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Abstract

Laser material processing (LMP) has revolutionized traditional fabrication methods
across industries, evolving from laser cutting to encompassing advanced techniques like
laser heat treatment (LHT), laser welding, and laser additive manufacturing, enabling
precise alteration of material properties and unprecedented design freedom across indus-
tries. However, achieving consistent material characteristics remains a significant chal-
lenge, particularly in advanced additive manufacturing processes such as laser-directed
energy deposition (LDED), where the complex interplay between process parameters and
material properties hinders uniform product quality, emphasizing the need for advanced

process control strategies.

Conventional control methods like proportional-integral-derivative controllers struggle
to anticipate the intricate interactions inherent in LMP processes, making it difficult to
control multiple parameters simultaneously. Model-based control strategies, leveraging
numerical models, offer promise in providing a comprehensive understanding of process
dynamics. However, their practical implementation in real-time control applications
is impeded by the computational challenges of numerical models. Overcoming these
obstacles is crucial to harnessing the full potential of numerical models for enhanced

process control and ensuring consistent, reproducible material characteristics.

In this research, a novel adaptive model predictive control (AMPC) algorithm was
developed to address the challenges of ensuring consistent material characteristics in LMP
processes. Initially, a two-dimensional (2D) adaptive thermal model was designed for real-
time prediction of thermal dynamics during the LHT process, focusing on parameters
like peak temperature and spatial cooling rate. Subsequently, a one-dimensional (1D)
adaptive thermal model was developed with improvements on efficiency, accuracy, and
suitability for control applications compared to the 2D counterpart, focusing on real-
time prediction of the temperature distribution and spatial cooling rate. Additionally,
an model predictive control (MPC) algorithm utilizing a 2D thermal model was developed
for single-input single-output (SISO) peak temperature control during LHT to improve
the consistency of hardness and hardening depth. Finally, an AMPC algorithm was



designed using the 1D adaptive thermal model for multi-input multi-output (MIMO)
temperature and spatial cooling rate control during LDED to achieve consistent material

characteristics throughout the process.

A series of LHT and LDED experiments were designed to assess the real-time ther-
mal dynamic prediction capabilities of the models and the real-time control capabilities of
the MPC algorithms in LMP. These experiments encompass open-loop LHT and LDED
scenarios, targeting the validation of adaptive 1D and 2D thermal models, respectively.
Additionally, closed-loop LHT and LDED experiments were designed to investigate the ef-
ficacy of the MPC algorithms in controlling one or multiple process parameters to achieve
consistent hardness values. The 2D adaptive thermal model effectively adjusted to the
thermal dynamic changes in real-time, yielding precise predictions of peak temperature
and spatial cooling rates during LHT. Similarly, validations of the 1D adaptive thermal
model showcased near-perfect temperature and cooling rate predictions during LDED,
along with impressive computational efficiency. Utilizing the SISO MPC algorithm en-
sured consistent hardness and hardening depth through closed-loop peak temperature
control during LHT. Meanwhile, deploying the MIMO AMPC algorithm enabled consis-
tent hardness across the entire deposition process. This was achieved by simultaneously

controlling the temperature and spatial cooling rates during the LDED experiments.

In conclusion, this research marks significant advancements in real-time process con-
trol within LMP applications. Through the integration of adaptive thermal models and
MPC algorithms, the study achieves the crucial objective of ensuring consistent material
characteristics in LMP manufactured parts. The developed AMPC algorithm demon-
strates unprecedented levels of control, stability, and reliability. Moreover, its versatility
and simplicity extend its applicability beyond LMP processes, enabling adoption in var-
ious advanced manufacturing processes utilizing concentrated energy sources. Thus, the
AMPC methodology holds the potential to address the crucial need in advanced manufac-
turing by ensuring consistent and reproducible material characteristics in manufactured

parts across the entire industry.
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7 All our dreams can come true if we have the courage to pursue them,

for there is nothing impossible to him who will try.”

— Walt Disney; Alexander the Great



Chapter 1

Introduction

1.1 Motivation

Laser material processing (LMP) leads advanced manufacturing, transforming traditional
methods across industries. Originating with laser cutting, known for its exceptional accu-
racy and efficiency in cutting materials, LMP has evolved into a multifaceted domain en-
compassing numerous advanced processes. Among these is laser heat treatment (LHT), a
method that revolutionizes heat treatment by enabling precise tailoring of material prop-
erties through controlled heating and rapid cooling in specific regions. This approach
enhances surface hardness and wear resistance while preserving the bulk material’s in-
tegrity. Following LHT, laser welding (LW) has emerged as a cornerstone technique in
LMP, offering unparalleled precision in joining materials with minimal distortion. By
harnessing the focused energy of lasers, LW ensures high-quality welds, making it indis-
pensable across industries where structural integrity is paramount. At the pinnacle of
LMP stands laser additive manufacturing (LAM), such as laser-directed energy deposi-
tion (LDED). This advanced technique allows for layer-by-layer manufacturing of com-
plex components with exceptional design freedom and geometrical intricacy. By enabling
additive buildup, LAM overcomes the limitations of traditional subtractive methods, ad-

vancing manufacturing capabilities and product innovation.



Despite the remarkable advantages and capabilities of LMP processes, achieving con-
sistent and reproducible material characteristics remains one of the most significant chal-
lenges. These challenges are especially evident in advanced processes such as LHT, LW,
and LDED. In these methods, the intricate interplay between process parameters and ma-
terial characteristics presents a formidable barrier to achieving uniform product quality.
Furthermore, the vast array of process parameters, each with its own complex inter-
actions and influences on material properties, exacerbates these challenges. Even slight
deviations in process conditions can result in significant variations in material properties,
hampering the scalability, reliability, and widespread adoption of LMP processes. These
challenges emphasize the urgent need for advanced process control strategies capable of

real-time prediction and control of the thermal dynamics during LMP.

While conventional control methods, such as proportional-integral-derivative con-
trollers, have been instrumental in certain aspects of process control, they offer limited
predictive capabilities and struggle to anticipate the complex interactions inherent in
LMP processes. In addition, the vast array of LMP process parameters and their intri-
cate interactions often overwhelm conventional methods, making it practically impossible
to effectively control the numerous process parameters simultaneously. As a result, these
methods struggle to anticipate the nuanced influences of each parameter on material
properties. In contrast, model-based control strategies, particularly those leveraging nu-
merical models, hold immense promise in addressing these limitations by providing a

more comprehensive understanding of the complex process dynamics.

Numerical models can accurately predict various aspects of LMP processes, includ-
ing peak temperatures, cooling rates, melt pool dimensions, microstructural evolution,
residual stresses, and distortion in the manufactured parts. These factors are crucial for
achieving consistent material characteristics and ensuring reproducibility. However, the
practical implementation of numerical models in real-time control applications has been
hindered by computational challenges. Many existing numerical models, while theoret-
ically robust, face practical limitations due to their demanding computational require-
ments. Despite their potential to accurately correlate process parameters with material

properties, these models often fall short when it comes to real-time control applications.



To address this challenge, this research aims to develop a novel adaptive model predic-
tive control (AMPC) algorithm specifically designed for real-time microstructure control
in LMP. This involves combining existing model predictive control (MPC) techniques
with efficient numerical models capable of accurately predicting crucial thermal dynam-
ics, specifically the temperatures and cooling rates within the heat-affected zone (HAZ)
of LMP processes. The ultimate goal is to effectively leverage these predictive models
with MPC techniques, enabling real-time model-based control of thermal dynamics to

achieve consistent and reproducible material characteristics.

1.2 Laser Material Processing

LMP processes represent an advanced field in manufacturing, utilizing concentrated en-
ergy sources to modify material properties or fuse materials. This section examines two
distinct LMP processes, namely LHT and LDED, which are the focal points of this re-
search. LHT involves using a laser to modify the properties of metal substrates, while

LDED employs a laser for layer-by-layer fabrication using melted and fused metal powder.

1.2.1 Laser Heat Treatment

LHT is an advanced surface modification process that enhances the performance of metal-
lic components through the precise rapid heating and cooling of localized areas [1]. This
process significantly improves surface properties, including hardness, strength, wear resis-
tance, and fatigue life. LHT uses a focused laser beam directed at the workpiece’s outer
surface, as illustrated in Figure 1.1. The laser induces controlled heating to create a HAZ
at a specific temperature. Shielding gas from the nozzle prevents oxidation by protecting
the HAZ from reacting with oxygen at high temperatures [2]. The adjacent material acts
as a heat sink, rapidly cooling the area and forming a heat-treated track as the workpiece
moves. Importantly, this method selectively alters only the material properties at the
HAZ, leaving the base material unchanged. As a result, locally altered surface proper-

ties can be achieved. For example, in the tool and die manufacturing industry, LHT is



applied for the heat treatment of molds, dies, and cutting tools. The localized heating
can be tailored to specific areas, enhancing hardness and wear resistance where needed,

resulting in tools with an extended lifespan and improved performance.

Nozzle
Laser Beam —>»
Heat Affected
Zone <«— Shielding Gas

Substrate

Figure 1.1: Schematic of the laser heat treatment process.

1.2.2 Laser-Directed Energy Deposition

LDED is a subset of additive manufacturing (AM), which is a process to create three-
dimensional (3D) objects from digital 3D models by depositing material layer by layer
[3]. AM is a rapidly growing industry due to its distinctive advantage in manufacturing
complex parts that were unable to be manufactured efficiently or at all using traditional
manufacturing methods [4]. LDED is an AM process in which a focused laser beam is
directed onto a substrate surface, as illustrated in Figure 1.2. At the substrate surface,
the laser simultaneously melts and fuses both the substrate material and the added
feedstock material. Afterwards, the melt pool rapidly solidifies and cools down near the
HAZ, resulting in a deposition with very high bonding strength [5]. Also, shielding gas

is applied with the powder to prevent oxidation of the deposited material.
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Figure 1.2: Schematic of the laser-directed energy deposition process.

LDED stands out as a versatile additive manufacturing method due to its wide range
of capabilities. LDED deposits material locally layer-by-layer and can achieve very high
position rates. This allows for the rapid buildup of material, which enables the manufac-
turing of very large parts. For instance, in the aerospace industry, LDED is utilized to
manufacture large components like rocket nozzles, where intricate designs and material
strength are crucial. LDED allows for precise control over the deposition process. This
precision enables the precise deposition of material in specific areas, making it ideal for
repairing localized damage or wear on existing components. For example, in the auto-
motive industry, LDED is utilized for repairing critical components such as gears and
molds. LDED can work with a large range of materials, including metals, alloys, and
some composites. This versatility allows for the application of coatings tailored to meet
specific requirements, such as wear resistance, corrosion resistance, or thermal proper-
ties. To illustrate, in the oil and gas industry, LDED is used for coating surfaces on parts
that are exposed to harsh environments. This includes coatings for pipelines, valves, and

drilling equipment to enhance their resistance to corrosion and wear.



1.3 Statement of Objectives and Scope

The main objective of this research is to:

“Develop an AMPC algorithm suitable for real-time control of thermal dynamics in
LMP processes, with the goal of indirectly controlling the microstructure through

real-time monitoring, prediction, and control of thermal dynamaics.”

To achieve this goal, it is necessary to understand the thermal dynamics during the
LMP processes and how the process inputs, such as the traveling speed and the laser
power, affect the thermal dynamic features, such as temperatures and cooling rates
within the HAZ. This understanding is crucial because the thermal dynamics directly
influence the material’s microstructure. A real-time monitoring system using an infrared
camera is employed to observe the process and gather essential data on the thermal dy-
namics. Thermal dynamic models are developed to establish the relationship between
process inputs and thermal dynamics while also considering how these dynamics impact
microstructure evolution. Furthermore, adaptive model optimization algorithms are de-
veloped to enhance the prediction accuracy of the models in real-time. In addition, MPC
strategies are devised to use these thermal dynamic models to optimize process control
inputs in real-time. Subsequently, the monitoring system, prediction model, model opti-
mization algorithm, and control algorithm are integrated into an AMPC algorithm, which
provides real-time control of both the thermal dynamics and the resulting microstructure
in LMP.

This controller will enable fully automated LMP, leading to a substantial improvement
in the consistency and quality of the final product’s microstructure. Additionally, this
controller will minimize, if not completely eliminate, the reliance on post-processing
steps such as heat treatment, stress relief, and homogenization treatment to achieve the
desired microstructure. Moreover, the controller serves as an effective manufacturing
tool, enabling the simultaneous control of multiple process inputs to achieve the desired
material characteristics, which significantly reduces the reliance on excessive trial-and-

error experimentation.



1.4 Thesis Overview

This thesis is divided into the following seven chapters:

Chapter 2 offers a comprehensive review of the literature on microstructure control
in LMP. It explores key topics including material characteristics, process monitoring,
process modeling, and process control. These areas are essential for the development of
AMPC algorithms in LMP.

Chapter 3 provides detailed insights into the experimental setup utilized in this re-
search, which is located at the Automated Laser Fabrication laboratory of the University
of Waterloo, including the configuration and components of the setup. Furthermore,
this chapter explains the details of the thermal monitoring system and how the thermal

dynamics are monitored in real-time.

Chapter 4 delves into the development of multiple adaptive thermal models designed
to predict thermal dynamics in LMP. These models, including both one-dimensional
(1D) and two-dimensional (2D) variants, are constructed using partial differential equa-
tions describing heat transfer in the process. The finite difference method is then ap-
plied to solve these equations. Additionally, nonlinear optimization algorithms, coupled
with thermal imaging, are utilized to enable real-time optimization of model parameters,
thereby improving the prediction accuracy and adaptability of the developed thermal

models.

Chapter 5 introduces multiple MPC algorithms designed for real-time control of ther-
mal dynamics during LMP to indirectly optimize the material’s microstructure. The first
algorithm is based on the non-adaptive 2D model developed in Chapter 4, resulting in a
linear MPC algorithm. The second algorithm utilizes the 1D adaptive model developed
in Chapter 4, resulting in an adaptive MPC algorithm. These controllers are developed
by transforming the two thermal dynamic models into state-space models. Using these
models, quadratic optimization problems are formulated to reduce the error between the
actual and reference states. This enables precise control of the thermal dynamics during

LMP processes, ultimately yielding a consistent microstructure.



Chapter 6 outlines the validation experiments that are designed to validate the models
developed in Chapter 4 and the MPC algorithm developed in Chapter 5. This chapter
details the experimental procedure, including the process conditions, materials, model

parameters, and sample preparation utilized in these experiments.

Chapter 7 presents a thorough analysis of the results obtained from the validation
experiments outlined in Chapter 6. This chapter provides insights into the performance
of the developed models and MPC algorithms in experimental settings representative of
industrial LMP applications. Additionally, this chapter explores the implications of the
findings and their significance in advancing the understanding and application of thermal

dynamics control in laser material processing.

