaussian distribution .b. Cross Cross-section temperature profile of 

the melt pool generated [100] 

Am Modeller plug-in 

The Additive Manufacturing (AM) Modeler plug-in in Abaqus has features are specifically 

designed to model the L-PBF simulation process through its existing subroutine architecture 

and keyword interface. They are made accessible through table collections using reserved 

string identifiers beginning with "ABQ_AM". 

To accurately capture the physical phenomena involved in AM, the AM Modeler provides 

two core simulation tools: 

1. Progressive element activation for simulating the step-by-step deposition of material. 

2. Moving heat fluxes for modelling the thermal effects of the electron beam during the 

process. 

As illustrated in Fig 20a. The AM Modeler introduces three data types in the data setup 

section to manage the input data for L-PBF simulations: 

1. Event Series: 

This defines both the spatial path and time-dependent behaviour of an event. It must 

include columns for time (t) and position (x, y, z), and may also include additional 

user-defined dependent variables. In our simulations, two separate event series files 

are used, i.e, Roller and Laser path: 

o The roller event series defines the motion of the powder recoater. 
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o The Laser path event series defines the trajectory and heat input of the moving 

laser. This can either be user-defined or predefined. We used a G-code 

software replicator G to predefine our laser and roller path.  

2. Parameter Table: 

This table is a predefined collection of parameters that is required to execute an event. 

For example, we can define the parameter moving heat source or material deposition 

using table collections later in the plugin. 

3. Property Table: 

This is used to define material or process properties that may vary with temperature, 

field, and state-dependent variables. For instance, the absorption coefficient in the 

moving heat source model is defined through a property table. 

Table Collections: 

Table collections, as seen in Fig. 20.c can be used to define the parameters from the parameter 

table that will be used in the simulation. In our simulation, we define the material deposition 

table collections and select the roller so that the powder deposition process can be captured in 

the simulation. The moving heat source event series and the type of energy 

distribution(Goldak or Concentrated) can also be defined similarly. [103] 

Furthermore, in the Model Setup and Simulation Setup section of the Am modeller, you can 

plot and view the event series on the workpiece and assign the material arrival from the roller 

event series, heating from the laser path event series and cooling if required. 

G code  

In L-PBF simulations using the Abaqus AM Modeler, G-code-like event series data is used to 

define the motion and characteristics of key process components such as the heat source or the 

powder recoater. Fig 20b. shows a typical line of event series data for our workpiece 

generated using Replicator G software, which slices STL files to generate G-code. It can be 

interpreted as follows: at 10 seconds into the simulation, the laser moves to the position 

(0.043 mm, 0.436 mm, 0.015 mm) in the X, Y, and Z directions, respectively, and applies a 

power of 150,000 W. For the recoater process, instead of power there’s roller velocity.  

Such data is typically fed into the simulation through an event series file that combines time-

position information with process parameters like power or amplitude. Fig. 21shows an 

outline of the plotted event series on our workpiece for a single layer.[103] 
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Figure 20 a:- AM modeller data types: Parameter table, property table, and Event series. b:- 

An illustration of how to interpret Event series c:- Table collection section where moving heat 

source can be defined along with the type of energy distribution desired. 

 

Figure 21 A single-layer Event series plot on work piece can be viewed through model setup 

section in AM modeller 
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2.4 Off policy Q learning 

Imagine you walk every day to school during the monsoon and do not take an umbrella 

because you estimate your car ride to school is only 10 minutes away. On day 3 however, a 

manhole is opened in the middle of the road, causing floods, and the estimated time to reach 

school has increased, supposedly to 20 minutes. Your initial estimate of 10 minutes to reach 

school is now too optimistic. Will you wait to increase your estimate to 20 minutes or wait till 

you reach school to update your estimate to 20 minutes? Just like the human brain would 

learn the situation and change the estimate to 20 minutes, temporal difference prediction (TD) 

in Reinforcement learning also has the ability to learn immediately and converge to a new 

estimate faster than any other RL methods, such as Dynamic programming or Monte Carlo 

methods.  [10] 

The value of a state 𝑉(𝑆) for a policy 𝜋 is initialised for ∀𝑠 ∈ 𝑆+ arbitrarily, where S ⊆ 𝑆+ 

denotes the set of all non-terminal states. The increment to 𝑉(𝑆′) at the next time step is 

performed immediately depending on the reward R.  The value of the current state is then 

updated using the TD update rule as [10]: 

                        𝑉(𝑆) ← 𝑉(𝑆) + α[𝑅 + γ𝑉(𝑆′) − 𝑉(𝑆)]                                                       (16) 

where α is the learning rate, and γ is the discount factor that deems the importance of future 

rewards. The term inside the brackets is known as the TD error, representing the difference 

between the current estimate value and the sum of the reward and the discount value of the 

next state (which is the target value we aim to achieve).  

TD prediction does not aim to improve the policy or take better actions, but rather to evaluate 

the given policy by learning more accurate estimates of state values through experience.  

TD prediction updates the value of a state 𝑉(𝑆) based on the reward received and the 

estimation value for the next state 𝑆′. On the contrary, Q learning is an off-policy TD control 

algorithm that applies the TD control method by learning the value of taking a specific action 

𝑎 in a particular state S.  

Q-learning focuses on the state-action pair 𝑄(𝑆, 𝑎), and learns the optimal policy by 

estimating the cumulative discounted return for taking action 𝑎 in a state S, regardless of 

whether the agent acts randomly or follows a greedy (best-action) policy during training. The 

algorithm updates its estimates using the Q-learning update rule [10]  

                           𝑄(𝑆, 𝑎) ← 𝑄(𝑆, 𝑎) + α [𝑅 + γ max
𝑎′

𝑄 (𝑆′, 𝑎′) − 𝑄(𝑆, 𝑎)]                     (17) 
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where α is the learning rate, γ is the discount factor, R is the reward received after taking 

action a, and max
𝑎′

𝑄 (𝑆′, 𝑎′) is the maximum predicted future return from the next state S′. 

Over time, Q-learning converges to the optimal Q-values, allowing the agent to make optimal 

decisions even in probabilistic environments with delayed rewards. [10] . 

Due to the benefits of off-policy flexibility, early convergence, and ease of implementation in 

Q-learning, we decided to use it in this study as a control system that learns to choose optimal 

P & V process parameters with minimized deformation, thereby maintaining the melt pool 

depth. Fig 22 represents the visualization of the Q learning method in our agent-environment 

interaction. In this setup, the laser acts as the agent, while the L-PBF process, simulated using 

finite element modelling (FEM), serves as the environment. The state S is defined by a 

discrete pair of (P, V)  representing the laser power and scan speed. At every step, the agent 

chooses an action that alters this state by adjusting either or both parameters (e.g., increasing 

or decreasing power or speed). After each action, the agent receives a reward R or a penalty 

based on the resulting deformation. The optimal outcome in this process is to guide the agent 

toward state–action pairs that minimize deformation. 

Through repeated interaction and learning, the agent updates its estimates of the Q-values, 

which represent the total expected reward for taking a specific action in a particular state. 