Chapter 8 concludes the thesis with a comprehensive examination of the research
findings and their implications. Furthermore, potential directions for future research and
improvements to the methodologies outlined in earlier chapters are proposed. This chap-
ter provides a reflective analysis of the study’s accomplishments and lays the groundwork

for continued advancements in the field of LMP.



Chapter 2
Literature Review and Background

Laser material processing (LMP) has emerged as a transformative technology in modern
manufacturing, reshaping traditional fabrication methods across diverse industries. Orig-
inating with laser cutting, which demonstrated the capability to precisely cut through
various materials with exceptional accuracy and efficiency [6, 7], LMP has evolved into a
multifaceted domain encompassing numerous advanced processes. Among these is laser
cleaning, which uses a laser instead of a stream of abrasive material for the cleaning
process, resulting in a clean surface without affecting the underlying material [8]. Laser
heat treatment (LHT) enables precise alteration of material characteristics at localized
regions, enhancing surface hardness and wear resistance while preserving the material
properties of the bulk material [9, 1]. Laser welding (LW) has emerged as a cornerstone
technique in LMP, offering unparalleled precision in joining materials with minimal dis-
tortion [10]. At the pinnacle of LMP stands laser additive manufacturing (LAM), such as
laser-directed energy deposition (LDED), enabling the layer-by-layer manufacturing of

complex components with unprecedented design freedom and geometrical intricacy [11].

Despite the remarkable advantages and capabilities of LMP processes, achieving con-
sistent and reproducible material characteristics remains one of the most significant chal-
lenges [12]. These challenges are especially evident in advanced processes such as LHT,

LW, and LAM, where the sheer number of process parameters and their intricate inter-



play on the material characteristics pose a formidable obstacle to achieving consistent
product quality [13, 14, 15]. Even slight deviations in process conditions can result in
significant variations in material properties [16], undermining the scalability, reliability,

and widespread adoption of LMP processes.

To address these challenges and ensure consistent material characteristics in LMP
processes, the implementation of automatic or in-situ process control is imperative. While
conventional control methods, such as proportional-integral-derivative (PID) controllers,
have been instrumental in certain aspects of process control [17, 18], they offer limited
predictive capabilities and struggle to anticipate the complex interactions inherent in
LMP processes. In contrast, model-based control strategies, particularly those leveraging
numerical models, hold immense promise in addressing these limitations by providing a

more comprehensive understanding of the complex process dynamics [19].

With these challenges in mind, this literature study aims to explore key aspects
of microstructure control within LMP, leveraging real-time monitoring of the thermal
dynamics. By investigating material characteristics, process monitoring techniques, pro-
cess control strategies, and process modeling approaches, this study seeks to establish a
foundation for implementing advanced control algorithms, particularly adaptive model
predictive control (AMPC) for LMP, to achieve consistent material characteristics, such
as consistent hardness. The insights gained from this literature study will offer valuable
guidance for the development and application of the AMPC algorithm developed in this

work.
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2.1 Effect of Process Parameters on Material Char-

acteristics

Understanding how process parameters affect material characteristics is crucial for ad-
dressing the challenges associated with LMP. This section investigates the intricate in-
terplay between various process parameters and their impact on material properties and
behaviors. Through a comprehensive review of relevant literature, the aim is to un-
cover key insights into the fundamental aspects of how process parameters influence the
material characteristics in LMP, laying the groundwork for a deeper understanding of

microstructure control and optimization strategies.

2.1.1 Porosity

Porosity, characterized by the presence of voids within solid substances, significantly
impacts the quality and mechanical properties of components produced through LMP
[20], such as LW and LAM. In LAM processes like selected laser melting (SLM) and
LDED, porosity poses a significant concern, potentially compromising the integrity of
fabricated components [21]. Common manifestations of porosity include shrinkage pores,
gas pores, and lack of fusion. Shrinkage pores result from inadequate liquid metal supply
during solidification, while gas pores occur due to trapped gas between powder particles.
Lack of fusion defects stems from the incomplete remelting of solidified layers, leading to

incomplete metallurgical bonds.

Mitigating porosity is crucial for enhancing component quality in LMP. Adjusting
process parameters such as laser power, scanning or traveling speed, and powder feed rate
can effectively reduce porosity-related defects [22]. Moreover, preheating the substrate
and employing post-processing techniques like hot isostatic pressing (HIP) have proven
effective in alleviating porosity-related issues [23]. HIP involves subjecting fabricated
parts to high temperature and pressure in an inert gas environment, consolidating the

material, and eliminating porosity, which ultimately improves mechanical properties [24].
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Various measurement techniques, including the Archimedes method and X-ray com-
puter tomography (CT), are commonly utilized to quantify porosity and evaluate compo-
nent quality [25]. The Archimedes method measures fluid displacement upon immersing
the component to determine its volume and calculate porosity. Conversely, X-ray CT
provides detailed cross-sectional images for precise porosity quantification and assessment

of internal features, ensuring the integrity of manufactured parts.

In summary, optimizing process parameters is crucial in LMP to mitigate poros-
ity issues and enhance component quality. By maintaining ideal process parameters
throughout the fabrication process, efficient solidification is achieved, gas entrapment is
minimized, and complete metallurgical bonds are promoted, ultimately leading to im-

proved mechanical properties of the manufactured part.

2.1.2 Hardness

The hardness of a part is crucial as it determines its resistance to plastic deformation,
penetration, indentation, and scratching, thereby influencing its quality and durability.
Higher hardness values enhance the resistance to wear from friction or erosion. In-
dentation tests, including Brinell, Rockwell, and Vickers, are commonly used to assess

hardness, with the shape of the indenter being a key differentiator among these tests.

The hardness of parts manufactured via LMP is influenced by various factors, in-
cluding laser power, scanning or traveling speed, material composition, layer thickness,
powder feed rate, and the thermal history during processing. Optimal parameter selection
leads to improved hardness, with microstructure refinement being crucial for enhancing
mechanical properties [26, 27, 28]. Furthermore, material density, impacted by parame-

ters such as volumetric energy density, also contributes to hardness values [1].

Moreover, the presence of porosity and the relative density of the material significantly
influence hardness. Higher porosity levels can lead to decreased hardness, highlighting the
importance of controlling process parameters to minimize porosity and achieve desired

hardness levels [29]. Additionally, hardness is essential for assessing a material’s working
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life and durability, particularly in near-surface layers. Despite strict processing conditions
in LAM, trace elements such as nitrogen and oxygen can impact hardness, necessitating

precise control over processing environments [30].

Overall, hardness testing and process control are integral parts of ensuring the qual-
ity and performance of components manufactured through LMP. By understanding the
intricate relationship between process parameters and material characteristics, manu-
facturers can optimize fabrication processes to achieve consistent and desired hardness

levels, thereby enhancing the overall quality of fabricated parts.

2.1.3 Swurface Roughness

Surface roughness (R,) represents the average roughness of a surface profile and is a
critical parameter in LMP. It is calculated as the arithmetic average of the absolute
deviations from the mean line of a surface profile over a specified evaluation length. The

equation for calculating R, is given by:

1 L
Ro=7 [ @l

where L is the evaluation length, and y(x) represents the surface height as a function of

position along the surface.

In LMP, R, is influenced by a multitude of factors, including material characteristics,
process parameters, and post-processing techniques [31]. Achieving R, values below 1 pm
is crucial for high-end applications, necessitating optimization of factors like build angle,
layer thickness, and process parameters [32]. Process parameters such as laser power,
powder feed rate, and scanning or traveling speed significantly affect surface roughness,
with lower R, associated with higher laser power and scanning or traveling speed [33].
Layer thickness plays a critical role in dimensional accuracy and surface smoothness,
with thinner layers enhancing surface quality [34]. Moreover, various factors like particle
size, layer thickness, part geometry, and build direction orientation further shape surface

roughness in LMP components [35].
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In general, R, values serve as crucial indicators for evaluating fatigue performance,
wear resistance, and the overall accuracy of fabricated parts. Techniques such as opti-
mizing process parameters and adjusting building orientations can mitigate surface irreg-
ularities caused by improper melting, thereby enhancing the overall quality of fabricated

parts.

2.1.4 Residual Stress

Residual stress in LMP presents a significant challenge due to the intricate interplay
of localized temperatures and rapid thermal cycles. Predicting and mitigating resid-
ual stress necessitates a sophisticated approach involving fine-tuning process parameters
and employing stress-alleviating post-processing methods [36]. Thermal and structural
stresses arise during LMP, predominantly due to uneven laser heating and subsequent
volume changes during solidification [21]. Furthermore, the residual stress is mainly de-
termined by the thermal dynamics of the process, such as the peak temperature and
cooling rate [37, 38, 39, 40]. High residual stress levels can significantly alter material
properties and lead to defects like warping and cracking, underscoring the critical im-
portance of managing residual stress for ensuring component quality [41]. Mitigating
residual stress is essential, particularly for components subjected to high cycle fatigue
conditions, where stress-relieving post-processing procedures become crucial. Techniques
such as heat treatment (HT) and mechanical treatments offer effective means to alleviate

residual stress and enhance component durability [42].

The complexity of residual stress mitigation in LMP underscores the importance of
tailored approaches for specific materials and applications. By refining process parame-
ters, integrating process control techniques to control the thermal dynamics, and imple-
menting appropriate post-processing techniques, manufacturers can effectively mitigate
RS-related issues, ensuring the production of high-quality components with enhanced

mechanical properties.
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2.1.5 Microstructure

The microstructure of materials refers to the arrangement and characteristics of their
microscopic constituents, such as grains, phases, and defects [43]. It encompasses fea-
tures at the atomic, molecular, and crystalline levels, influencing the material’s overall
properties and behavior. In LMP processes, the microstructure plays a crucial role in
determining the mechanical properties and performance of the fabricated parts. The
intricate interplay of process parameters, including laser power, scanning or traveling
speed, and powder characteristics, profoundly influences the resulting microstructure
[12]. Fine-tuning these parameters is critical to achieving the microstructural features
that meet specific requirements, such as ensuring minimum required strength, fatigue

performance, hardness, and other essential properties [44].

Thermal dynamics of the LMP process play the most significant role in shaping the
microstructure and properties of fabricated parts [32, 45, 46, 47]. The rapid heating and
cooling cycles inherent in LMP contribute to the formation of unique microstructural
features, such as cellular dendritic structures and columnar grains [48]. By controlling
the thermal dynamics during the fabrication process, engineers can manipulate the mi-
crostructure to achieve the desired material properties. For example, by controlling the
peak temperature during manufacturing, consistent hardness and hardening depth can be
achieved, ensuring uniform mechanical properties throughout the material, particularly
for steels [49]. Furthermore, by controlling the cooling rate during fabrication, engineers
can induce the formation of specific microstructures within the part, such as martensite
in steels, resulting in components with high strength and fatigue performance [17, 18].
Moreover, controlling the cooling rate directly dictates the phase transformation process,
thereby allowing for fine adjustments of the hardness and other mechanical properties of
the final parts [50].

Post-processing techniques further complement the LMP processes by refining and
optimizing the microstructure of fabricated parts. Heat treatments, surface finishing,
and mechanical treatments are commonly used to improve material properties, dimen-

sional accuracy, and surface quality. These techniques allow for the removal of residual
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stresses, enhancement of mechanical properties, and attainment of specific surface char-
acteristics, contributing to the overall performance and functionality of the manufactured

components.

The intricate interplay among process parameters and thermal dynamics significantly
shapes the microstructure and properties of parts produced via LMP. By comprehensively
understanding the relationship between process parameters and thermal dynamics, engi-
neers can craft tailored microstructural features that precisely meet the performance de-
mands of various applications. This approach guarantees the production of high-quality,

functional components with precisely controlled microstructural characteristics.

2.1.6 Tensile Strength

Tensile strength is a fundamental mechanical property crucial for assessing the perfor-
mance and reliability of materials, particularly in applications where stretching forces
are acting on the material. In LMP, understanding the tensile behavior of fabricated
components is paramount for ensuring their structural integrity and suitability for di-
verse operational environments. The evaluation of tensile strength involves measuring
the maximum stress a material can withstand before fracturing under tension, providing

valuable insights into its structural robustness and load-bearing capacity [51].

In recent studies focusing on LMP-fabricated materials like 3161 stainless steel, re-
searchers have conducted comprehensive analyses of tensile properties to decipher the
effects of processing parameters and post-processing techniques on material performance
[52]. For instance, investigations into the influence of HT temperature on the tensile
behavior of 316L stainless steel revealed a notable decrease in yield strength alongside
minimal changes in ultimate tensile strength (UTS) [53]. Additionally, the examination
of gas-atomized samples highlighted exceptional mechanical qualities characterized by
high UTS values, attributed to the presence of fine grains resulting from rapid cooling

during fabrication [54].
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The intricate relationship between material properties, LMP processing parameters,
and post-processing techniques plays a crucial role in determining the tensile strength
of components manufactured via LMP. Therefore, optimal parameter selection is essen-
tial for ensuring the production of high-quality and high-performance components. By
carefully considering and adjusting these factors, engineers can tailor the microstructure
and mechanical properties of parts, thereby enhancing their tensile strength and overall

performance across various applications.

2.1.7 Fatigue Behavior

Fatigue behavior, the gradual deterioration of materials under cyclic loading, is a critical
aspect in evaluating the reliability of engineering components. In LAM manufactured
parts, fatigue performance varies depending on orientation, with horizontally built com-
ponents typically demonstrating superior fatigue life. This variation arises from factors
such as component density, residual stress, and microstructure, which are influenced by
parameters like volumetric energy density and building direction. Additionally, changes
in build direction lead to anisotropy in the microstructure, significantly impacting fa-
tigue performance. Moreover, increased scanning or traveling speed and porosity further

reduce fatigue resistance.

LMP processes, such as LAM, involve rapid melting and solidification, creating unique
microstructures compared to conventional manufacturing methods. Studies have shown
that the cooling rates and thermal gradients present during these processes affect grain
size, phase distribution, and the presence of defects such as porosity and microcracks
[50, 12]. These microstructural features play a crucial role in determining the fatigue
life of LAM manufactured parts. Key process parameters in LAM, such as laser power,
scanning or traveling speed, layer thickness, and cooling rate, significantly impact the
resulting fatigue properties. For instance, higher laser power and slower traveling speeds
generally lead to better fusion between layers but can also increase residual stresses, which
negatively affect fatigue performance [55]. Conversely, optimizing these parameters to

reduce residual stresses and control microstructure can enhance fatigue life [56, 57].
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Residual stresses, inherent in LMP due to localized heating and rapid cooling cycles,
can be either tensile or compressive and profoundly affect fatigue behavior. Tensile resid-
ual stresses are particularly detrimental, accelerating crack initiation and propagation
under cyclic loading [58]. Various post-processing techniques, such as thermal annealing
and mechanical peening, have been explored to mitigate these stresses and improve fa-
tigue performance [59]. Surface finish also significantly influences fatigue life. LAM parts
often exhibit high roughness due to the layer-by-layer deposition process, with surface ir-
regularities serving as stress concentrators and crack initiation points [60]. Additionally,
increased surface roughness and porosity exacerbate fatigue failure [61]. Multiple studies
confirm these findings, highlighting the importance of surface quality and defect miti-
gation in LMP-manufactured components [62, 63, 64]. Therefore, machining, polishing,

and other surface treatment methods are essential for enhancing fatigue resistance.

Research indicates that, with proper process optimization and post-processing, LAM
components can achieve fatigue lives comparable to those produced by traditional meth-
ods [65]. Moreover, several case studies have demonstrated the effectiveness of LAM
in producing components for aerospace and automotive applications subjected to cyclic
loads [66]. Therefore, understanding the intricate relationship between material proper-
ties, manufacturing parameters, and post-processing techniques is crucial for enhancing
fatigue behavior in LAM manufactured parts. By meticulously adjusting parameters, en-
gineers can tailor microstructure and mechanical properties to enhance fatigue resistance,

ensuring the reliability and longevity of components across various applications.

2.1.8 Wear Resistance

Wear resistance is a critical property in determining the longevity and performance of
manufactured parts subjected to frictional and abrasive forces. Understanding how var-
ious process parameters and material features influence wear resistance is essential for
optimizing the design and manufacturing of these components. Tribological testing (TT),
which involves assessing the friction, wear, and lubrication characteristics of materials,

provides valuable insights into their performance under different operating conditions.
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Using TT, research has concluded that multiple process parameters, such as laser power,
scanning or traveling speed, layer thickness, and powder feed rate, dictate the wear
resistance of the manufactured part [27, 67, 68]. For example, increasing laser power
and scanning speed may lead to improvements in wear resistance by promoting denser
microstructures and reducing defects such as porosity. On the other hand, certain adjust-
ments, such as higher layer thickness or powder feed rate, may result in decreased wear

resistance due to potential surface irregularities or inadequate fusion between layers.

Research studies have found that post-treatments and alloying significantly affect wear
resistance in LAM manufactured components. For example, wear tests conducted on sam-
ples fabricated using SLM revealed that post-processing techniques like hot-pressing can
significantly reduce wear resistance and friction coefficients compared to other methods
[69]. Similarly, the addition of strengthening elements like Inconel 625 can enhance ma-
terial hardness and wear resistance, while HT at high temperatures may decrease wear

resistance due to grain coarsening and other microstructural changes [70].

Achieving optimal wear resistance in LMP-manufactured components requires a com-
prehensive understanding of the interplay between process parameters, material compo-
sition, and post-processing techniques. Using T'T, coupled with detailed analysis of wear
mechanisms and surface characteristics, provides invaluable insights for enhancing the
performance and durability of manufactured parts. Moreover, implementing process
control measures ensures consistent and repeatable production, thereby enhancing wear
resistance in LMP-manufactured components. By leveraging these insights with effective
process control strategies, engineers can tailor approaches to improve wear resistance and

extend the service life of LMP-manufactured parts across diverse applications.

2.1.9 Dimensional Accuracy

The dimensional accuracy of components in LMP significantly influences feedstock uti-
lization, post-processing costs, and overall process efficiency. Precise fabrication, aligned
with intended geometrical specifications, minimizes material waste and reduces the re-

quirement for extensive post-processing steps. Achieving such precision is highly depen-
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dent on effectively controlling process parameters, as they directly impact the geometry
accuracy of the fabricated parts. Thus, optimizing process parameters becomes crucial to
ensuring that the manufactured components meet the desired dimensional specifications

efficiently.

Challenges such as surface balling, uneven material deposition, and thermal accu-
mulation are prevalent in LMP processes, significantly impacting surface quality and
dimensional accuracy. Thermal accumulation, a critical concern in LMP, arises from the
rapid temperature changes induced by the laser, leading to the buildup of residual heat
within the material. This accumulated thermal energy can result in distortions, warping,
and dimensional inaccuracies in the fabricated components [71, 72]. Surface quality in
LMP is mainly influenced by the formation of plasma plumes during the interaction be-
tween the molten pool and the laser beam, which can introduce defects and imperfections
on the fabricated surface [73, 14].

Furthermore, surface balling remains a persistent challenge, particularly with powder
feedstock, and is attributed to factors such as excessive surface tension and poor wet-
tability of molten particles [74, 75, 76]. In deposition processes such as LDED, unique
structures like corners and crosses often exhibit uneven material deposition and thermal
accumulation, exacerbating dimension deviation and complicating automation during
deposition. Factors such as unreasonable feedstock feed speed or feed angle can further
exacerbate issues such as the formation of weak link liquid bridges and collisions with

abnormal humps, ultimately resulting in process termination [77, 78].

The dimensional accuracy of components in LMP is influenced by various factors,
including process parameters and material characteristics. Despite challenges such as
surface balling and thermal accumulation, advancements in process optimization and
control strategies offer opportunities for improving surface quality and dimensional ac-
curacy in LMP. By implementing advanced monitoring and process control techniques,
dimensional accuracy can be significantly improved, resulting in enhanced product qual-

ity, reduced waste, reduced post-processing, and greater overall efficiency.
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2.1.10 Summary

Optimizing process parameters is essential in LMP to achieve desired material charac-
teristics and ensure consistent product quality. Process parameters such as laser power,
scanning or traveling speed, powder feed rate, and material composition profoundly in-
fluence the final quality of LMP-fabricated components, including factors like porosity,
hardness, surface roughness, residual stress, microstructure, tensile strength, fatigue be-

havior, and wear resistance.

While significant advancements have been made in understanding and optimizing
these factors, challenges remain in achieving consistent material characteristics. To ad-
dress these challenges effectively, it is critical to advance the fields of real-time monitoring,
process control, and the utilization of predictive models. These advancements will enable
manufacturers to dynamically adjust process parameters in real-time, ensuring precise

control over material characteristics and product quality.
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2.2 Process Modeling in Laser Material Processing

Modeling of LMP processes offers valuable insights into the complex dynamics and intri-
cate laser-material interactions in LMP. This section explores the wide range of model-
ing approaches utilized in LMP, including analytical, numerical, empirical, and machine
learning (ML) methods. By examining existing literature on process modeling in LMP,
the aim is to analyze the strengths and limitations of different modeling techniques and
their applications in predicting process outcomes and optimizing process parameters.
Through a critical analysis of existing models and methodologies, areas for future re-

search and development in process modeling for LMP applications can be identified.

2.2.1 Analytical Modeling

Analytical modeling in LMP involves the application of mathematical formulations and
theoretical principles to understand the fundamental physics underlying laser-material
interactions. These models offer valuable insights into temperature distribution, phase
changes, and material behavior, providing researchers with a structured framework for
predicting process outcomes based on fundamental principles and assumptions. By lever-
aging mathematical analysis, analytical models serve as a foundation for optimizing LMP

processes and developing control strategies.

Numerous articles in the literature highlight the utilization of analytical models to
improve the understanding of the complex dynamics in LMP and to optimize the process
parameters. For example, a comprehensive analytical-computational model integrates
laser-powder interaction formulations with finite element models, enabling precise con-
trol over deposition geometry and residual stresses [79]. A physics-based analytical model
predicts temperature distribution and solidification microstructure variations under dif-
ferent scanning strategies in multi-track LDED [80]. An explicit analytical description
of heat accumulation effects during LAM aids in the optimization of process parameters
to minimize temperature increase and enhance productivity [81]. A simplified analytical

model analyzes energy absorption in LDED, shedding light on powder stream character-
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istics and process conditions [82]. A specific energy density model describes deposited
clad geometry, facilitating comparison and standardization of process parameters across
different LDED machines [83]. A pixel-based analytical model predicts and compen-
sates for overfill in LDED, enhancing geometric quality and facilitating first-time-right

production [84].

Among the developed analytical models, the Rosenthal analytical solution is one of
the most widely used analytical and foundational models in the study of heat conduc-
tion in LMP, welding, and cutting processes [85]. This solution provides a mathematical
description of the temperature distribution in a semi-infinite solid subjected to a mov-
ing heat source, offering valuable insights into the thermal behavior during processes
such as LAM. The primary advantage of the Rosenthal solution lies in its simplicity and
efficiency, allowing for quick predictions of temperature fields without the need for ex-
tensive computational resources. It has been widely used to understand the relationship
between process parameters and thermal profiles, which is critical for optimizing process
outcomes such as melt pool dimensions and cooling rates. For instance, it has been used
to predict temperature distribution in laser powder bed fusion (LPBF) [86], where in
situ measurements were compared to model predictions to understand layer roughness
during the process. Additionally, it has been utilized to understand thermal dynamics
in SLM [87], aiding in the analysis of complex melt flow, pore formation, spatter, and
denudation zones, which are critical for optimizing the process parameters and improv-
ing the final product quality. In addition, a theoretical framework is introduced utilizing
the Rosenthal solution for analyzing and optimizing melting processes, such as welding
and LAM, showcasing its potential in identifying productivity constraints and guiding
process optimization across various materials and applications [88]. Another study in-
tegrates residual heat and melt pool bead spreading into a physics-based process model
that utilizes the Rosenthal model to predict temperature fields and final clad geometries
[89]. Experimental validation in single-track and multi-track deposition demonstrates
strong agreement across varying specific energy levels and powder feed rates. However,
there are discrepancies between experimental and model-predicted results due to model

simplifications and process changes.
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Despite their utility and widespread use, analytical models, such as the Rosenthal
solution, exhibit significant limitations. These models rely on simplifying assumptions,
including uniform material properties, a constant heat source, and an infinite medium,
which fail to accurately reflect the complexities of real-world LMP processes. Conse-
quently, they often overlook important phenomena such as varying material properties
at high temperatures, phase changes, and complex part geometries. Additionally, ana-
lytical models neglect the dynamic nature of laser-material interactions, making them
impractical for real-time process control applications, where adaptive and flexible mod-
eling approaches are crucial. This lack of adaptability and understanding of the physical
interaction significantly reduces their effectiveness in scenarios requiring high precision
and reliability [32, 15]. Therefore, while analytical models are an invaluable tool for
advancing our understanding of the complexities within LMP processes, their limitations
underscore the pressing need for more advanced models capable of addressing the vari-
ability of LMP processes, adapting to real-world changes, and supporting closed-loop

control applications.

2.2.2 Numerical Modeling

Numerical modeling plays a crucial role in studying LMP by using computational al-
gorithms and simulation techniques to analyze complex physical processes that occur
during LMP. This approach involves discretizing the governing equations that describe
phenomena such as heat transfer, fluid flow, and phase transformation and then solving
them iteratively across spatial and temporal domains. This approach provides researchers
with a detailed understanding of the underlying dynamics of LMP processes, enabling

them to optimize the process parameters to achieve higher-quality manufactured parts.

The most common and widely used numerical modeling method in the literature is
finite element model (FEM) due to its versatility and ability to model the laser-material
interactions in LMP, including thermal effects, phase changes, and material deformation.
For example, an FEM has been developed for LHT to predict the temperature during

rotational LHT, which resulted in close approximations between the model and the real

24



process [90, 91]. A three-dimensional FEM of the SLM process has been developed to
simulate the conduction, transition, and keyhole modes of the process [92]. This model
enabled accurate predictions of the mode in which the current process is taking place.
Another FEM of the SLM process has been developed to simulate and understand the
relationship between powder layer thickness and shrinkage ratio [93]. Results indicated

that the shrinkage ratio decreased almost linearly as the layer thickness increased.

An FEM of the LDED process has been developed that includes surface heat losses as
a volumetric heat sink term [94]. Results showed that this model was able to accurately
predict the experimental melt-pool dimensions of single-track and multi-layer depositions
over a range of process parameters [94]. Another FEM has been developed for the
thermal behavior and microstructure evolution during LDED [95]. Experimental results
highlighted that the heat buildup during manufacturing reduced the cooling rate, which in
turn reduced the residual stress. These examples represent just a fraction of the extensive
literature available on FEM models, showcasing their versatility and understanding the
complex LMP processes. However, using FEM effectively requires careful attention to
detail and a significant amount of computational power, which makes it impractical and
too computationally demanding to be used for real-time control applications [96, 97, 98,
99].

Researchers have also tried to combine FEM with ML algorithms to reduce the compu-
tational complexity of numerical models or to improve the generalization and robustness
of the ML algorithms. For example, an FEM is combined with an artificial neural net-
work (ANN) to predict the residual stress in LDED [100, 101]. The ANN is trained using
thermal data from the FEM, and the ANN residual stress predictions are compared to the
FEM residual stress predictions. Results show that the combined FEM-ANN model has
comparable prediction accuracy compared to the FEM. In addition, the ANN predictions

show a time improvement between 4x and 9x compared to the FEM predictions.

Another study added physics-informed features of the LDED process to the inputs
of an ML algorithm [102]. The physics-informed features were extracted from an FEM
and include features such as the melt pool geometry and temperature. By adding these

physics-informed features, the generalization and robustness of the ML model were signif-
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icantly improved. Nonetheless, while combining FEM with ML algorithms offers promis-
ing avenues for reducing the computational complexity and improving the generalization
of FEM, there are still notable limitations. The computational efficiency gains observed
in these hybrid approaches are not significant enough to enable real-time prediction and

control applications due to the inherent computational demands of the models.

In contrast to the FEM, the finite difference model (FDM) offers a less complex and
more computationally efficient alternative, making it much simpler to implement and
requiring fewer computational resources compared to the FEM and ML methods. For
example, an efficient FDM has been developed to predict the temperature of a cylinder
during LHT [103, 104]. The simulation results showed a close correlation to the experi-
ment tests. In addition, another study developed an FDM for fast prediction and process
optimization of part-scale temperature evolution in LPBF [105], highlighting the FDMs

potential for efficient and accurate real-time applications.

In addition to their effectiveness in real-time applications, FDMs can also be an
effective tool for real-time process control. The ability to not only predict but also
dynamically adjust process parameters in response to real-time data underscores their
value in maintaining optimal process conditions. For instance, the integration of an
FDM into a linear quadratic tracking (LQT) controller has shown promising results in
maintaining a consistent melt pool temperature during LHT by controlling the traveling
speed [50]. This study achieved consistent microstructure throughout the heat-treated
area. The computational efficiency of the FDMs is achieved by restricting the FDMs to
the area around the heat-affected zone (HAZ) and updating the boundary states with
real-time thermal data from an infrared (IR) camera. This research further highlights
the efficiency and versatility of FDMs in accurately and efficiently predicting thermal
dynamics in real-time, showcasing their potential for real-time control applications in
LMP.