Over time, the agent learns a policy that favours actions leading to minimal deformation.[7] 

 

Figure 22 Visualization Q learning method in agent environment interaction. Laser acts as an 

agent and the L-PBF process that was simulated using FEM acts as the environment. State S 

is a discrete pair of (P,V) The action performed brings a change in (P,V) and is rewarded R 

or penalised based on the best state action pair with the lowest deformation (Fig adapted 

from Dharmadhikari et.al.[7].) 
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3 Results 

This section shows the results of the methodology mentioned above. Section 3.1 included 

results of melt pool creation from Flow 3D, including predicted melt pool depth values using 

Response surface methodology. Section 3.2 shows simulation results generated from the 

Abaqus model, and their corresponding displacement values, which were then validated using 

RSM. Finally, a plot of rewards obtained per episode was extracted to study the Q learning 

behaviour. 

3.1 Melt pool simulation Results 

Using the parameters for particle interaction and DEM simulation setup mentioned in section 

2.1 a powder bed was initially generated, followed by post-processing to simulate a melt pool 

for a single layer at a scanning speed of 700 mm/s and laser power of 150 W. The simulated 

melt pool was then validated against experimental results from the literature. The 

experimental melt pool had a width of 110 μm and a height of 100 μm, while the simulation 

results yielded a 20.91% deviation from the literature, with melt pool widths and heights of 

around 81 and 87 μm [92]. Fig 23a presents SEM images of the experimental sample (V = 

700 mm/s, P = 150 W), and Fig 23b shows a comparison between the simulated and 

experimental results.  

 

Figure 23 a.) SEM images of experimental sample from literature with V=700 mm/s and 

P=150 W b) Comparison of simulated and validated values, melt pool width and height 

Based on this, additional simulation studies were conducted for 4 more combinations of 

scanning speeds and laser powers as outlined in Table 7. 

Furthermore, Figs 24-28 present the post-processed melt pool images and the recorded melt 

pool depth values. 
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Table 7 Flow 3D Simulation setup conditions 

Case 1 

The post-processed images shown below are of the simulated melt pool (in red) with a 

scanning speed of 700 mm/s and laser power of 150 W, resulting in a depth of 87 μm. Figure 

24a presents the cross-section in XZ direction, while Figure 24b displays the top view of the 

melt pool 

Figure 24 a. Cross section of Melt pool for Case 1 in XZ direction b. Top view of the melt 

pool 

Case 2 

Fig 25 are post-processed images of the melt pool generated with 400 mm/s scanning speed 

and 75 W laser power. The melt pool depth was recorded to be 49 μm. 

 

Figure 25 a. Cross section of melt pool in XZ direction for Case 2 b. Cross section of melt 

pool in YZ direction 

  

 

Simulation 

conditions 

Laser Velocity V 

(mm/s) 

Laser Power P (W) Powder Layer 

thickness  (μm) 

Case 1 700 150 30 

Case 2 400 75 30 

Case 3 1000 75 30 

Case 4 1000 300 30 

Case 5 400 300 30 
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Case 3 

Fig 26 are post-processed images of the melt pool generated with 1000 mm/s scanning speed 

and 75 W laser power. The melt pool depth was recorded to be 24 μm. 

 

Figure 26 a. Cross section of melt pool in XZ direction for Case 3 b. Cross section of melt 

pool in YZ direction 

Case 4 

Fig 27 are post-processed images of the melt pool generated with 1000 mm/s scanning speed 

and 300W laser power. The melt pool depth was high and recorded to be 136 μm. 

 

 

Figure 27 Cross section of melt pool in XZ direction for Case 4 b. Cross section of melt pool 

in YZ direction 

Case 5 

Fig 28 are post-processed images of the melt pool generated with a low scanning speed of 400 

mm/s and the highest laser power of 300W. This case caused overpenetration because the 

melt pool went beyond the boundaries of the domain, which means the domain isn’t enough 

to fully capture the physical phenomenon in the powder bed. The melt pool depth was 

approximately measured between 250- 270 μm 
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Figure 28 Cross section of the melt pool in XZ direction for Case 5 b. Cross-section of the 

melt pool in YZ direction 

3.1.1  Melt pool depth prediction using response surface methodology 

To have a larger data range for Laser power and scanning velocity, we decided to include 

more process parameter combinations with the simulation setup conditions mentioned in 

Table 8 below: -  

Table 8 Additional Laser velocity and Laser power parameters 

Due to time constraints, conducting Flow 3D simulation for all these parameter combinations 

would be impractical, therefore Response Surface methodology was employed to statistically 

predict the melt pool depths.  

Response Surface Methodology (RSM) is a critical and reliable, analytical and quantitative s 

tool used for modelling and optimizing responses especially when several variables are 

involved. When the goal is to understand the relationship between input variables and to 

identify the conditions that yield an optimal outcome RSM is a valuable tool.  

In several RSM problems the response function needs to be approximated using a low order 

polynomial in a specific sample region. When the response behaves linearly, a first-order 

model is approximated which can be denoted as[104] 

Extended 

parameter 

conditions 

Laser Velocity 

(mm/s) 

Laser Power (W) Powder Layer 

thickness (μm) 

Case 6 1000 150 30 

Case 7 400 150 30 

Case 8 700 300 30 

Case 9 70  75 30 
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                                         𝑦 = β0 + β1𝑥1 + β2𝑥2 +  𝜀                                                            (18) 

where 𝜀 can be referred to as error function.  

If curvature exists in the response surface a higher order polynomial is preferred, such as a 

second-order model with 2 variables which is denoted as[104]: 

                          𝑦 = β0 + β1𝑥1 + β2𝑥2 + β11𝑥1
2 + β22𝑥2

2 + β12𝑥1𝑥2 +  𝜀                       (19) 

The main objectives of these models are to help approximate the true but unknown response 

function, allowing researchers to explore the topography of the response surface, such as local 

maxima, minima, and ridge lines, and efficiently determine the optimal max or min response. 

RSM relies on a well-planned experimental design and uses least squares estimation to fit the 

polynomial models. This approach is particularly useful in materials and manufacturing 

processes, where understanding how inputs affect output quality is critical for process 

optimization and control [104]. An example of RSM applications in manufacturing process is 

designing experiments to optimise surface quality of a machined part in a CNC operation by 

optimizing parameters such as cutting speed, feed rate, and depth of cut. Some approaches, 

such as factorial design of experiments, are used to define the upper and lower boundaries of 

each variable involved in the machining process. They are then employed to improve the 

optimization process using either first or second-order models[105]. 

To model the effect of laser scanning speed (v) and laser power (P) on the resultant melt pool 

depths for our remaining parameters, we approximated the relationship between the 

parameters using a second-order multiplicative polynomial function given as: 

                           𝑓(𝑣, 𝑃) = (𝑎1𝑣2 + 𝑏1𝑣 + 𝑐1)(𝑎2𝑃2 + 𝑏2𝑃 + 𝑐2)                                     (20) 

 The fitted coefficients were determined using Excel’s Solver tool, using the GRG Nonlinear 

solving method (due to the nonlinear nature of our model), which works by computing the 

gradient of the error and updating coefficients iteratively until an optimal solution is reached. 