In summary, numerical modeling has proven to be a powerful tool for understanding
and simulating the complex physical processes that occur during LMP. While FEMs ex-
cels at capturing intricate interactions, it is too computationally demanding for real-time

control applications. Integrating FEM with ML aims to mitigate this, but the same com-
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putational challenge persists. In contrast, FDM offers a more computationally efficient
option, showing promise for real-time prediction and control in LMP. By focusing on
specific areas and utilizing real-time data, FDM has proven to be efficient and adaptable,
making it ideal for model-based control applications. Further advancements in computa-
tionally efficient numerical modeling techniques, coupled with real-time monitoring and
advanced model-based control strategies, have the potential to achieve consistent and

repeatable material characteristics in LMP.

2.2.3 Empirical Modeling

Unlike analytical and numerical modeling in LMP, which depend on theoretical formula-
tions, empirical modeling in LMP utilizes the direct observation and analysis of real-world
process data to establish relationships and insights between process parameters and out-
comes, such as material properties, surface roughness, or defect formation. Empirical
modeling is particularly useful when the underlying physics of the process are complex
or not fully understood, allowing researchers and engineers to predict process outcomes

based on experimental data.

Numerous studies have explored various aspects of LMP processes using direct obser-
vation and analysis of real-world data. One study investigates the influence of post-HT
on the microstructure and fracture toughness of Inconel 718 fabricated via LDED [106].
Various HT methods are applied to evaluate their effects on the microstructural evolution
and room-temperature fracture toughness. The results highlighted significant changes in
microstructural characteristics and fracture toughness due to post-HT. In addition, these
results underscore the importance of tailored HT processes for enhancing the quality of
LDED-produced Inconel 718 parts. Another study analyzes the effects of traveling speed
and laser power on the properties of gradient walls fabricated via LDED [107]. Results
indicate that variations in these process inputs result in significant variations in wall di-
mensions, surface roughness, and microhardness. In addition, it is observed that higher
traveling speeds resulted in decreased surface roughness but increased microhardness due

to the higher cooling rates.
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Furthermore, a bidirectional powder deposition strategy is utilized to deposit Ti-15Mo
alloy with LDED [108]. Microstructural characterization before and after HT reveals
changes in grain morphology and distribution of precipitates, impacting the material’s
mechanical properties significantly. Despite marginal improvements in UTS post-HT,
there was a decrease in elastic modulus and a small decrease in total elongation, indi-
cating subtle alterations in mechanical properties due to HT. Moreover, the influence of
oxidation on the surface and material properties during LDED of stainless steel 316 L
is investigated [109]. Results indicate that surface oxidation can enhance laser energy

utilization and deposition efficiency by lowering laser reflectance.

Additionally, hot-wire-based LDED is used for LAM of Inconel 625 thin-walled parts
[110]. The microstructural analysis revealed significant enhancements in mechanical
properties compared to wire arc additive manufacturing. Another study examined the
microstructural characteristics and mechanical properties of deposited Stellite® 6 alloy
under varied LDED processing conditions [111]. This research established optimized
process parameters for the deposition of Stellite® 6, resulting in enhanced mechanical
properties and wear resistance, showcasing the potential for streamlined manufacturing
of advanced alloys without additional post-processing. Lastly, a comparative analysis of
the microstructural evolution and strengthening behavior of Al-Mg-Sc-Zr alloys processed
with LDED and LPBF is conducted [112]. This study indicates that LPBF exhibits fewer
primary Al3(Sc,Zr) phases during solidification and enhanced precipitation strengthening

due to the higher cooling rates.

Although empirical studies play a crucial role in improving material characteristics,
they may not guarantee consistent and repeatable outcomes. This underscores the neces-
sity for closed-loop control to ensure process stability and consistent material properties.
However, empirical studies alone may not suffice for closed-loop control due to their
limitations in capturing the complex dynamics of the process. Therefore, integrating
numerical models for closed-loop control is essential for achieving consistent and reliable

material characteristics in LMP processes.
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2.2.4 Machine Learning

In both empirical modeling and ML in LMP, a variety of data sources, including pro-
cess parameters, monitored process data, and material properties, are utilized to gain
insights and make predictions. However, there are fundamental differences in how these
approaches leverage the data. Empirical modeling relies on data to create mathematical
models, while ML models are trained on this data to uncover complex patterns and rela-
tionships. By training models on this data, ML algorithms can identify complex patterns
and relationships that may not be apparent through traditional analytical or numerical
methods. These models can then be used for various tasks in LMP, such as process

optimization, defect detection, and material characterization [113, 114].

Of all the ML algorithms, neural network (NN) are the most used due to their sophis-
ticated architecture and computational power, making them highly suitable for real-time
prediction and control applications in LMP. One such application is correlating process
parameters to deposition geometry characteristics, achieved using an ANN with genetic
algorithm [115]. This network predicts deposition width, height, and angle from laser
power, scanning speed, and powder thickness. Another study used ANN with parti-
cle swarm optimization-ANN [116], predicting deposition width, height, and capture
efficiency from laser power, scanning speed, and powder flow rate. Furthermore, the
complete deposition geometry during LDED was predicted using ANN, including width,
heights, and shape. This was achieved by using the process inputs, deposition material,
and deposition location as inputs to the ANN. Another study predicted the deposition
height during LDED by training an ANN with seven features [117].

Extending the correlation between process parameters and deposition geometry char-
acteristics involves incorporating process images into the network. A study correlated
process parameters with molten pool images to weld waist and back width [118], utiliz-
ing morphological features from processed images. To utilize real-time images directly,
convolutional neural networks (CNNs) are used. In one study, a CNN predicted laser
power and traveling speed from real-time infrared images [119]. In another study, a

CNN predicted deposition dimensions from real-time vision images [120]. Recently, a
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CNN has been trained on a combination of vision images, IR images, process inputs, and
layer numbers [121], enabling accurate predictions of the deposition width and height
during multi-layer deposition. These ML algorithms generally achieve geometry or ther-
mal dynamics prediction accuracy between 95-98%, showing great potential for real-time

geometry prediction in LMP.

Another application involves correlating process parameters with thermal dynam-
ics. However, only a few studies exist. In one research paper, two machine learning
algorithms, extreme gradient boosting and long short-term memory, were developed
[122], correlating process parameters with infrared images and melt-pool temperature. A
physics-informed NN was developed to predict temperature and melt pool fluid dynam-
ics during LAM [123], showing promising potential for physics-informed deep learning in
LMP.

ML algorithms demonstrate significant progress in real-time prediction of material
characteristics during LMP. However, these advancements are limited to specific exper-
imental cases and require further experimentation. Moreover, none of these algorithms
have been tested for real-time control purposes. While ML algorithms show great poten-
tial, there is still a substantial amount of development to do before ML algorithms are

capable of both predicting and controlling material characteristics during LMP processes.

2.2.5 Summary

Process modeling, including analytical modeling, numerical modeling, empirical model-
ing, and machine learning, is essential in LMP as it provides invaluable insights into the
complex dynamics within LMP, enabling process optimization and control. Analytical
modeling utilizes mathematical formulations to understand the fundamental physics un-
derlying laser-material interactions, offering predictive capabilities based on theoretical
principles. Numerical modeling, on the other hand, employs computational algorithms to
simulate complex physical processes like heat transfer and phase transformation, enabling
a detailed understanding of LMP dynamics and parameter optimization. Empirical mod-

eling relies on real-world data to establish relationships between process parameters and
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outcomes, which is particularly beneficial when the underlying physics are complex or
not fully understood. Meanwhile, ML algorithms harness diverse data sources to uncover
intricate patterns and relationships, aiding in process optimization, defect detection, and

material characterization.

Despite advancements in process modeling techniques, most developed models are
either theoretical, with little or no validation against real-life results, or semi-empirical,
limiting the results to specific experimental cases and requiring further experimenta-
tion. Moreover, the majority of models are either too computationally intensive or lack
adaptability to real-world variability, thereby preventing their use for real-time control
applications. Therefore, there is a strong interest in the development of models like the re-
stricted FDM model [50], which are accurate and can adapt to real-world changes while
also being computationally efficient for real-time control applications. By combining
these models with process monitoring and model-based process control, manufacturers
can achieve complete control over material characteristics and product quality throughout

the manufacturing process.
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2.3 Process Monitoring in Laser Material Processing

As LMP processes, such as LDED and LPBF, continue to advance, there is a growing
need for real-time monitoring to optimize process parameters and mitigate defects. This
section focuses on the various techniques and methodologies used for real-time monitor-
ing of LMP processes. By examining existing literature on process monitoring in LMP,
the aim is to identify state-of-the-art monitoring technologies and their applications in
different LMP processes. Additionally, the section explores the challenges and opportuni-
ties associated with process monitoring, paving the way for the development of advanced

monitoring strategies for enhanced process control.

2.3.1 Thermal Monitoring

Thermal monitoring methods are crucial in LMP for understanding the thermal evolution
during melting and solidification as well as the thermal dynamics of the heat-affected
zone. By capturing key features like peak temperature, cooling rate, and heating rate,
thermal monitoring facilitates a comprehensive understanding of the thermal dynamic

processes in LMP, enabling precise control and process optimization.

With LAM, thermal monitoring provide valuable insights into the formation mecha-
nisms of internal defects and geometric distortions in components. For instance, utilizing
an IR camera coaxial with the laser beam allows for the real-time monitoring of molten
pool temperature in LPBF, enabling the measurement of molten pool width and the ex-
traction of temperature gradient profiles [124]. Additionally, another study used a coaxial
IR camera during LDED to extract geometric features of the melt pool, such as area,
length, width, and orientation [125]. Furthermore, the integration of IR cameras for mon-
itoring and controlling the cooling rate during the LDED process in real-time has shown
promising results, leading to increased consistency in material properties [126, 127]. In
parallel, a novel method utilizing tandem pyrometers has been developed to monitor cool-
ing rates in real-time during LDED, showcasing effectiveness even at high operational

speeds, achieving a remarkable frequency of 1 kHz [128].
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Thermography systems have been widely applied to characterize the molten pool size
and diagnose process stability [129]. A multi-sensor monitoring system, including a near-
infrared wavelength camera and a visible wavelength camera, has been constructed to
monitor porosities in fabricated parts by analyzing laser absorption rate characteristics
and temperature field evolution in LPBF [130]. A two-color pyrometer has been uti-
lized to monitor instantaneous anomalies in the molten pool during LPBF and used ML
algorithms for data fusion analysis of macro-computed tomography data to recognize in-
ternal pores of components [131]. A hyperspectral line camera has been used to capture
spectra of closely spaced points on the molten pool surface and achieve high-precision
temperature measurement with a spatial resolution of 12 pm/pixel via a nonlinear least-
square algorithm, fulfilling the requirement of high-precision temperature measurement
in LDED [132]. These findings underscore the critical importance of thermal monitor-
ing methods in LMP, offering invaluable insights into material behavior and enabling

enhanced process control and optimization.

Thermal monitoring methods provide invaluable insights into the intricate thermal
behavior of materials throughout LMP processes, enabling real-time monitoring of crit-
ical parameters such as molten pool temperature distribution and cooling rate. This
enables enhanced process control and optimization, allowing for precise adjustments dur-
ing fabrication. Additionally, by enabling the timely detection of defects and process
anomalies, thermal monitoring ensures the high quality and reliability of manufactured

components, contributing to overall product quality and process stability in LMP.

2.3.2 Vision Monitoring

In LMP, vision monitoring emerges as a pivotal method for extracting crucial local struc-
tural features and component layer shapes. This method enables the identification of
parameters such as height, width, and distortion, while also facilitating the recognition
of internal defects within components. With the advent of advanced ML techniques such
as CNN, internal features can now be efficiently extracted from captured images. Com-

monly utilized visual monitoring systems, such as charge-coupled devices (CCD) and
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complementary metal-oxide-semiconductor (CMOS) cameras, equipped with appropri-
ate waveband filters, play a significant role in enhancing accuracy, especially concerning
dimension feedback in LMP processes [133, 134].

The literature showcases significant advancements in vision monitoring technologies
for LMP. For instance, a trinocular optical detector consisting of three CCD cameras
was developed, along with image processing algorithms utilizing a recurrent neural net-
work, enabling real-time detection of deposition height in LDED [135]. Additionally,
a monitoring system for the molten pool in LDED was established, leveraging a laser
coaxial CMOS camera and combining molten pool images with process parameter data
to predict layer geometry [136]. Visual data analysis proves effective for monitoring and
diagnosing process states, as demonstrated by the development of a fusion algorithm for
image processing to detect laser-material interaction regions in LDED [137]. Similarly,
a method was proposed to monitor molten pool evolution and predict crystal growth
behavior based on molten pool contour data in LDED [138]. A CCD camera was used
to capture a sequence of molten pool images in LDED, and an intelligent particle swarm
optimization algorithm was utilized to predict the molten pool geometry [139]. These
findings underscore the importance of integrating advanced vision monitoring techniques

to enhance the understanding and control of LMP processes.

The integration of advanced vision monitoring technologies in LMP has significantly
enhanced real-time process monitoring, defect detection, and prediction of geometric fea-
tures. By leveraging ML methods and intelligent algorithms, researchers and engineers
can extract valuable insights from captured visual data, leading to improved accuracy
and efficiency in LMP processes. This advancement not only enhances the manufactur-
ing process but also contributes to improved manufactured part quality, ensuring the

production of high-quality components across various industries.

2.3.3 Acoustic Monitoring

LMP relies on advanced monitoring technologies to supervise fabrication processes, aim-

ing to ensure product quality and process efficiency. While traditional methods like vision
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and thermal monitoring offer insights into external characteristics and thermal behaviors,
they may overlook internal defects crucial for component integrity. In contrast, acoustic
emission (AE) monitoring, which captures acoustic waves generated during laser-material
interaction, presents a promising solution by providing valuable insights into internal de-
fects [140, 141]. The integration of AE monitoring into LMP processes represents a

significant advancement in defect detection and process monitoring capabilities.

The acoustic waves from the molten pool during LMP processes carry essential in-
formation about internal defects such as pores and cracks, offering rapid processing and
cost-effective defect detection [142]. Structural-borne AE sensors have been effectively
utilized to monitor crack and pore formation in powder-based LDED processes, with
sophisticated data analysis techniques like principal component analysis and CNNs fa-
cilitating defect recognition [143]. Moreover, the integration of AE sensors into LPBF
systems has further enhanced defect detection capabilities, enabling real-time detection of
micro-cracks and pores and facilitating improved process monitoring and quality control
[144]. Additionally, the utilization of air-borne AE monitoring techniques has minimized
structural noises and allowed for flexible installation, contributing to the versatility of
defect detection methods in LAM [145].

AE monitoring presents significant potential for enhancing defect detection and pro-
cess monitoring in LMP. By harnessing the valuable information transmitted by acoustic
waves, AE sensors enable real-time detection and characterization of defects such as pores
and cracks. Therefore, incorporating AE monitoring technology into LMP processes can

further enhance quality control and production efficiency of manufactured components.