The function was evaluated across the dataset, and Solver iteratively adjusted the six 

coefficients to minimize the sum of squared error between predicted and simulated melt pool 

depths. Once the coefficients were optimized, the fitted RSM model was applied to predict 

melt pool depth values for the extended parameter ranges. This approach allowed us to 

capture the nonlinear interaction between laser scanning speed and power with high accuracy, 

as validated with simulation data. The fitted coefficients calculated were: - 

𝑎1 = −6.7 × 10−6     𝑏1 = −0.00097, 𝑐1 = 0.277832  

 𝑎2 =  1.12 × 10−5        𝑏2 = 0.000797    𝑐2  = −0.01976     
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 Table 9 gives us the predicted melt pool depth function for Case 6-9 parameter conditions 

(refer to Table 8). The last column refers to the squared error between predicted and simulated 

melt pool depths  

*(𝑎1𝑣2 + 𝑏1𝑣 + 𝑐1)= e         ** (𝑎2𝑃2 + 𝑏2𝑃 + 𝑐2) =  𝑓 

 

Table 9 Effect of process Parameters on melt pool depth function. 

 

3.2 Displacement analysis via FEM simulations  

Table 10 presents both the simulated and predicted melt pool depth values for all 

combinations of laser power (P) and scanning velocity (V).  

Using these values, nine part-scale L-PBF simulations were performed in Abaqus and their 

maximum and minimum displacement magnitudes were obtained. Figures 29-37 show the 

results of the simulations obtained and their effects on our workpiece and the substrate. 

Scan 

Speed 

(v) 

[mm/s] 

Laser 

Power 

(P) 

[W] 

Melt pool 

depth (from 

simulations) 

e* 𝐟 ∗ Melt 

pool 

function 

(mm²) 

Melt pool 

predicted 

(×1000) 

Squared error 

700 150 0.087 0.177051 0.351333 0.062204 62.204 0.00061484 

1000 150 - 0.113664 0.351333 0.039934 39.934 7.70372E-34  

400 150 - 0.228322 0.351333 0.080217 80.217 0 

700 300 - 0.177051 1.225468 0.216971 216.971 0 

1000 300 0.136 0.113664 1.225468 0.139291 139.291 1.08308E-05 

400 300 0.27 0.228322 1.225468 0.279801 279.801 9.60554E-05 

700 75 - 0.177051 0.102906 0.01822 18.22 0 

1000 75 0.024 0.113664 0.102906 0.011697 11.697 0.000151372 

400 75 0.049 0.228322 0.102906 0.023496 23.496 0.000650471 

       
Sum of square 

error= 

0.001523569 
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Sim Case 1  

Fig 29 illustrates the deformation results from Abaqus obtained for P= 150W and V= 

700mm/s . The color contour represents the magnitude of displacement (UT, Magnitude), 

where red denotes the highest deformation and blue the lowest. The maximum deformation of 

approximately 3.76 × 10−2 mm occurs at the top surface of the workpiece, while the substrate 

remains largely undeformed. This simulation helps visualize stress accumulation and 

distortion due to thermal effects during fabrication.  

 

Figure 29 Structural simulation for Sim Case 1 for P= 150W and V= 700mm/s. Max 

deformation occurs at the top of the workpiece, while the substrate remains undeformed. 

Colour contours indicate the displacement gradient from 0 to 3.76 × 10⁻² mm. 

Sim Case 2 

Figure 30 illustrates the deformation results obtained from Abaqus for P = 150 W and V = 

1000 mm/s. The maximum deformation of approximately 3.93 × 10−2 mm occurs at the top 

Total no of 

part scale 

simulation 

cases 

Laser Velocity (mm/s) Laser Power (W) Melt pool depth (μm) 

Sim Case 1 700 150 87 

Sim Case 2 1000 150 39.934 

Sim Case 3 400 150 80.2 

Sim Case 4 700 300 216.971 

Sim Case 5 1000 300 136 

Sim Case 6 400 300 270 

Sim Case 7 700 75 18.22 

Sim Case 8 1000 75 24 

Sim Case 9 400 75 49 

Table 10 Laser velocity and Laser power values 
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surface of the workpiece, with a concentration at the center of the top layer. This simulation 

helps visualize stress accumulation and distortion due to thermal effects during fabrication.  

 

Figure 30 Structural simulation for Sim Case 2 for P= 150W and V= 1000mm/s. Max 

deformation occurs at the top of the workpiece, while the substrate remains undeformed. 

Colour contours indicate the displacement gradient from 0 to 3.93 × 10⁻² mm. 

Sim Case 3 

Figure 31 illustrates the deformation results from Abaqus obtained P= 150W and V= 

400mm/s. The maximum deformation of approximately 3.834 × 10−2 mm pretty similar to  

Sim 1 and Sim 2. 

 

Figure 31 Structural simulation for Sim Case 3 for P= 150W and V= 400mm/s. Max 

deformation at 3.83 × 10⁻² mm. 

Sim Case 4 

Figure 32 illustrates the deformation results from Abaqus for P= 300W and V= 700mm/s. 
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High displacement of 6.516 × 10−2 mm is concentrated at the centre of the top of the layer 

could be due to high laser power. 

 

Figure 32 Structural simulation for Sim Case 4 for P= 300W and V= 700mm/s. High 

deformation of 6.516 × 10⁻² mm occurs at the top of the workpiece.  

Sim Case 5 

Figure 33 illustrates the deformation results from Abaqus for P= 300W and V= 1000mm/s. 

High max deformation of 6.008 × 10−2 mm is concentrated at the centre of the top of the 

layer, similar to Sim case 4, albeit a little lesser due to the slight increase in scanning speed. 

 

Figure 33 Structural simulation for Sim Case 5 for P= 300W and V= 1000mm/s. High max 

deformation occurs at the middle of the top layer of the workpiece  
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Sim Case 6 

Figure 34 illustrates the deformation results from Abaqus for P= 300W and V= 400mm/s. The 

results are identical to Sim case 4 with a max deformation value of 6.515 × 10−2mm. 

 

Figure 34  Structural simulation for Sim Case 6 for P= 300W and V= 400mm/s. High max 

deformation occurs in the middle region of the top layer of the workpiece  

Sim Case 7 

Figure 35 illustrates the deformation results from Abaqus for P= 75W and V= 700mm/s. A 

low maximum deformation value of approximately 1.923 × 10−2 mm can be seen at the top 

surface of the workpiece, and top layers of the substrate seem to show a small deformation 

value of 3.250 × 10−3. 

 

Figure 35 Structural simulation for Sim Case 7 for P= 75W and V= 700mm/s. Max 

deformation of 1.923 × 10−2 mm occurs at the middle area of the top layer of the workpiece. 

The substrate also shows slight deformation of 3.250 × 10−3.  
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Sim Case 8 

Figure 36 illustrates the deformation results from Abaqus for P= 75W and V= 1000mm/s . 

 

Figure 36 Structural simulation for Sim Case 8 for P= 75W and V= 1000mm/s. Max 

deformation of 1.923 × 10−2 mm occurs at the top layer of the workpiece. The substrate also 

shows a slight deformation of 3.250 × 10−3.  

Sim case 8 is identical to Sim case 7, with a low maximum deformation value of 

approximately 1.929 × 10−2 mm, and top layers of the substrate seem to show a small 

deformation value of 3.215 × 10−3 

Sim Case 9 

Figure 37 illustrates the deformation results from Abaqus for P= 75W and V= 400mm/s. The 

max deformation occurred is the lowest among all sim cases with a value of 1.897 × 10−2 mm 

is seen at the top surface of the workpiece, and top layers of the substrate seem to show a 

small deformation value of 3.16 × 10−3 
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Figure 37 Structural simulation for Sim Case 8 for P= 75W and V=400 mm/s. Lowest 

deformation of 1.897 × 10−2 mm occurs at the the top layer of the workpiece. The substrate 

also shows a slight deformation of 3.16 × 10−3𝑚𝑚. 

3.2.1 Displacement response surface methodology 

Similar to the melt pool depth prediction and analysis done in section 3.1.1 RSM was not only 

used to statistically analyse how laser power and scanning speed affected deformations, but 

also served to validate the displacement response obtained from simulations. The second-

order multiplicative polynomial function to approximate the parameter relationship was of the 

same form as equation 20: 

𝑓(𝑣, 𝑃) = (𝑎1𝑣2 + 𝑏1𝑣 + 𝑐1)(𝑎2𝑃2 + 𝑏2𝑃 + 𝑐2)                                                              (21) 

The fitted coefficients found using GRG nonlinear solving method are as follows 

Where                         𝑎1 = −5.3 × 10−5     𝑏1 = −0.005572, 𝑐1 = 2.321736 

𝑎2 =  −0.0016         𝑏2 = 0. 143259   𝑐2  = −1.90826 

 

Table 11 gives us the displacement function as well as the comparison of simulation-derived 

and model-predicted melt pool sizes. The components of the formula (𝑎1𝑣2 + 𝑏1𝑣 + 𝑐1)  and  

(𝑎2𝑃2 + 𝑏2𝑃 + 𝑐2) breaks down how each parameter, P and V, was modelled using the 

function, resulting in the predicted displacement. The squared error between the simulated 

and predicted values are also listed to measure the model's overall accuracy. 
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v 

mm/s 

P 

(W) 

Displacement 

simulation values 

v*(𝒂𝟏𝒗𝟐 +

𝒃𝟏𝒗 + 𝒄𝟏) 
 

p* (𝒂𝟏𝒗𝟐 +

𝒃𝟏𝒗 + 𝒄𝟏) 
 

Displacement 

Predicted 

Squared 

error 

700 150 3.76E-02 2.450429 15.8759 38.9029 1.70E+00 

1000 150 3.93E-02 2.345583 15.8759 37.2383 4.42E+00 

400 150 3.93E-02 2.459275 15.8759 39.0433 0.4946 

700 300 6.52E-02 2.450429 26.2507 64.3256 0.6962 

1000 300 6.01E-02 2.345583 26.2507 61.5733 2.2299 

400 300 6.52E-02 2.459275 26.2507 64.5578 0.3510 

700 75 1.92E-02 2.450429 7.9100 19.3829 0.0234 

1000 75 1.93E-02 2.345583 7.9100 18.5536 0.5423 

400 75 1.89E-02 2.459275 7.9100 19.4529 0.3057 

     Sum of Squared 

error 
1.08E+01 

 

Table 11 Effect of process Parameters on Deformation function  

3.3 Q learning Results 

Based on the visualization done in section 2.3, it has been established that our agent is the 

laser and our domain is the L-PBF environment, governed by a reward function. The agent 

can operate in the state space (P, V) and is discretized as follows: 

• Scan speed v∈ [40, 100] mm/s with an interval of 0.1 in between 

• Laser power P∈ [75,300] W with an interval of 0.1 W 

To move to the next state 𝑆′ The agent could perform one of nine discrete actions at each step, 

defined as combinations of incremental increases, decreases, or no changes in v and P (which 

can be considered a null action), as shown in Figure 38. Each action tells the agent how to 

modify (P, V) 

 

Figure 38 Nine discrete actions in action space A. Increase is denoted by upward arrow and 

decrease is denoted by downward arrow  
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From the L-PBF process perspective, repeating the same (P, V) values neither explores 

alternative process conditions nor contributes to deformation reduction, offering no benefit. 

Therefore, actions that leave both parameters unchanged are excluded to avoid inefficient 

learning or poor results. 

The updated (P, V) is then passed to the reward function (v, P), which is our displacement 

from equation (21) 

𝑓(𝑣, 𝑃) = (𝑎1𝑣2 + 𝑏1𝑣 + 𝑐1)(𝑎2𝑃2 + 𝑏2𝑃 + 𝑐2) 

 

Then we introduce the conditionality that: - 

if f > 0: 

 return   
1

𝑓
 

As  
1

𝑓
 value increases, the f value decreases, lower the displacement 𝑓, the higher the reward 

received.  

Similarly, if f ≤ 0, then the state is being penalized by -1 

This reward is then used to guide future action selection via exploration or exploitation, and 

update the Q table using equation 17.[10] 

𝑄′(𝑆, 𝑎) ← 𝑄(𝑆, 𝑎) + α [𝑅 + γ max
𝑎′

𝑄 (𝑆′, 𝑎′) − 𝑄(𝑆, 𝑎)] 

 

Where: 

            𝑄′= updated Q values 

𝑆: Current state defined by (v, P) 

𝑎: Action taken in state S. 

              R = 𝑅(𝑆, 𝑎): Immediate reward after taking action 𝑎 in state S 

              𝑅(𝑆, 𝑎)  =  𝑟𝑒𝑤𝑎𝑟𝑑 𝑓𝑢𝑐𝑛𝑡𝑖𝑜𝑛  = 𝑓(𝑣, 𝑃) 

𝑆′: Next state after action 

γ max
         𝑎′

𝑄 (𝑆′, 𝑎′)=maximum expected reward for all future actions 𝑎′ from state 𝑆′ 

α = Learning rate  

γ =Discount factor 
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Role of Hyperparameters 

Hyperparameters are chosen before training to guide the agent's learning behaviour to 

minimize deformation. In our study, we used five hyperparameters[7] : -  

1. Learning rate (α)- Takes values between 0 to 1 and determines how quickly the Q 

value is updated in response to new information. A small value, such as α = 0.01, 

encourages gradual learning, while a larger value encourages quicker learning; 

however, these values can be unstable or noisy. In our study, the learning rate is set at 

α = 0.01 to encourage gradual learning. 

2. Discount factor (γ):- It controls the balance between future and immediate rewards. A 

higher discount rate focuses on long-term rewards. A mid-range discount factor, such 

as γ = 0.5, strikes a balance between short-term and long-term rewards. Hence, we 

have used both long-term discount factor γ = 0.7 and the mid-range γ = 0.5 in our 

algorithm.  

3. Exploration rate (ε):- Often called the exploration-exploitation trade-off parameter, 

as it governs the trade-off between the agent exploring new actions and exploiting the 

best action learned so far[7], [10]. In our study, the exploration rate has been varied to 

examine its impact on convergence behaviour and its effects on reward progression. 

Over time, ϵ was decayed multiplicatively by a factor of 0.9995. The decay rate 

reduces exploration over time, allowing the agent to explore less randomly and exploit 

the learned Q values for more stable rewards. 

4. Number of Episodes: - It’s the full learning cycle an agent experiences. More 

episodes provide more convergence but raise the computation time. In our study we 

have gradually increased the episodes from 50,000, 200000 and 1000000 episodes to 

study the convergence behaviour and computation time. 