2.3.4 Spectral Monitoring

optical emission spectroscopy (OES) is recognized as a valuable tool for compositional
analysis in LMP, leveraging characteristic spectral lines emitted from the HAZ [146, 147].
Studies utilizing OES have investigated various aspects of LMP processes. For example,
one study utilized OES to analyze the chemistry and relative intensities of excited species

in LPBF, correlating spectral characteristics with process parameters [148]. Similarly,

35



another study explored the relationship between deposition stability and spectral char-
acteristics in resistance hot-wire LDED, observing significant productivity improvements
under specific voltage conditions [149]. Furthermore, OES has been demonstrated as
an effective in-situ technique for characterizing internal defects in LPBF, achieving high

prediction accuracy for pores through Fourier transform analysis and ML [150].

While OES has significantly contributed to compositional analysis, process conditions,
and defect prediction in LMP, its application has limitations. These include challenges
in interpreting complex spectral data and the inability to directly measure certain inter-
nal defects. Nonetheless, OES continues to hold promise for advancing monitoring and

quality control in LMP.

2.3.5 Summary

In LMP, utilizing monitoring methods is essential to understanding and controlling the
intricate thermal and structural dynamics during manufacturing. Methods such as ther-
mal, vision, acoustic, and spectral monitoring play pivotal roles in capturing key process
features and detecting defects, ultimately ensuring the quality and reliability of man-
ufactured components. While thermal monitoring provides insights into the thermal
dynamics of the HAZ, vision monitoring enables precise dimensional feedback and de-
fect recognition. Acoustic monitoring offers rapid defect detection through the analysis
of acoustic waves generated during processing, while spectral monitoring contributes to

compositional analysis and defect prediction.

Despite advancements in monitoring technologies, challenges persist in interpreting
complex data and effectively integrating monitoring systems with control strategies to
achieve consistent material characteristics. Therefore, continuous innovation and inte-
gration of advanced monitoring techniques with predictive models and process control
strategies are critical to overcome these challenges and enhance the overall quality and
performance of LMP-fabricated components. By combining process monitoring, process
control, and predictive models, manufacturers can achieve complete control over material

characteristics and product quality throughout the manufacturing process.
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2.4 Process Control in Laser Material Processing

In the early stages of LMP, open-loop process control strategies were predominantly
used, requiring manual adjustments of process parameters based on periodic quality as-
sessments. These assessments involve analyzing dimensional accuracy, surface finish,
mechanical properties, and overall product quality to ensure that the parts are man-
ufactured to the desired standards and specifications. However, finding the optimal
process parameters manually is exceedingly costly, often leading to increased production
expenses, time-consuming interventions, and production delays. Moreover, the exten-
sive range of process parameters, each with its own intricate interactions and impacts
on material properties, exacerbates these challenges. Even minor deviations in process
conditions can result in significant variations in material properties, undermining the

scalability, reliability, and widespread adoption of LMP processes.

Subsequently, closed-loop process control techniques have received wide attention
for their capacity to automatically correct errors during the process, thereby increas-
ing manufacturing efficiency and product quality and improving the reproducibility and
consistency of the manufactured parts [151]. Despite the significant advancements in
closed-loop control, substantial challenges persist due to the complexity of LMP pro-
cesses. Therefore, a comprehensive study of process control techniques in LMP has been
undertaken. This study delves into both conventional and modern control techniques,
aiming to explore their respective strengths, limitations, applications, and challenges in
the context of LMP. By combining existing knowledge in this field, valuable insights can

be gained for the development of advanced process control strategies.

2.4.1 Classical Process Control Techniques

Classical closed-loop control strategies in LMP primarily consist of error-based single-
input single-output (SISO) control strategies which aim to regulate various process pa-
rameters to achieve desired material characteristics. These methods commonly utilize

controllers such as PID controllers, which adjust the input parameters based on the dif-
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ference between the desired output and the actual output of the system. In LMP, process
parameters such as laser power, scanning or traveling speed, powder feed rate, and laser
beam focus may be controlled to ensure precise material deposition and part quality.
These control strategies often rely on monitoring techniques that provide real-time feed-
back on the state of the process. In addition, these methods may also incorporate SISO
transfer functions derived from system identification processes using either real-world
data or complex computer simulations. These transfer functions serve as mathemati-
cal representations of the relationship between input parameters and output responses,

facilitating the design of control algorithms for LMP.

Controlling the thermal dynamics in LMP processes is critical due to its direct in-
fluence on material properties and microstructural consistency [77]. As a result, process
control predominantly focuses on controlling the process thermal dynamics in real time.
This focus has led to the development of various control strategies in the literature
to achieve more consistent material characteristics. For instance, in LHT, a PID con-
troller has been developed to maintain a consistent temperature of the HAZ, thereby
ensuring uniform microstructure [152]. Similarly, the hardness and hardening depth can
be controlled by maintaining a consistent peak temperature in LHT [153]. In LDED,
maintaining a consistent cooling rate through real-time monitoring of traveling speed
with feedback from an infrared camera resulted in a homogeneous microstructure in the
deposited layers [17, 18]. Furthermore, achieving a consistent melt pool size through real-
time adjustment of the laser power, monitored by an infrared camera, has proven effective
in enhancing wear resistance in deposited layers [154]. Also, a PID control algorithm uti-
lizing an infrared camera managed to ensure consistent layer dimensions by maintaining
uniform layer width during the process [155]. In LPBF, real-time monitoring of melt pool
geometry with an infrared camera resulted in consistent geometry by controlling the laser
power using a PID controller [156]. In addition, controlling the laser power to obtain a
stable molten pool temperature in LPBF resulted in more uniform microstructures and
higher mechanical properties of deposited parts [157]. Beyond the common PID control,
rule-based controllers have been developed for LDED to maintain a consistent melt pool

temperature, resulting in reduced variation in porosity and micro-hardness [158].
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Besides controlling the thermal dynamics, other features such as melt pool geometry
and layer height have been controlled during the process. These methods mainly use
visual-sensing methods. For example, a CMOS camera has been used to maintain a
consistent melt pool width during LDED by controlling the laser power. This method
resolved issues such as overmelting, balling, and high surface roughness [159]. In LPBF,
real-time monitoring of melt pool geometry with an infrared camera resulted in consistent
geometry by controlling the laser power using a PID controller [156]. Additionally, an
inline coherent imaging method has been utilized to extract the area features of protru-
sions and depressions in each layer, achieving in-situ correction and decreasing the surface
roughness of the samples by 54% [160]. Furthermore, achieving uniform layer height in
LDED has been realized through the utilization of CCD cameras to measure molten pool
height, coupled with adaptive sliding mode control algorithms for real-time speed control
[161]. These varied control strategies underscore the importance of closed-loop control

mechanisms in LMP processes.

Classical closed-loop process control techniques represent a significant advancement;
however, they are not without their limitations. Challenges such as the complexity of
LMP processes with numerous interrelated parameters and their influence on material
characteristics persist. Therefore, the comprehensive relationships between process pa-
rameters and material characteristics need to be established [45, 162]. This is what
modern process control is aiming at by combining control algorithms with advanced
methodologies, such as computer simulations, real-time models, and ML, that elucidate

these relationships.

2.4.2 Modern Process Control Techniques

Modern closed-loop process control strategies in LMP have evolved to encompass a di-
verse array of advanced techniques aimed at achieving consistent and repeatable mate-
rial characteristics. These strategies separate themselves from the classical error-based
SISO control methods and incorporate model-based approaches, leveraging mathematical

models of the LMP process to predict the optimal process inputs offline or in real-time.
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In addition, ML algorithms have emerged as powerful tools in process control, capable
of learning complex relationships between input parameters and output responses from
large datasets, enabling adaptive and data-driven control strategies [163]. Moreover, the
emerging field of multi-input multi-output (MIMO) control is revolutionizing LMP by en-
abling the optimization and control of multiple process variables simultaneously, thereby

significantly improving the reproducibility and consistency of the manufactured parts.

Mathematical models have been used in conjunction with PID controllers to improve
the quality of manufactured parts. One possible method is by using the calculation
results of complex FEM as the input data of the control system to improve the qualities
of the manufactured parts in LMP. For example, a closed-loop control framework in
LPBF based on an FEM has been established [164]. With this framework, the output
signals collected from the FEM were used to update the control signals of the controller
that controls the process. As a result, the calculated molten pool width from the model
was fed into the proportional-integral controller to adjust the laser power of the process,

which resulted in a significant reduction in the melt pool width variations.

While an FEM is highly accurate, each manufactured part requires its own developed
and simulated FEM, which require a lot of computational resources and time. The use
of analytical models, however, requires much less resources and time and can be used in
real-time. For example, an analytical, control-oriented model was developed to calculate
the molten pool dynamics during LPBF [165]. The calculated cross-sectional area of the
molten pool was used as a feed-forward signal for the nonlinear inverse dynamic controller
to control the laser power and keep the melt-pool cross-sectional area at a constant set

point during the build process.

Similarly, an analytical control-oriented model of the SLM process was developed
[166]. This model describes the melt pool evolution, consisting of a thermal model using
the energy balance of lumped melt pool volume and a disturbance model that uses the
disturbing heat from neighboring tracks as the initial temperature of the melt pool. A
PID controller was used in this research to control the laser power, minimizing the effect
of inter-track disturbance on the melt pool area. Simulation results revealed that the

proposed controller reduces the chance of pore formation, which improves the quality
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of manufactured parts. While analytical models are efficient enough to be used in real-
time, they lack prediction accuracy compared to numerical models. Additionally, current
methods primarily utilize SISO control approaches, neglecting the need for MIMO control

to ensure consistent and repeatable material characteristics.

The most basic and common MIMO control system consists of an inner and outer
control loop, where the inner loop controls a system parameter at each time step of the
process while the other loop controls a system parameter after each layer. For example,
a dual-loop PID control was designed to achieve MIMO control [167]. This controller
enabled simultaneous control of the overlap rate and the height deviation. A two-channel
pyrometric camera is used to monitor the melt pool size, and a constant melt pool size
is achieved by laser power control with a PID controller. In addition, laser triangula-
tion sensors are used to observe the layer shape and overlap, and a consistent overlap
is achieved by controlling the lateral movement of the processing head with a PID con-
troller. Similarly, a dual-loop control system has been proposed, integrating an inner-loop
temperature controller and an outer-loop height controller [168]. With this controller,
a laser-line triangulation sensor and a thermal camera have been utilized to monitor
the layer height and the molten pool temperature, respectively. Simulation-based re-
sults demonstrated significantly improved dimensional accuracy and maintained desired

thermal behavior during the LDED process.

Instead of having an inner and outer control loop, it is also possible to have a more
complex control system consisting of two separate PID control loops, controlling multiple
process parameters simultaneously in real-time. Such a system has been proposed to
achieve consistent microstructure and geometry in LDED [50] simultaneously. The first
controller controls the laser power to maintain a consistent layer height with height
measurements from a CCD camera, while the second controller controls the traveling
speed to maintain a consistent cooling rate with temperature measurements from an IR
camera. Results showed that this MIMO control system is capable of achieving consistent
layer heights and microstructure during single layer depositions in LDED. While these
error-based MIMO control systems show great results, these methods are limited to

specific experimental conditions and require further testing. Moreover, these approaches
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are unable to accurately understand the intricate relationship between thermal dynamics
and material characteristics. Therefore, more advanced model-based control strategies

and ML control strategies are needed for MIMO control.

A more advanced method of model-based control algorithms is using mathematical
models for real-time prediction within model predictive control (MPC) algorithms. For
example, a robust model predictive control (RMPC) algorithm has been developed to
achieve consistent layer height and temperature during LDED simultaneously [169]. The
RMPC algorithm utilizes an analytical lumped parameter model as the prediction model,
with layer height and melt pool temperature monitored using a CCD camera and py-
rometer, respectively. The results show that this controller can effectively achieve MIMO
control and deal with uncertainties and disturbances. However, it is important to note
that these results have been obtained from simulations and have not yet been validated
on a real LDED system. This limitation is significant because simulation results do
not fully capture the complexities and unforeseen challenges of real-world applications,

affecting the reliability and effectiveness of the proposed algorithm in practical scenarios.

Besides using an analytical model, a numerical model has also been utilized with an
advanced prediction control algorithm. An LQT algorithm has been developed to achieve
a consistent hardness during LHT by controlling the traveling speed [50]. The LQT algo-
rithm utilizes a FDM as the prediction model, and the melt pool temperatures are moni-
tored using an IR camera. By maintaining a constant melt pool temperature, consistent
hardness and hardening depth have been achieved. While the results show great capa-
bilities, the algorithm has only been validated for a very limited number of experiments
and requires further validation. Nonetheless, using a numerical model with real-time

monitoring and an advanced prediction control algorithm shows the most promise.

Along with advanced model-based control algorithms, ML algorithms are capable of
understanding the manufacturing state from the preceding step and executing decision-
making in the subsequent step. For instance, a deep reinforcement learning framework
has been proposed to intuitively learn the influence of process parameters on heat ac-
cumulation. This framework can identify the area of heat accumulation and maintain a

consistent depth of molten pool by adjusting either the laser power or the scanning speed
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[170]. Furthermore, a multi-input NN has been introduced to formulate a control model
for analyzing the intricate thermal history in LPBF. The overall sintering condition was
assessed based on process characteristics and thermal histories, and the laser power for
the next layer was adjusted using a PID controller to achieve real-time compensation for
differences in heat accumulation [171]. Additionally, an adaptive neuro-fuzzy inference
system control algorithm, utilizing CCD camera data, has been used to regulate travel
speed and ensure consistent layer heights [172]. While the proposed ML algorithms offer
significant potential in optimizing LMP processes, they also come with numerous down-
sides, particularly when dealing with the complexity inherent in LMP. Large, complex
datasets are required due to the intricate relationship between process parameters and
material characteristics in LMP, making it essential to capture a wide range of operating
conditions and material variations. Additionally, the high computational requirements
of certain advanced ML algorithms can pose challenges in real-time applications, where
rapid decision-making is crucial. The nonlinear nature of LMP further complicates model-
ing efforts, as traditional linear methods may struggle to capture the complex interactions
between process variables accurately. Moreover, ML algorithms may face difficulties in
dealing with uncertainties inherent in LMP, such as material inconsistencies, machine
variability, and environmental factors, potentially leading to unreliable predictions or

control decisions.

Modern closed-loop process control strategies in LMP have evolved significantly,
adopting a variety of advanced techniques to ensure consistent and reliable material
characteristics. These strategies have moved beyond traditional error-based SISO con-
trol methods, incorporating both mathematical and ML models and enabling MIMO
control. However, most of these advanced approaches use PID controllers for the control
action, and PID controllers are unable to leverage the predictive information from these
models directly. Therefore, utilizing advanced model-based control methods like MPC
is required. MPC offers crucial advantages over PID control in LMP applications, in-
cluding the ability to optimize control actions over a future horizon, handle constraints
explicitly, and adapt to changing process conditions [173]. Furthermore, MPC excels in

integrating MIMO control, optimizing control actions across multiple process variables

43



simultaneously, which is a necessity in LMP due to the intricate relationship between
process parameters and material characteristics. Therefore, utilizing MPC in LMP pro-
cesses holds immense potential to improve process stability and achieve consistent and

repeatable material characteristics of the manufactured part.