5.  Max Steps: - Refers to the number of actions the agent can take in an episode. 

Although there are nine defined actions in the action space, the action that does not 

change v and P is not considered meaningful since repeating (P, V) doesn’t generate 

new deformation outcomes. Therefore, only 8 steps are considered in each episode. 
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3.3.1 Learning Curve Analysis 

For our algorithm, the Q-table was initialized with all values set to 10.0 to encourage early 

exploration. At each step, the agent selected an action using an epsilon-greedy policy 

to evaluate the learning behaviour of the Q learning agent. A plot of rewards obtained per 

episode was generated for hyperparameters. Learning rate (α), Discount factor (γ), 

Exploration rate (ε), Number of Episodes, Max steps per episode.  

The hyperparameters were tweaked for different configurations as shown in Table 15: -  

Configurations Learning 

rate (α) 

Discount 

factor 

(γ) 

Exploration 

rate (ε) 

Episodes Max 

steps/episode 

Epsilon 

decay 

Config A 0.01 0.5 0.2 (decayed 

over time) 

50000 8 0.9995 

Config B 0.01 0.5 0.4 200000 8 0.9995 

Config C 0.01 0.7 0.7 1000000 8 0.9995 

Table 12 Q learning Hyperparameters for three different configurations 

 

Config A rewards vs episodes 

Fig 39 shows the graph of the number of training episodes vs reward obtained by the agent in 

each episode for Config A. The reward was smoothed using a moving average to reduce noise 

and data fluctuations.  

 

Figure 39 Rewards vs episodes graph for Configuration A  
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Epsilon (ε) is 0.2 over 50,000 episodes, with 8 steps per episode, incorporating ε-greedy 

exploration with a 20% chance of random action selection.  

The discount rate (γ) is set to the mid-range to ensure a balance between rewards. As shown 

in the graph, the rewards show and steady increase, eventually stabilising with an increase in 

episodes. 

 

Config B rewards vs episodes 

Fig 40 shows the graph of number of training episodes vs reward obtained by agent in each 

episode for Config B. Here all hyperparameters such α, γ, and max steps was kept unchanged 

from the previous Config A, except for the number of episodes and ε, which was increased to 

0.4. They were increased from 50,000 episodes to 200000 to check the convergence 

behaviour. As shown in the graph, the rewards show moderately convergent behaviour. 

 

Figure 40 Rewards vs Episode graph for config B 
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Config C rewards vs episodes 

Fig 41 shows the graph of the number of training episodes vs reward obtained by agent in 

each episode for Config C. Here, hyperparameters ε, γ, and number of episodes were all 

increased to 0.7, 0.7 and 1000000. Similar to Config B, the rewards in Config C also showed 

rapid convergence, almost around the same episode, however, it took a longer computation 

time. 

 

Figure 41 Rewards vs episodes for Config C 



69 
 

4 Analysis and Discussion  

This section presents a detailed analysis of the Q-learning agent's performance in optimizing 

laser power (P) and scan speed (V) parameters for the L-PBF process. The results from the 

melt pool depth prediction and displacement simulations are interpreted alongside the agent’s 

reward evolution, policy behavior, and Q-value distributions. Key patterns in learning 

dynamics and their implications for parameter optimization in additive manufacturing are 

discussed, supported by reward trends and Q-value heatmaps. 

4.1 Simulated and predicted melt pool depths  

In section 3.1, the flow 3D melt pool simulations for Case 2 and Case 3 show narrow 

penetration and a shallow melt pool. This could occur because there is not enough energy 

input due to the scanning speed and laser power being too low. It could cause a plethora of 

defects, such as lack of fusion, weak mechanical properties and so on.  

 

Figure 42 Melt pool simulation case 2 at V= 400 mm/s  and P= 75W and case 3 at V= 1000 

mm/s and P= 75W show narrow penetration and shallow melt pool depth.  

For Case 5 with a low scanning value and too high laser power, overpenetration might be due 

to excessive input energy, causing a keyholing-type defect. The melt pool observed in this 

case is roughly between 270 to 300 μm. For simplicity purposes, we decide to approximate it 

to 270 μm. The simulation was accurate in measuring high displacement for this case and it 

was validated by the statistical model as well. 
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Figure 43 Case 5 with too high laser power leading to overpenetration 

In section 3.2.1, Table 10. we predicted melt pool depth values for some combinations of laser 

power and scanning speed using response surface methodology. From Fig 44 we can see the 

effects of scanning speed on the predicted melt pool depth values. The trend exhibited a 

nonlinear behaviour, where melt pool depth initially increased and reached a peak, and then 

decreased with increasing scanning speed. This relationship was modelled by fitting a second-

order polynomial curve. This suggests that high scan speeds lead to a shallow melt pool depth 

due to reduced laser material interaction time and decreased input energy where as low scan 

speeds can cause overheating or an unstable melt pool.   

 

Figure 44 Graph showing relationship between Velocity (mm/s)v and melt pool depth 

function. 
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Similarly, from Fig. 45 we can see the effects of laser power on the predicted melt pool 

depths. The response surface revealed a convex relationship, where the melt pool increased 

nonlinearly with increasing laser power. The curvature suggests that higher laser powers lead 

to a disproportionately larger melt pool depth, which can cause overpenetration and an 

unstable melt pool, as high laser power suggests higher energy density of the system. On the 

other hand, lower laser power gives a shallow melt pool depth. Both of these conditions could 

lead to defects.  

 

Figure 45 Graphical representation of laser power (W) vs melt pool depth values, where blue 

dots indicate Power vs simulated depth values and orange dots indicate Power vs predicted 

values. 

Discussions 

Both Flow 3D and Response Surface Methodology are effectively capturing the complex 

relationship between the input parameters and melt pool depth. 

• From the simulated results, Case 3 with the melt pool depth of 49 μm is the smallest 

melt pool depth at V = 100 mm/s and lowest power P = 75 W. 

• Predicted melt pool depths using RSM also resulted in a minimum melt pool depth 

was observed at highest scanning speed v = 100 mm/s and lowest power P = 75 W, 

while a maximum occurred at v = 100 mm/s and P = 150 W, consistent with the 

simulation trends. 
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• Hence, both predicted and simulated values suggest moderate scan speed combined 

with moderately high power is optimal for a desirable melt pool depth.    

4.2 Predicted and simulated deformation values 

In section 3.2, the deformation results for the nine part-scale L-PBF simulations performed in 

Abaqus were shown. Fig 46 shows the largest and smallest displacement observed out of all 

the simulations conducted. The smallest displacement of 1.89 ×10⁻²mm was found at V= 400 

mm/s P= 75W; however largest displacement of 6.516 × 10⁻² mm was recorded to be identical 

for two sets of (P, V) combinations: (1) V= 400 mm/s P= 300W, (2) V= 700 mm/s P= 300W   

 

Figure 46 a. Smallest recorded displacement at 400 mm/s and 75 W. Maximum displacement 

reaches approximately 1.89 ×10⁻² mm, concentrated near the on top layer of workpiece. 

Figures 43 b and 43 c share the largest displacement results at V= 400 mm/s P= 300W and 

V= 700 mm/s P= 300W. Maximum displacement reaches approximately 6.52×10⁻² mm, 

concentrated near the on top layer of the workpiece c. largest displacement observed from 

simulation at V= 400 mm/s P= 300W W. Maximum deformation for both reaches 

approximately 6.52×10⁻² mm 

The predicted displacement values derived using the Response Surface Methodology (RSM) 

show strong alignment with the Abaqus simulation results across all simulated cases, as 

illustrated in Fig 47. the bar chart compares the predicted and simulated deformations, 

showing only minor deviations while overall consistency remains good. Moreover, as shown 

in Table 11 (Section 3.2.1), RSM successfully differentiates between cases where the highest 

simulated deformation values were similar, depicting the model’s sensitivity to nuanced 
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trends. The highest predicted displacement value lies at 6.45×10⁻² mm at V= 400 mm/s P= 

300W.  

 

 

Figure 47 Comparison of simulated and predicted deformation values for nine input 

parameter sets (scan speed and laser power) 

Figure 48 Graphical representation of laser power (W) vs displacement function, where blue 

dots indicate Power vs simulated displacement values, and orange dots indicate Power vs 

predicted displacement values 
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Now, let us look at the behaviour of process parameters on predicted displacement values. Fig 

48 represents scanning speed vs the displacement function. The plotted curve shows a non-

linear dependence of displacement on scanning speed because initially the displacement 

function increases with velocity and then decreases. Another interesting feature of this graph 

is that overlapping data points and a randomly scattered plot make it difficult to find the 

relationship between velocity and displacement.  

 Fig 49 represents displacement vs laser power (W) also shows a nonlinear trend because 

initially the displacement function increases with power and then decreases very slightly. 

Unlike the scattered behaviour or values in the scanning speed vs displacement function, the 

power vs displacement function shows a clear upward trend.  

 

Figure 49 Graphical representation of laser power (W) vs displacement function where blue 

dots indicate Power vs simulated displacement values and orange dots indicate Power vs 

predicted displacement values 
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Discussions 

• There is a key difference in the simulated and predicted displacement values. The 

lowest predicted displacement is at v= 100mm/s, and P= 75W the predicted 

displacement value reaching approximately 1.855×10⁻²mm. However, in simulation 

values the combination V= 400mm/s, and P= 75 W shows the lowest observed 

displacement.  There could be few reasons for this  

(1) RSM being a smooth mathematical fit which is technically an approximation 

so it might fail to capture localised nonlinear behaviour that FEM can.  

(2) Furthermore, simulation captures more detailed physics of thermal and 

mechanical feedback, leading to lower deformation at low scanning speeds due 

to longer cooling times and reduced stress.   

• The highest predicted displacement value lies at 6.45×10⁻² mm at V= 400 mm/s P= 

300W due to RSM´’s sensitivity to nuanced trends. 

• When plotted against laser power, displacement shows an upward trend as opposed to 

scanning speed, which shows a scattered data distribution. This could suggest that 

laser power has a more dominant influence on deformations, indicating higher power 

leads to higher displacements. Scan speed on the other hand might have a lesser 

influence or it could be dependent on the laser power. Thus, deformation should be 

considered a result a complex relationship between P, V parameters rather than its 

effects in isolation. 

• Both the shallow melt pools from section 4.1 with process parameter combinations of 

V= 400 mm/s, P= 75W, and V= 1000 mm/s, P= 75W, respectively, also show the 

lowest displacement in both prediction and simulated deformation analysis. Melt pools 

with lower displacement values might be dimensionally accurate, have less residual 

stress, and improved fatigue life, but if they are too shallow, it can cause other defects, 

such as lack of fusion, that may compromise the part's integrity. Therefore, it is not 

sufficient to base a study on a single type of defect; a comprehensive evaluation 

considering multiple defect types is essential for process optimization. 

4.3 Interpretation of Q learning results 

To visualize the agent’s learning progression over time, the total reward per episode was 

plotted for 3 Configs, as represented in Table 12 in section 3.3. Additionally, a moving 

average (window size = 50) was applied to smooth fluctuations and highlight long-term 
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trends. Fig. 50 represents a graph of the number of training episodes vs the reward obtained 

by the agent in each episode for Config A. We saw the convergence to happen gradually over 

time and stabilise with an increase in episodes. The agent has learned a reasonably good 

policy around episodes 25,000- 27,000 with a reward of 0.0528, so it stops exploring new 

actions that give better rewards and starts exploiting the optimal action. It starts getting 

consistent reward of 0.0538 for selecting the best state action pair i.e  “increase in v and 

decrease in P”, and V= 100 mm/s and P= 75W. There is also a noticeable staircase structure 

in the rewards space, which might suggest that the agent gets stuck in the local maxima; 

however, we can see the agent improving eventually in chunks. 

 

Figure 50 Graph for Rewards over 50,000 episodes. The hyperparameters are described in 

config A. The Graph shows convergence around episodes 25,000- 27,000 with a reward of 

0.0528 

In Fig. 51, the graphs of episodes vs rewards obtained for config B and C are shown. The 

agent has converged quite swiftly compared to config A, considering the number of episodes. 

The convergence occurs around episodes 28,000- 30,000 for config B and at 150000 for 

config C, which is quite early if we compare it to the number of episodes in it. It starts getting 

a consistent reward of 0.0538 for selecting the best action “increase in v and decrease in P”, 

and the optimal state is V= 100 mm/s and P= 75W. Config B & C also show less staircase 

structure, which suggests less abrupt jumps in performance and stable convergence towards 
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optimal policy. More episodes indicate longer training and finer updates to the Q values, 

allowing a more balanced exploration-exploitation tradeoff.  

 

Figure 51 a. Graph for Rewards over 200000 episodes shows convergence around episodes 

28,000- 30,000 with a reward of 0.0538. The hyperparameters are described in config B  

b. Graph for Rewards over 1000000 episodes shows convergence around episodes 150000 

with a reward of 0.0538. 

Effect of hyperparameters on the convergence behaviour  

For all 3 configurations mentioned in Table 12, the hyperparameters Exploration rate epsilon 

(ε), Discount factor (γ), and number of episodes were changed. However, learning rate (α), 

Max steps/episode, and Epsilon decay were left unchanged. The effect of each 

hyperparameter on the convergence behaviour of rewards vs episodes is discussed [7], [10] 

Discount factor (γ): - In config A, when the discount factor (γ) is mid-range at 0.5. Slow and 

gradual convergence was observed, likely because the agent is neither too greedy nor too 

farsighted and prioritises stable learning. If the (γ) was too high, the agent would’ve had high 

fluctuation due to focus on long-term rewards, while if (γ) was too low, it would lead to a bad 

policy. In config C, when the discount factor is (γ) is at 0.7 the agent seems to converge the 

fastest; however, it is hard to know if it is due to the influence of only the discount factor, or 

increase in episodes or the exploration (ε) rate. Hence, it is safe to say that mid-range (γ) 

between 0.5- 0.7 is optimal.  
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Exploration rate (ε): - From Config A, B, and C that the exploration rate has been set to the 

values 0.2, 0,4, and 0.7, respectively. As observed, the convergence increases with an increase 

in exploration rate ε. Over time, ε was decayed multiplicatively by a factor of 0.9995 so that 

the agent becomes more confident and relies on greedy action selection, hence gaining more 

stable convergence.  