2.4.3 Summary

The evolution of closed-loop process control strategies in LMP reflects a significant shift
towards achieving consistent and repeatable material characteristics. Moving beyond
traditional error-based SISO control methods, these strategies integrate model-based ap-
proaches, leveraging mathematical models of the LMP process with PID control to control
the process in real-time. In addition, ML algorithms have empowered control strategies,
further enhancing process control capabilities. Moreover, MIMO control is revolutioniz-
ing LMP, enabling simultaneous optimization and control of multiple process variables,

substantially improving reproducibility and consistency in manufactured parts.

Despite advancements in process control techniques, the predominant reliance on PID
controllers poses limitations in effectively utilizing the predictive information derived from
the mathematical models, underscoring the need for advanced model-based control meth-
ods such as MPC in LMP processes. Therefore, continuous innovation and integration
of advanced MPC techniques that utilize the predictive capabilities of computationally
efficient mathematical models are critical to achieving consistent and repeatable ma-
terial characteristics. By implementing advanced MPC algorithms, manufacturers can
achieve complete control over material characteristics and product quality throughout

the manufacturing process.
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2.5 Chapter Summary

LMP has emerged as a transformative technology with diverse applications spanning from
laser cutting to LAM. Despite its remarkable advantages, achieving consistent and re-
producible material characteristics remains a significant challenge, especially in advanced
processes such as LAM. These challenges originate from the intricate interplay of numer-
ous process parameters on the material characteristics. Even slight deviations in process
conditions can lead to variations in material properties, which undermine scalability,

reliability, and widespread adoption of LMP processes.

To address these challenges, this literature study explored key aspects of microstruc-
ture control within LMP, focusing on the effect of process parameters on material charac-
teristics, process modeling, process monitoring, and process control. Optimizing process
parameters such as laser power, traveling speed, and powder feed rate are essential for
achieving desired material properties and ensuring consistent product quality in LMP
processes. These parameters exert significant influence on various material characteris-
tics, such as porosity, hardness, surface roughness, residual stress, microstructure, tensile

strength, fatigue behavior, wear resistance, and dimensional accuracy.

Process modeling techniques, including analytical, numerical, empirical, and machine
learning models, offer valuable insights into the complex dynamics of LMP. Analytical
modeling provides insights into fundamental physics, while numerical modeling simulates
complex processes like heat transfer and phase transformation. Empirical modeling uses
real-world data to establish relationships between parameters and outcomes, while ma-
chine learning uncovers patterns aiding in optimization and defect detection. However,
most models lack validation against real-life results or are too computationally intensive
for real-time control. Therefore, there is a need for accurate, adaptable, and computa-

tionally efficient models for real-time control applications.

Process monitoring methods, such as thermal, vision, acoustic, and spectral mon-
itoring, play a crucial role in capturing key process features and detecting defects in
real-time. Thermal monitoring provides insights into the thermal dynamics of the HAZ,

vision monitoring enables precise dimensional feedback, acoustic monitoring offers rapid
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defect detection, and spectral monitoring contributes to compositional analysis. How-
ever, challenges persist in interpreting complex data and integrating monitoring systems
with control strategies effectively. Therefore, continuous innovation and integration of
advanced monitoring techniques with predictive models and process control strategies

are essential.

Process control strategies have progressed towards closed-loop methods, integrating
model-based approaches and machine learning algorithms to achieve consistent material
characteristics. Moving beyond traditional error-based control methods, such as PID
controllers, MPCs, and MIMO techniques, enables simultaneous optimization and con-
trol of multiple process variables. While significant progress has been made, the preva-
lent reliance on PID controllers presents constraints in leveraging predictive data from
mathematical models effectively. Additionally, the computational demands of advanced
model-based algorithms and the complexities of integrating machine learning present
practical challenges. Therefore, the integration of advanced MPC techniques that utilize
the predictive capabilities of computationally efficient mathematical models is critical to

achieving consistent and repeatable material characteristics.

Insights gained from these areas underscore the significance of MIMO control, which
integrates real-time monitoring with model-based process control, leveraging accurate
and computationally efficient mathematical models. This approach enables precise con-
trol over material characteristics, ensuring consistent and repeatable product quality
throughout the manufacturing process. Therefore, this research focuses on the devel-
opment of an AMPC algorithm suitable for real-time microstructure control in LMP,

integrating real-time monitoring, prediction, and control of the thermal dynamics.
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Chapter 3

Experimental Setup and Thermal

Monitoring

In previous studies [174, 153, 50], a closed-loop automated laser material processing
(LMP) system was developed at the Automated Laser Fabrication laboratory of the Uni-
versity of Waterloo. This system aimed to enhance production consistency and achieve
desired engineering properties in LMP processes. Additionally, prior research [121] in-
troduced a novel monitoring system for real-time monitoring of thermal dynamics and
geometric features in LMP. This chapter provides a comprehensive examination of the
experimental setup, including its configuration and components. Furthermore, it delves

into the details and methods used for real-time monitoring of thermal dynamics.
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3.1 Experimental Setup for Research on Laser Ma-
terial Processing

The setup of the LMP system used in this research is depicted in Figure 3.1. This setup

is capable of conducting both laser heat treatment (LHT) and laser-directed energy

deposition (LDED) experiments and can be used for a variety of applications, such as

hardening, cladding, coating, welding, rapid prototyping, and thermal post-processing.
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Figure 3.1: Experimental setup at the ALFa laboratory of the UW for conducting LHT
and LDED experiments.
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As shown in Figure 3.1, the laser beam is transferred to the laser head, which is
installed on a computer numerical control (CNC) machine. The laser head directs the
laser beam onto the workpiece, producing a heat-affected zone (HAZ) (without trans-
forming solid into liquid) in the LHT process mode and a melt pool (transforming solid

into liquid) in the LDED process mode. Argon shielding gas is supplied onto the HAZ
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during the LHT process to prevent oxidation. Shielding gas with additional metal pow-
der is supplied onto the melt pool during the LDED process. In the latter case, as the
metal powder and a thin layer of the workpiece surface are melted, a thin layer (clad) is
deposited on the workpiece. Due to rapid heating and cooling, unstable phases such as
martensite may be formed in the workpiece during LHT, and a strong bond is formed
between the deposited layer and the workpiece during LDED. The laser and the move-
ment of the worktable are controlled by the real-time operating system to produce the

required track profile on the workpiece.

The thermal camera used in this setup captures images of the thermal process in
real-time, and these images are used to find the peak temperature and cooling rate. An

image of the LMP setup with a clear image of the camera unit is shown in Figure 3.2.
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Figure 3.2: Experimental setup at the ALFa laboratory of the UW used for conducting
LHT experiments (on the right) and LDED experiments (on the left).
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As illustrated in Figure 3.2, the positioning of the camera unit varies depending on
the process being conducted. During LDED, the camera unit is positioned coaxially with
the laser beam to capture the whole melt pool. In contrast, during LHT, the camera
is laterally oriented at a 45° angle and perpendicular to the movement direction of the
worktable. This lateral positioning is necessary due to the lower intensity of light at lower
temperatures and due to the internal optics of the laser head blocking some of the light,

ensuring optimal thermal monitoring of lower temperatures during the LHT process.

The LMP setup shown in Figure 3.1 and Figure 3.2 consists of the following equip-

ment:

e An IPG fiber laser YLR-1000-1C with a higher-order Gaussian beam profile is used

as the heat source.

e The Sulzer Metco TWIN 10-C powder feeder is used to supply argon-shielding gas

with or without powder.

e The lateral nozzle feeds the argon-shielding gas, with or without powder, onto the
substrate. The nozzle has an inside diameter of 1.6 mm and an outside diameter

of 3.1mm.

e A 3-axis Fadal VMC 3016 CNC machine is used to position and move the worktable

with the workpiece during the process.

e Retinex vision and infrared (VIR) camera containing the Optris PI 08M infrared
(IR) camera [175], which is used to capture thermal data during the process. This
camera is specifically calibrated for laser applications and is capable of measuring
temperatures between 575 °C and 1900 °C, with an accuracy of +£1% for readings
below 1500 °C and +1.5% for readings above 1500 °C.

e A real-time operating system within NI LabVIEW controls the process inputs,
including CNC traveling speed and laser power. It sends control commands to the
system through an NI PCI-7342 motion controller device. The operating system
also acquires feedback data from the LMP system via a DAQ card, enabling precise

control and dynamic adjustments during the process.
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3.2 Thermal Dynamics Monitoring

In this research, the Optris PI 08M IR camera [175] is utilized to capture thermal data
during the LMP process. This camera features a narrow spectral response at 800 nm and
is specifically calibrated for LMP processes, ensuring accurate temperature measurements
ranging from 575 °C to 1900 °C. The accuracy of the temperature measurements is
specified as 1% for temperatures below 1500 °C and +1.5% for temperatures above
1500 °C. These calibration standards enable reliable real-time monitoring of thermal
dynamics during LHT and LDED processes, covering the typical temperature ranges for

most metals and almost all steel alloys encountered in LMP processes.

It is important to note that these temperature measurements are relative rather than
absolute, as they are influenced by factors such as emissivity. Emissivity, a material
property that affects the amount of infrared radiation emitted by a surface, can vary
depending on the surface conditions and the state of the material. In many cases, the
emissivity of the solid phase differs considerably from that of the liquid phase, posing
challenges for accurate temperature measurement. However, the solid phase emissivity
values tend to exhibit relatively consistent behavior. While there may be variations be-
tween different materials, within a given material, the emissivity values remain relatively
stable across the solid temperature ranges, which is particularly notable in steel alloys.
This uniformity in emissivity within the solid phase helps maintain measurement accu-
racy. Consequently, all algorithms developed in this research focus on the solid phase
to ensure the accuracy and reliability of the results. Furthermore, for each material
processed during LMP, the emissivity value in the camera’s accompanying software is
optimized such that the measured maximum temperature of the solid region matches
the melting point of the material being processed. In addition, adjustments are made
to the transmissivity based on the VIR camera housing, positioning, and laser optics
configuration of the LMP setup. Transmissivity refers to the material’s capacity to allow
infrared radiation to pass through it. This calibration process ensures precise tempera-

ture measurements tailored to the specific materials and experimental setup.
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Figure 3.3 illustrates the typical temperature distribution observed during LHT and
LDED processes. At each time frame p, a thermal image is taken, capturing the thermal
distribution of the HAZ. Each pixel of this image measures the temperature T? of a
specific point of the HAZ. For example, there is a point on the trailing edge of the melt
pool where the melt pool solidifies, as shown on the left in Figure 3.4. The higher the
intensity of the pixel (the brighter the pixel), the higher the temperature will be, and

the pixel with the highest intensity corresponds to the peak temperature Tgeak.

LHT

Figure 3.3: Typical temperature distribution for LHT (on the left) and LDED (on the
right).

To calculate the cooling rate AT of a specific point in the HAZ, consecutive thermal
images captured at different time intervals are analyzed as shown in Figure 3.4. In this
figure, the left frame displays a thermal image at time t?. At this time, a temperature
TP is measured at the edge of the melt pool. This point is then tracked until it reaches
a certain temperature TP+ at time t**?, as depicted in the thermal image on the right
frame. After tracking the specific point from TP to TP*¢, the temperature gradient can
be calculated by determining the change in temperature AT?™* = TP —TP** The cooling
rate can then be determined using the formula:

s P+ ATp-l-i

where AtP1? is the time difference between the two frames AP = tp+i — ¢tp
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Figure 3.4: Temperature measurement visualization, including pixel tracking relative to
a specific point on the workpiece surface.

While directly calculating the time difference between frames can be a valid approach,
it may not fully capture the dynamic nature of processes such as laser material process-
ing. In such processes, the speed of the tracked point might not remain constant due
to fluctuations in laser power, variations in material properties, or changes in process
conditions. Consequently, relying solely on the time difference between frames for pre-
dicting the cooling rate may not be sufficient. The cooling rate depends not only on the
time interval but also on the actual movement of the tracked point during that time. By

computing the time interval At**¢ using the displacement of the tracked point AzP** and

AgpPti
/UPJri 3

the speed of the process vP** through the formula At = this approach accounts
for the actual movement of the point while adjusting for any fluctuations in speed. This
enables a more accurate estimation of the time interval between frames, leading to a more
precise calculation of the cooling rate. The following equation illustrates the expected
relationship between the cooling rate and the calculated time interval, incorporating both

the displacement of the tracked point and the speed of the process.

o pyi TP — TPt i pPti
AT - W - ATP e

= Agr
3] K2

(3.2)
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Throughout the LMP process, the traveling speed and the process thermal dynamics
of the HAZ typically change very slowly. Consequently, the cooling rate of the mate-
rial only changes slowly. As a result, an alternative method for determining the cooling
rate, known as the spatial cooling rate, becomes possible. Unlike the traditional ap-
proach involving consecutive thermal images, the spatial cooling rate relies on analyzing
temperature data from a single snapshot of the HAZ, as depicted in Figure 3.5. This
method offers valuable insights into how temperature gradients evolve with respect to
the spatial coordinates of the material. Moreover, in numerical models and state-space
representations, spatially distributed data is often preferred over discrete time series data
like consecutive thermal images. In this context, the spatial cooling rate, which accounts
for temperature gradients across the material surface, becomes more relevant. It offers
insights into how temperature varies with position in the material, aligning well with the
requirements of spatially distributed numerical calculations and state-space representa-

tions.

Figure 3.5: Spatial cooling rate using two temperature points within the HAZ from a
single image.

With the spatial cooling rate, two temperature points within the HAZ are selected
from the same image, as illustrated in Figure 3.5. These points are denoted as T4 and
T%. The temperature difference between these two points, denoted as ATP, is directly
determined from the single image, allowing for an immediate assessment of the temper-

ature gradient. To compute the corresponding time interval AtP, the displacement AxP
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between the selected points is divided by the speed ©? in the z-direction of the LMP
process at time p. With this information, the spatial cooling rate, denoted as V1?, is

calculated as follows:
Up

AxP

VTP = AT? (3.3)

Based on the rationale outlined earlier, this research will exclusively utilize the spatial
cooling rate equation, as denoted by Equation (3.3), for all subsequent cooling rate
measurements, calculations, and predictions, rather than relying on the conventional

cooling rate equation represented by Equation (3.2).
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Chapter 4

Thermal Dynamic Modeling for

Laser Material Processing

Thermal dynamic modeling involves the mathematical representation of heat transfer
within a given system. In the context of laser material processing (LMP), these models
play a crucial role in predicting temperature distributions, peak temperatures, and cool-
ing rates during the process. This chapter delves into the development of two adaptive
thermal models for the prediction and control of thermal dynamics in LMP. These mod-
els aim to accurately predict the heat transfer, especially the heat conduction, within
the process. The chapter begins with the development of a two-dimensional (2D) adap-
tive thermal model, specifically designed for the prediction and control of the thermal
dynamics during laser heat treatment (LHT). Subsequently, the chapter delves into the
development of a novel one-dimensional (1D) adaptive thermal model, specifically de-
signed for the prediction and control of the thermal dynamics during laser-directed en-
ergy deposition (LDED). This model is a significant step forward from the previous 2D
version, improving the computational efficiency, increasing the prediction accuracy, and

expanding the suitability and versatility for control applications.
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4.1 Two-Dimensional Adaptive Thermal Model

In order to benefit from the accuracy of numerical modeling while remaining compu-
tationally fast for real-time prediction and control applications, a simplified 2D finite
difference (FD) model for the LHT process is developed. First, a 2D thermal dynamic
model is developed using the partial differential equations (PDEs) of conduction, con-
vection, and radiation. Subsequently, the FD method is used to solve these equations.
Finally, a computationally efficient optimization algorithm is constructed to tune the

material constants of the model in real-time.

4.1.1 2D Dynamic Model

The heat transfer during LHT can be divided into two main components: heat transfer
by conduction, which involves heat transfer within the workpiece, and heat transfer by
convection and radiation, which includes the exchange of heat between the workpiece, its
surroundings, and the heat source. For the first component of heat transfer, the classical
2D nonlinear equation of conduction with a moving heat source in the x-direction is
defined as follows [176]:

2 ()2 + 2 (k) 2E) + ety = 2ESDT ) 2 DD

(4.1)

where T= T (z,y,t) is the 2D transient temperature [K|; k(7)) is the temperature-
dependent thermal conductivity [W/(mK)]; ¢,(T) is the temperature-dependent specific
heat capacity [J/(kgK)]; p(T) is the temperature-dependent density [kg/m3]; Qr(z,y,t)
is the amount of energy added in two dimensions to the heat-affected zone (HAZ) during
LHT [W/m?]; v(¢) is the traveling speed [m/s]; and ¢ the time [s].

This conduction equation is highly nonlinear, which makes the model computation-
ally demanding. To improve the computational efficiency of the model, the temperature

dependency of the material constants (k, p, and ¢;,) is removed from the conduction equa-
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tion. Additionally, the equation is simplified by combining the material constants p and
¢p into the volumetric heat capacity ¢, [J/(m*K)]. Finally, the equation is restructured,
which results in the following simplified 2D heat conduction equation with a moving heat
source in the z-direction:

2 2
k (%—i—%) +Qr(x,y,t) =c, (%—qu}g—i) (4.2)

Removing the temperature dependency of material constants, while beneficial for
computational efficiency, can introduce inaccuracies as material properties often vary
with temperature. This simplification assumes constant material properties, which might
not capture the dynamic behavior of the heat conduction process accurately. To mit-
igate these potential issues, a model optimization algorithm will be introduced in Sec-
tion 4.1. This algorithm will continuously adjust and optimize the model parameters
at high frequency, compensating for the approximations made by removing temperature
dependency. By integrating this optimization process, the model will better account
for variations in material properties, maintaining accuracy and effectiveness in real-time

applications.

The second component of heat transfer, encompassing both convection and radiation
(Qconv/raa), is defined by [177] as follows:

Qconv/rad (2, 1) = —he (T = Ty) — e(T)o (T* — T) (4.3)

where h, is the convective heat transfer coefficient [W/(m?K)]; Ty is the ambient temper-

ature [K|; €(T) is the temperature-dependent emissivity coefficient; and o is the Stefan-
Boltzmann constant [5.67 - 1078 W /(m?K*)].
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The inclusion of the temperature-dependent radiation term in Equation (4.3) in-
troduces significant nonlinearity to the heat transfer by convection and radiation. This
nonlinearity increases the computational demands of the model. To minimize the compu-
tational complexity and reduce the processing time, a combined heat transfer coefficient
proposed by Goldak [178] and used in the literature [177, 179, 180] is selected:

_ —4 1.61
conv/rad\+» Y — T 4= - .
Qeonv/rad (T, Y, 1) = —24.1 - 10~ 4T (T — Tp) (4.4)

Despite the simplicity of this coefficient, it remains highly nonlinear due to the multi-
plication of T (T' — Ty). Moreover, the emissivity € is both material- and temperature-
dependent and must be measured for every experiment [178]. To further simplify this
equation, the nonlinear term 24.1 - 10~%€T%! is consolidated into a single coefficient, de-
noted as h.,, which can be manually tuned or optimized in real-time. This simplification

results in the following equation for heat transfer by convection and radiation:
Qconv/rad(xy Y, t) = _hC,r (T - TO) (45)

Combining the two simplified heat transfer components from Equations (4.2) and (4.5)
results in a 2D heat transfer equation, which includes conduction, convection, radiation,
and a moving heat source. The 2D heat transfer equation with a moving heat source is

given by:

2 2p
k(aT 0

0x?  Oy?

> +Qu(z,y,t) = (aT o

O ) the (T -T) (46

The simplified 2D heat transfer equation includes two essential processing input vari-
ables: v(t), representing the heat source traveling speed, and Qp,(z,y,t), representing the
laser heat source generated by the (IPG-1000-IC) laser. According to laser diagnostics
software provided by IPG, the laser beam profile may exhibits a higher-order Gaussian
curve, as illustrated in Figure 4.1. The specific shape and order of the Gaussian curve

depend on the laser’s focusing distance.
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Figure 4.1: TPG-1000-IC laser beam, captured using IPG’s laser diagnostics software.

As depicted in Figure 4.1, the laser integrated in the LMP setup, illustrated in Fig-
ure 3.1, may exhibit a higher-order Gaussian curve. Consequently, the laser heat source

is characterized by a higher-order Gaussian distribution [177, 181], represented as follows:

Qr(z,y,t) = 2pb(?) exp —2 <x2 + y2) (4.7)

2 2
Az i

In Equation (4.7), n is the order of the Gaussian profile and ry, is the laser beam
radius [m], both depending on the focusing distance of the laser beam. Additionally, u is
the absorption coefficient; P is the effective laser power [W]; and Az = 1 mm accounts

for the transformation of a volumetric heat distribution into a surface heat flux.

4.1.2 2D Finite Difference Model

After developing the 2D model describing the heat transfer dynamics in the LHT process,
the next crucial step is to implement numerical methods for solving the PDEs describing
the heat transfer efficiently. This subsection utilizes the FD method to discretize the
heat transfer equation and obtain numerical solutions. The FD method is chosen for its
capability to transform continuous differential equations into discrete algebraic equations,

aligning well with the pixelated structure of infrared (IR) images used for real-time
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temperature monitoring during the LHT process. With the FD method, the temperatures
of the heat transfer equation are calculated at discrete points known as nodes, collectively
forming a nodal network. The nodal network used to solve the dynamic model (4.6) is
shown in Figure 4.2. In this figure, each node represents a certain region defined by
Az and Ay. Additionally, the temperature T, ,, of each node m,n is determined by the

average temperature of the corresponding region.

A

Boundary nodes

Model nodes
Laser spot center node

Region of interest

Figure 4.2: Schematic representation of the nodal network for the 2D FD model of the
LHT process.

To enable the discretization of the 2D model, the coordinate system is transformed
from z,y to m,n, as depicted in Figure 4.2. To improve the computational efficiency, the
region of interest in the nodal network is restricted to the HAZ. Additionally, the LHT
process is considered symmetric with respect to the laser spot centerline in the z-direction.
Consequently, aligning the region of interest with the z-axis allows for the calculation of
only half of the nodes within this region, resulting in a M x N area that further enhances
computational efficiency. The temperatures of the nodes in this area, labeled ”Model

nodes”, are predicted in real-time. Conversely, the temperatures of the nodes positioned
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at the boundary of the region of interest, labeled " Boundary nodes”, are obtained in real-
time from thermal images captured by the IR camera during the LHT process. These
boundary nodes are assigned fixed temperature values based on the measured data, which
corresponds to Dirichlet boundary conditions [182]. This approach provides accurate and
consistent boundary temperatures but may limit flexibility in adapting to rapid changing

conditions.

After defining the nodal network, the FD method is used to solve the PDEs governing
the heat transfer dynamics of the HAZ. This method involves replacing the continuous
PDEs with discrete approximations, allowing for numerical solutions to be obtained [183].
One common approach is to use central-difference approximations for the spatial deriva-
tives. For example, using the central-difference approximation for the first derivative

with respect to x yields:
aor

P /4 _Tp
~ Tm+1,n T,
ox

m—1n
: 4.
2Ax (4.8)

m,n

Moreover, using the central-difference approximations for the second derivative with

respect to z and y yields:

82T P — TTII)’L+1,TL + TTI;L—Ln - 2T'IIT)7,,'I7, 82T b — TrZrJL,n—l-l + TTZ))’L,TL—I - 2T7€L,n 4.9
a2, (Ax)” 02 | (Ay)’ 9

To discretize the model in time [183], an integer p is introduced to indicate the time
dependency of T', where ¢, = pAt, with At representing the time interval between two
successive time frames and p indicating the current time frame. Using the forward-

difference approximation, the time derivative can be expressed as:

p p+1 _ 7p
aT ~ Tm,n Tm,n

EA Ry (4.10)

where the time derivative is expressed in terms of the difference in temperature associ-
ated with the future time frame p+1 and the current time frame p. Consequently, the

calculations are carried out at successive time frames separated by At.
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The FD form Q.F, , of the laser heat source (4.7) is determined by integrating the
higher-order Gaussian beam profile over the shaded region of each node, which is math-

ematically expressed as:

2uPP (n+3)Ay  p(mt+})Ae 2 2\ 7
QrLimn = M_/( /( exp —2(96 :;y ) dxdy (4.11)

Tri AxAyAz n-1)ay J(m-1)A 2

The complete FD formulation of the 2D model is obtained by substituting Equa-
tions (4.8), (4.9), (4.10), and (4.11) into Equation (4.6). This transformation results in
a FD model that restricts temperature calculations to discrete points in both space and
time. Rearranging the resulting equation to express the unknown nodal temperature at

the future time frame TP/ and combining the coefficients of T%, . together results in:

ngj = (1 — 2Fo, — 2Fo, — Hy)T?, , + Fox (T% 1, + 10 )

(4.12)
+ Foy (T’z,n—f—l + T’rlrjz,n—l) + CVQLfn,n + KV (TTII)’L—I,H - Trlr)’b—l—l,n) ’Up + HdTO

where Fo, and Foy represent the FD forms of the Fourier number in the z and y directions,
respectively:
kAt kAt
Foy, = ——— Foy = ——— (4.13)
¢y (Az) ¢ (Ay)

Additionally, C,, K,, and Hy are defined as:

At At he At
N Z Ky = 2Az Ha= Az

Cy (4.14)
With the complete FD formulation of the 2D model (4.12), the temperatures of the future
time frame p+1 are entirely predicted by the known process inputs and temperatures at
the current time frame p. These predictions enable the calculation of various thermal
dynamics parameters for the future time frame p+1, such as the peak temperature and

the spatial cooling rate.
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An undesirable feature of the FD method is that it is not unconditionally stable [183].
This characteristic presents a significant challenge, particularly in transient heat transfer
problems, where numerical calculations may result in numerically-induced oscillations.
These oscillations may become unstable, resulting in diverging and unreliable solutions.
To prevent these instabilities, it is essential to keep the time step size, represented by At,
below a certain threshold. This ensures that the coefficients of 7%,  in Equation (4.12)

remain non-negative [184]. Therefore, the stability criterion is expressed as:
1 — 2Fo, — 2Fo, — Hy > 0 (4.15)

Utilizing this stability criterion, the minimum allowable value for At is calculated after

defining the values of Az, Ay, k, ¢y, and h,.

The accuracy of Equation (4.12) is significantly influenced by the size of the nodes
(Az and Ay) [183]. These dimensions are determined by the number of nodes in the
region of interest, which is directly related to the size of the HAZ in the IR image,
as illustrated in Figure 4.2. The region of interest must encompass the entire HAZ to
accurately capture thermal dynamics. Increasing the number of nodes in both the x and
y directions results in smaller individual node sizes and enhanced accuracy. However,
this also increases the computational demand. In this research, the thermal model is
validated using real-time thermal measurements from an IR camera, which continuously
updates the boundary nodes based on thermal pixels captured. Consequently, the node
size must be at least as large as each thermal pixel from the IR camera. Additionally,
the size of the nodes is influenced by computational requirements and the speed of the
camera. The model must operate efficiently enough to make predictions faster than the
camera’s frame rate. This consideration becomes even more critical when extending the

model to include optimization or implementing it in a model-based control environment.

To achieve the optimal balance between accuracy and computational efficiency, the
node size is set to cover an area of 3 x 3 thermal pixels from the camera images. By
using pixel binning, the temperatures from each 3 x 3 pixel area are averaged to create

a new pixel that represents the combined area of the original 3 x 3 thermal pixels. Each
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individual pixel covers an area of 0.0288 x 0.046%, resulting in nodes with dimensions
of Ax = 0.0864 mm and Ay = 0.138 mm. This node size ensures that the model is
computationally efficient enough to handle real-time predictions faster than the camera’s
frame rate. Additionally, it supports future expansions of the model, such as incorpo-
rating optimization or implementing it in a model-based control environment, without

compromising performance or exceeding the camera’s processing capabilities.

4.1.3 2D Adaptive Thermal Model

In the preceding subsections, a computationally efficient 2D thermal model was developed
(4.12) for real-time prediction and control applications. This thermal model consists of
three material constants affecting the thermal dynamic predictions: the thermal conduc-
tivity k, the volumetric heat capacity c,, and the combined radiation and convection
coefficient h.,. These three material constants depend on the material, temperature, di-
rection of heat transfer, surface roughness, and other environmental conditions. In addi-
tion, the thermal model neglects the heat transfer through the material in the z-direction.
These model simplifications will affect the prediction accuracy of the 2D thermal model.
To enhance the model’s performance, this subsection presents a computationally efficient
parameter estimation algorithm. This algorithm will update the model parameters more
frequently than the rate at which the material properties themselves change. By doing
so, it effectively compensates for temperature-dependent variations and maintains the
model’s accuracy and robustness. The continuous, high-frequency optimization of these
parameters allows the model to adapt to evolving thermal conditions, ensuring precise

predictions and consistent performance.

The 2D thermal model is developed to accurately predict the real-time thermal dy-

Tp+ 1

namics of the LHT process, particularly the peak temperature and the spatial

peak
p+1 p+1
li V7Pt = Tocarc—Tcoor T 1 dict these f i dicti
cooling rate = X1 - loaccurately predict these features, precise prediction
+1

of the peak temperature T’I; and the cooling temperature Tﬁ;;ll is required. Therefore,

eak
the parameter estimation algorithm aims to minimize the prediction error of these two

thermal points compared to the measurements from the LHT process.
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Utilizing the model predictions and thermal measurements at time step p, the result-

ing error vector is formulated as follows:

" "
Ep — Apeak peak (4 16)
Tfool Tg)ol

where TP represents predicted temperatures for time frame p and T? represents measured

temperatures at time frame p.