No of Episodes: - Increase in the no of episodes was increased gradually. Higher episodes 

lead to faster convergence, a smoother curve, and less staircase structure. Hence increase in 

episodes also contributes to stable learning and improvement in policy learning.   

Discussions  

• The total reward per episode was plotted for 3 Configurations, which show quicker 

convergence with changes in different hyperparameter values, suggesting that this 

algorithm shows good learning behavior. All three configurations consistently 

converged to the best state action pair to be “increase in v and decrease in P” and  V= 

100 mm/s and P= 75W, thereby aligning with the intended outcome of the reward 

function.  

• The stabilization of the reward values toward the later episodes confirms that the Q-

learning algorithm successfully converged toward an optimal policy, where the agent 

consistently selected high-reward actions in known good regions of the state space. 

• In Config A, B, C, the hyperparameter Exploration rate epsilon (ε), Discount factor 

(γ), and number of episodes were increased, and all encouraged rapid convergence; 

however more in-depth study is required to know if the increase in convergence is due 

to the influence of individual parameters or all hyperparameters together.  

• The best state in the algorithm is v= 100 and P= 75 W with the high rewards between 

0.00528- 0.00538. The algorithm is successfully learning that the lowest displacement 

will be at these values and it matches our predicted values using RSM. 

• This algorithm is still quite computationally intensive, especially when the number of 

episodes were increased to 1000000 for Q learning. Basic Q learning is a tabular 

method suitable for small action spaces and does not work well with large datasets. If 

we plan to expand this research more with structural RL algorithms or Deep Q 

networks combined with a neural network will be beneficial[106]. 
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5 Conclusions and Limitations 

This study successfully met its primary objectives centred around understanding melt pool 

behaviour, simulating melt pool depth and powder bed fusion process, and building a control 

system for selecting optimal melt pool values to minimise deformation. 

We introduced the concept and working principle of L-PBF, recognised the significance of 

melt pool dynamics and studied how variation in process parameters can lead to formation of 

defects. We also highlighted the importance of process monitoring and optimization and 

outlined the significant machine learning methods discussed in literature to achieve this. 

Some important insights we gained from fulfilling our objectives include: -  

1. Simulation of melt pool depth using Flow 3D and prediction and validation of melt 

pool depth through Response surface methodology (RSM).  

• The melt pool profiles were simulated and predicted for nine combinations of 

laser power and scan velocity. Both Flow 3d simulations and RSM captured 

the relationship between process parameters and melt pool depths effectively 

and in agreement with each other.  

• Optimal depths were seen at moderately high powers (P) and moderately high 

scan speed (V). This reduced the need for extensive physical experimentation, 

significantly saving time and resources. 

2.  Simulating the L-PBF process using FEM and studying the resulting deformations. 

Through the structural simulations in Abaqus, we found the displacement magnitude 

which indicated the highest and lowest deformations in our L-PBF process. Through 

RSM we were statistically able to validate these displacement values and compare 

both responses.  

• The predicted and simulated displacements although being close in values 

differed in deformation trends, likely due to the RSM making smooth 

approximations while FEM capturing detailed physical phenomena.  

• Low deformation is observed at high scan speeds and low power, they may 

lead to other defects, highlighting the need to balance deformation with other 

defects for improved part quality. 

3. Control System design was developed by using Q-learning algorithm which is a 

reinforcement learning method to learn the optimal scan speed and laser power for 

minimizing displacement.  
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• The method successfully converged to the most favourable state action 

parameter set (v = 100 mm/s, P = 75 W and an increase in V decrease p), 

matching well with results predicted using Response Surface Methodology 

(RSM), indicating the effectiveness of the learning approach.  

• Hyperparameters such as Exploration rate (ε), Discount factor (γ), and number 

of episodes showed accelerated learning behaviour and converged quickly as 

they were slightly increased.  

• Despite being successful, this tabular Q-learning approach was 

computationally intensive especially when the number of episodes was 

increased to 1000000 and future implementations would benefit from using 

more advanced and scalable methods such as Deep Q-Networks (DQNs) 

coupled with neural networks or other structurally guided reinforcement 

learning techniques[106].  

 

The implementation of simulation and reinforcement learning strategies was surely 

successful, although some limitations were identified.  

1. The material behaviour used both in simulations such as uniform thermal properties 

and simplified phase changes was simplified, approximated and taken from academic 

publications, which may not fully capture real-world complexities. The powder bed 

simulated using Discrete element method were oversimplified due to values taken 

from peer reviewed literature instead of proper qualitative and quantitative validation. 

This indicates that more in-depth long-term research needs to be applied on this study.  

2. Even though laser power and scan speed are the most common process parameters 

considered in literature for process optimization and building control systems for L-

PBF only focusing on two primary parameters may not be enough.  

3. The current use of tabular methods like Response Surface Methodology (RSM) works 

well for simple cases with limited process parameters, but it might not work the same 

in more complex situations when many parameters are involved. 

4. Simulation-based learning provides valuable insights, however experimental 

validation remains essential to ensure the real-world applicability and domain 

adaptation of the learned policy. Bridging the gap between simulated and physical data 

will help improve reliability and robustness of the control system. 
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5. Although Q-learning successfully showed convergence through the rewards vs. 

episodes graphical analysis, it is just one aspect of the evaluation of the learning 

dynamics of this method, hence a more comprehensive analysis is needed. This was 

beyond the scope of this study however, due to time constraints. Future work on 

hyperparameter interdependency, state map visualisation, Q table heat map should be 

studied to assess the algorithm’s performance and robustness. Moreover, the control 

system we created is more passive and tedious as it depends on offline analysis. 

Hence, a real-time feedback system is needed to enable continuous monitoring and 

simultaneous adjustment of process parameters, thereby reducing defects as they 

occur. 
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7 Appendix 1  

A. Q learning code used to created control policy 

import numpy as np 

import random 

import matplotlib.pyplot as plt 

import seaborn as sns 

 

# Constants 

a1, b1, c1 = -5.33335E-05, 0.005571812, 2.321736449 

a2, b2, c2 = -0.000164653, 0.143259306, -1.908263576 

 

def random_argmax(array): 

    max_value = np.max(array) 

    max_indices = np.where(array == max_value)[0] 

    return random.choice(max_indices) 

 

# Ranges 

v_range = np.arange(40, 101, 1) #610 values in state space v 

P_range = np.arange(75, 301, 1) #2260 values in state space P Total values are 610*2260= 

13786000 in (p,V)  

 

# Parameters 

epsilon = 0.2 

epsilon_decay = 0.9995 

alpha = 0.01 

gamma = 0.5 

num_episodes = 50000 

max_steps = 8 

 

#  MODIFIED reward function 

def reward_function(v, P): 

    f = (a1 * v**2 + b1 * v + c1) * (a2 * P**2 + b2 * P + c2) 

    if f > 0: 

        return np.tanh(1 / f)  # for Smoothed positive reward 

    else: 

        return -1 / (1 + abs(f))  #for Scaled smooth penalty 

 

episode_rewards = [] 
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# Actions 

actions = [ 

    ('increase_v', 'decrease_P'), 

    ('increase_v', 'increase_P'), 

    ('decrease_v', 'decrease_P'), 

    ('decrease_v', 'increase_P'), 

    ('increase_v', 'no_change_P'), 

    ('decrease_v', 'no_change_P'), 

    ('no_change_v', 'increase_P'), 

    ('no_change_v', 'decrease_P'), 

    ('no_change_v', 'no_change_P') 

] 

 

Q_table = np.ones((len(v_range), len(P_range), len(actions)))* 10.0 # Initialize Q-table with 

high values 

 

best_seen_reward = -float('inf') 

best_state_from_training = None 

 

 

break_var=0 

 

 

# Q-learning 

for episode in range(num_episodes): 

    if break_var==0: 

        v = random.choice(v_range) # Randomly select initial v 

        P = random.choice(P_range) # Randomly select initial p 

        reward = reward_function(v, P) 

        total_reward = 0 

        break_var+=1 

 

    for step in range(max_steps): 

        v_index = np.where(v_range == v)[0][0] # Get index of current v 

        P_index = np.where(P_range == P)[0][0] # Get index of current p 

        indexdeltav = 1 

        indexdelta = 1 

 

        if np.random.rand() < epsilon: 

            action_index = random.choice(range(len(actions))) 
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        else: 

            action_index = random_argmax(Q_table[v_index, P_index]) 

 

        action = actions[action_index] 

         

        if v_index + indexdeltav <= 610 & v_index - indexdeltav >= 0: 

            indexdeltav = int(reward/best_seen_reward) #index delta v should increase if the 

reward is large compared to best seen reward and decrease if opposite 

        else: 

            indexdeltav = 1 

         

        if P_index + indexdelta <= 2260 & P_index - indexdelta >= 0: 

            indexdelta = int(reward/best_seen_reward) #index delta p should increase if the 

reward is large compared to best seen reward and decrease if opposite 

        else: 

            indexdelta = 1 

         

        if action == ('increase_v', 'decrease_P'): # Defining Action values 

            v = v_range[v_index + indexdeltav] if v_index + 1 < len(v_range) else v 

            P = P_range[P_index - indexdelta] if P_index > 0 else P 

        elif action == ('increase_v', 'increase_P'): 

            v = v_range[v_index + indexdeltav] if v_index + 1 < len(v_range) else v 

            P = P_range[P_index + indexdelta] if P_index + 1 < len(P_range) else P 

        elif action == ('decrease_v', 'decrease_P'): 

            v = v_range[v_index - indexdeltav] if v_index > 0 else v 

            P = P_range[P_index - indexdelta] if P_index > 0 else P 

        elif action == ('decrease_v', 'increase_P'): 

            v = v_range[v_index - indexdeltav] if v_index > 0 else v 

            P = P_range[P_index + indexdelta] if P_index + 1 < len(P_range) else P 

        elif action == ('increase_v', 'no_change_P'): 

            v = v_range[v_index + indexdeltav] if v_index + 1 < len(v_range) else v 

        elif action == ('decrease_v', 'no_change_P'): 

            v = v_range[v_index - indexdeltav] if v_index > 0 else v 

        elif action == ('no_change_v', 'increase_P'): 

            P = P_range[P_index + indexdelta] if P_index + 1 < len(P_range) else P 

        elif action == ('no_change_v', 'decrease_P'): 

            P = P_range[P_index - indexdelta] if P_index > 0 else P 

 

        v = max(min(v, v_range[-1]), v_range[0]) 

        P = max(min(P, P_range[-1]), P_range[0]) 
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        # EARLY TERMINATION + reward improvement 

        reward = reward_function(v, P) 

        total_reward += reward 

 

        print(f"Episode: {episode}, Step: {step}, Action: {action}") 

        print(f"Reward: {reward}") 

 

        if reward > best_seen_reward: 

            best_seen_reward = reward 

            best_state_from_training = (v, P) 

            best_action = actions[action_index] 

 

        next_v_index = np.where(v_range == v)[0][0] 

        next_P_index = np.where(P_range == P)[0][0] 

 

        

 Q_table[v_index, P_index, action_index] += alpha * ( reward + gamma * 

np.max(Q_table[next_v_index, next_P_index]) - Q_table[v_index, P_index, action_index] 

        ) 

 

        # TERMINATE episode early if penalty state 

        if reward < 0: 

            break_var=1 

            # Optional final update if terminating 

            break 

 

    epsilon = max(0.01, epsilon * epsilon_decay) 

    episode_rewards.append(best_seen_rewar 

# Plotting 

def moving_average(data, window_size): 

    return np.convolve(data, np.ones(window_size)/window_size, mode='valid') 

 

smoothed_rewards = moving_average(episode_rewards, window_size=50) 

 

plt.figure(figsize=(7, 5)) 

plt.plot(episode_rewards, alpha=0.3, label='Raw Reward') 

plt.plot(smoothed_rewards, label='Smoothed Reward') 

plt.xlabel('Episode') 

plt.ylabel('Total Reward') 
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plt.title('Reward vs Episodes') 

plt.legend() 

plt.show() 

 

# Final printout 

print("\n🎯 Best reward seen during training:") 

print(f"Best reward: {best_seen_reward} at state: v={best_state_from_training[0]}, 

P={best_state_from_training[1]}") 

 

B. Material properties of SS316L used in Abaqus simulation [92], [97] 

The material properties of SS316L stainless steel, essential for accurately modeling thermal 

and mechanical behavior during L-PBF, were sourced from literature and incorporated into 

the Abaqus simulation [91], [96] 

Temperature 

(K) 

Thermal 

Conductivity 

(k) (W/m·K) 

Young's 

Modulus 

(E) (MPa) 

Poisson's 

Ratio (ν) 
 

Expansion 

Coefficient 

(1/K) (α) 

Specific Heat 

(cp)(J/kg·K) 

293 14.12 195600 0.3 1.45E-05 4.9E+08 

373 15.26 191200 0.3 1.54E-05 5.0E+08 

473 16.69 185400 0.3 1.62E-05 5.1E+08 

573 18.11 179600 0.3 1.69E-05 5.3E+08 

673 19.54 172600 0.3 1.74E-05 5.4E+08 

773 20.96 164500 0.3 1.78E-05 5.5E+08 

873 22.38 155000 0.3 1.81E-05 5.6E+08 

973 23.81 144100 0.3 1.84E-05 5.7E+08 

1073 25.23 131400 0.3 1.87E-05 5.9E+08 

1173 26.66 116800 0.3 1.90E-05 6.1E+08 

1273 28.08 100000 0.3 1.93E-05 6.2E+08 

1373 29.50 80000 0.3 1.95E-05 6.4E+08 

1473 30.93 57000 0.3 1.98E-05 6.4E+08 

1573 32.35 30000 0.3 2.00E-05 6.5E+08 

1673 33.78 2000 0.3 2.02E-05 6.6E+08 
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Latent Heat for SS316L 

Latent Heat (J/kg) Solidus Temp (K) Liquidus Temp (K) 

276000 1643 1673 

 

Bulk density For SS316L 

Mass Density (kg/m³) (ρ) 

 

7.96E-09 

 

 

Yield stress vs Yield strain 

 

 

 

Stress (MPa) Strain (mm/mm) 

210 0.000 

238 0.002 

292 0.100 

325 0.200 

393 0.500 

494 1.000 

648 2.000 

775 3.000 

880 4.000 