To minimize the model’s prediction error, the three material constants k, c,, and
hey of the 2D thermal model must be optimized. To achieve this, a nonlinear objective

function J is formulated as follows [185]:
J = min B QR (4.17)

where Q is a weighting matrix and 6P is a vector containing the three time-dependent

material constants k¥, ¢f, and h? at time frame p, given by:

kP
6" = | (4.18)

p
hc,r

Subsequently, integrating the time-dependent material constants into the 2D ther-
mal model from Equation (4.12) yields a 2D adaptive thermal model. This adaptation
improves prediction accuracy by accounting for thermal dynamic changes throughout
the process. The updated 2D adaptive thermal model, which integrates the three time-

dependent material constants, is presented below:

TTZJ,FnI = FOg (TTI))1+1,TL + Trzr’zfl,n - 2T1¢L,n) + F0§ (TTZ;L,TL+1 + Tnpé,nfl - 2irrzr)z,n)

4.19
+ O\Z;an,n + K, (Trzéfl,n - Trlr)LJrl,n) vP + Hg (TO - Tr%,n) + Tr%,n ( )
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Here, Fof and Fof represent the FD forms of the time-dependent Fourier number in

the x and y directions, respectively:

p p
& (Ax) & (Ay)
and where At At W A
p _ =Y _ p_ or
C? 7 K, AL Hj TAz (4.21)

Similarly, substituting the three time-dependent material constants into the stability

criterion outlined in Equation (4.15) yields an adaptive stability criterion:

[\

AL WAL B A
+2 + -2 _1<0 4.22
T Ay T RA TS 422)

Solving the objective function (4.17) will result in material constants that signifi-
cantly reduce the model prediction error. However, this process may induce rapid and
unrealistic changes in these constants, potentially destabilizing the thermal model or
yielding undesirable results. To ensure internal model stability, the optimization prob-
lem is subjected to the stability criterion from Equation (4.22). Additionally, to prevent
rapid and unrealistic changes in these constants, the objective function is expanded to
account for the rate of change. This approach helps maintain stability and consistency

in the optimization process. The improved objective function is formulated as:
J = r%ipn E"'QE? + A" RAGP (4.23)

where R is a weighting matrix and A6 a vector containing the rate at which the three

material constants changed compared to the previous time frame p—1, formulated as:

AP =097 — g1 (4.24)
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In addition, to ensure that the three material constants remain positive and nonzero,

they are subjected to the following minimum constraint:

0" > 1072 (4.25)

The resulting 2D adaptive thermal model is implemented within the real-time oper-
ating system inside LabVIEW, as described in Section 3.1. In addition, MATLAB [186]
is used for most of the real-time numerical calculations. Furthermore, the model param-
eter estimation algorithm is classified as a constrained nonlinear optimization problem.
Therefore, the nonlinear solver SQP within the fmincon function of MATLAB’s Opti-

mization Toolbox [187] is utilized to calculate the optimal model’s material constants.

4.1.4 Summary

In this section, a simplified 2D adaptive thermal model was developed for the prediction
and control of the peak temperature and spatial cooling rate. Initially, a 2D thermal
dynamic model based on PDEs governing conduction, convection, and radiation was for-
mulated to describe the thermal dynamics of the HAZ. Subsequently, the FD method was
utilized to discretize these equations for a restricted region around the HAZ, enabling
numerical solutions specific to this area and improving computational efficiency. Further-
more, the model’s prediction accuracy was improved through the implementation of a
model parameter estimation algorithm, which dynamically adjusted the model’s material
constants in real-time to compensate for model simplifications and minimize prediction
errors. The resulting 2D adaptive thermal model is integrated into LabVIEW, enabling
real-time prediction and control of peak temperature and spatial cooling rate during the

LHT process.
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4.2 One-Dimensional Adaptive Thermal Model

Building upon the insights gained from the development of the 2D model discussed in
the previous section, this section presents a novel 1D adaptive thermal model for the
prediction and control of the thermal dynamics during LDED. Initially, a 1D thermal
dynamic model is developed with the PDEs of conduction. Subsequently, the FD method
is used to solve these equations, ensuring accurate numerical solutions. Afterwards a
computationally efficient optimization algorithm is constructed to optimize the model
parameters in real-time, thereby improving the predictive capabilities and suitability
for control applications. Finally, the newly developed 1D model is compared to its 2D
counterpart and commonly used methods in the literature to highlight the novelty of the

proposed model.

4.2.1 1D Dynamic Model

In the development of a model for LDED, special emphasis is placed on the solidified
region within the HAZ. This area, situated at the trailing edge of the melt pool, is
illustrated in Figure 4.3, where the solidified region is outlined in yellow and the melt
pool area is outlined in green. The focus on the solidified region originates from its critical
role in influencing the microstructure and mechanical properties of the deposition during
manufacturing. By prioritizing this area in modeling, key thermal dynamic features can
be captured, such as the position of the trailing edge of the melt pool and the spatial
cooling rate. Moreover, focusing on this area enables the development of a simplified
1D model along the direction of movement while considering the critical dynamics that

determine the microstructure.

The LDED process encompasses all three main modes of heat transfer, including con-
duction, convection, and radiation. However, while all three modes contribute to the
thermal dynamics of the process, the impact of convection and radiation is relatively
minor compared to conduction in the solidified region. Consequently, their effects can

be effectively approximated within the conduction mode by adjusting the thermal con-
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Solidified Region

Figure 4.3: Visualization of the HAZ during a typical LDED process. The right border
(in green) indicates the region of the melt pool, and the left border (in yellow) indicates
the solidified region. The white center line denotes the direction of movement during the
process.

ductivity coefficient. This simplification allows for a simplified model that captures the
essence of heat transfer in LDED, crucial for real-time control applications. Moreover,
research suggests that computational efficiency and robustness are critical for models
designed for real-time control applications. Especially pure conduction models have been
identified as among the most efficient and robust numerical models for this purpose [98].
Therefore, a 1D pure conduction model is used to describe the thermal dynamics of the
LDED process in the solidified region. Consequently, this model not only guarantees
computational efficiency and predictive accuracy but also simplifies the representation
of heat transfer dynamics in LDED. The equation governing the 1D conduction with a

moving heat source is as follows:

(% (k (T) g—z;) +Qp (x,1) = o +v () e (4.26)

In contrast to the Gaussian distribution utilized in the 2D model, the 1D model adopts
a point heat source to represent energy input. This implies that rather than dispersing
energy across an area defined by the laser, the model concentrates energy at a specific
point, entering from the edge of the melt pool and conducting into the solidified region.

By simplifying the energy input to a point heat source in the 1D model, the essential

70



dynamics of energy transfer are still captured while improving computational efficiency.
This simplification is justified by focusing on the solidified region, which lies beyond the
area directly affected by the laser. By concentrating solely on this region, essential heat
transfer dynamics can be effectively captured without the computational demands of
modeling the entire laser interaction zone. In the 1D model, the heat source Qp(x,t) is

represented as follows:

Qr(z,t) = ((z)P(1) (4.27)

with P(t) the effective laser power in [W] at time ¢, and ((z) a correction factor at the

location of the heat input  encompassing all simplifications related to the heat source.

Similarly to the 2D conduction equation, the 1D model conduction equation is highly
nonlinear, which makes the model computationally demanding. To improve the compu-
tational efficiency of the model, the temperature dependency of the material constants
(k, p, and ¢,) is again removed from the conduction equation. Additionally, the equation
is restructured, which results in the following simplified 1D heat conduction equation

with a moving heat source in the z-direction:

% + %P(t) = p—;p (%—f + v (t) 2—2) (4.28)

To address the potential issues arising from the removal of temperature dependency,
an optimization algorithm will be incorporated, similar to the approach used for the 2D
LHT model. As detailed later in Section 4.2, this algorithm will fine-tune the model
parameters at high frequencies, compensating for the inaccuracies introduced by the

simplification and ensuring that the model remains both precise and effective.

4.2.2 1D Finite Difference Model

Similar to the approach taken in the 2D model (as discussed in Subsection 4.1.2), the
FD method is used to maintain computational efficiency while benefiting from accurate

numerical solutions. This method involves calculating temperatures at discrete points,
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known as nodes, which collectively form a nodal network. Figure 4.4 illustrates the nodal
network utilized to solve the model described by Equation (4.28). In this representation,
each node corresponds to a specific region defined by Az, with T, denoting the temper-
ature of node m. Additionally, the coordinate system in the 1D model is transformed
from the x coordinate system to the m coordinate system. Since these concepts have
been previously discussed in Subsection 4.1.2, the focus of this subsection will be on their

application to the 1D model.

Output node

I0I0—7—I
Input node

Figure 4.4: Schematic representation of the nodal network for the 1D FD conduction
model of the L-DED process.

Model nodes

m-1 m m+1

As explained previously, the 1D model prioritizes the solidified region within the HAZ,
as highlighted in Figure 4.3. This region, situated at the trailing edge of the melt pool,
is crucial for influencing the microstructure and mechanical properties of the deposition
during manufacturing. By concentrating on this area, as shown in Figure 4.5, the 1D
model can capture key thermal dynamic features such as the melt pool’s trailing edge

position and the spatial cooling rate.

As with the 2D model, the governing PDEs in the 1D model are solved by replacing
them with difference approximations [183]. Since the model operates within a restricted
region, it requires deriving difference approximations for both internal model nodes and

boundary nodes.
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Figure 4.5: Illustration of the LDED process highlighting the melt pool and the nodal
network projected onto the solidified region, along with a temperature graph correspond-
ing to the model’s temperature predictions.

For the first derivatives in space dx, the first-order central-difference approximation is

used for the internal model nodes.

Meanwhile, for the boundary nodes (output node and

input node), the first-order forward-difference and backward-difference approximations,

respectively, are utilized. These difference approximations can be expressed as follows:

(

GTPN
ox| ~

m

\

T7I:L+1 - T

m—1 .
SAL , if0<m< M
2T . — 217
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2p -2
2Azx o B
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For the second derivatives in space 922, the second-order central-difference approxima-
tion is used for the internal model nodes. To account for the rate of temperature change
at the boundary nodes, a second-order spatial derivative with the Neumann boundary

condition [188] is incorporated. The resulting difference approximations are as follows:

(TP, — 2T + TP
mtl AT’;JF mel f0<m< M
o°T|" 2TP | — 2:%51 217 .
a2 | ~ A Ay tm=0 (430)
R LI
m__m if m =M
L Az? + Azt o

Similarly, the model needs to be discretized in time [183]. Introducing the integer p
to indicate the time dependency of T, the time derivative can be approximated using the
forward-difference method as follows:

oT> TPl v

The FD form of the 1D model is obtained by substituting the FD approximation
Equations (4.29), (4.30), and (4.31) into Equation (4.28). This results in three distinct
FD form equations, each restricting temperature determination to discrete points in space
and time: one equation for the internal model nodes, one for the left boundary node, and
one for the right boundary node. Rewriting these equations in terms of the unknown
nodal temperature at the future time frame T? ! and grouping all coefficients of T?,

together yields:

(1 —2Fo)T? 4 (Fo+ K,v*) TP 1 + (Fo — K,o*) T}, ifo<m< M
TP =< (1 — 2Fo — 2K,0") TP, + (2Fo + 2K, ") TP | — K T% if m =0
(1 — 2Fo + 2K, 0P) TP, + (2Fo — 2K, 0P) TP | + KTh + KpP? if m = M
(4.32)
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Here, Fo represents the FD form of the Fourier number, defined as:

At
Fo =« 5 (4.33)

(Ax)

where « denotes the thermal diffusivity of the material [m?/s].
Additionally, Kr, K,, and Kp are defined as:
k 2At At ¢

_ y= o Kp=—At 4.34
r pcp (AX) 2Ax r PCp (4:34)

The current FD model has two unknown temperatures, 7% and T, due to the Neu-
mann boundary condition. These temperatures specify the rate at which the node tem-
perature is allowed to vary at the boundary. For the output node, the term K777 is
substituted by KrT}, |, where K = 3 %, with § representing a new tuning param-
eter. Similarly, for the input node, the term KT}, is incorporated into KpPP, where
Kp = yAt, with v being another tuning parameter. These two new tuning parameters,
£ and ~, provide flexibility in adjusting the boundary conditions of the model. This flex-
ibility is crucial for optimizing the model’s prediction accuracy. With these adjustments,

the final form of the 1D finite difference model is given by:

(1 —2Fo)T? 4 (Fo+ K, ") TP .1 + (Fo— K,0P) TP 4, if0<m< M

TP = < (1 — 2Fo — 2K,0") TP, + (2Fo + 2K,v* — K1) TP, |, if m=0
(1 —2Fo+ 2K, 0")T? + (2Fo — 2K, 0P) TP |, + KpP?, ifm=M
(4.35)

where

At 2At At
Kr=p"~— K, =—0
(Ax)? T =P A% "7 2Ax

Fo=a Kp =~At (4.36)

With this final FD form of the 1D thermal dynamic model, the unknown nodal
temperatures at the future time frame TP! are entirely calculated by the known nodal
temperatures at the current time frame 7% and current inputs PP and vP. Similar to the

2D FD model, the resulting model is not unconditionally stable. The calculations may
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lead to numerically induced oscillations, which may result in unstable diverging solutions.
To prevent such instability, the value of At should be maintained below a certain limit.
This stability criterion is satisfied if “the coefficients of T, of Equation (4.35) are greater

than or equal to zero” [184]. Thus, the stability criterion becomes:

1—2Fo >0
1+2F0o>0

(4.37)

Due to the relation 1 — 2Fo < 1 + 2Fo, it is evident that the critical stability criterion
is 1 — 2Fo > 0. Upon specifying the values of Az and «, the minimum value of At is

derived from the stability criterion.

In addition to temperature predictions, the 1D finite difference model enables the
prediction of the spatial cooling rate V1I?. This rate is determined by considering the
temperatures at the input node T%, and output node T% at time p, the total number of
nodes between these two points denoted by M, the node size Ax, and the traveling speed

of the process vP. The spatial cooling rate is expressed mathematically as:

0, — TP

TP =4 2
v M - Ax

VP (4.38)
This equation plays a crucial role in the development of the model predictive control
(MPC) algorithm, enabling real-time control of temperature gradients within the mate-

rial.

Similar to the 2D finite difference model described by Equation (4.12), the accuracy
of the 1D model represented by Equation (4.35) is heavily influenced by the length of
the nodes (Ax) [183]. To ensure that the 1D model remains efficient when implemented
in model-based control, it must operate at a speed that exceeds the camera’s frame rate.
Therefore, the node size is chosen to balance accuracy and computational efficiency.
Specifically, each node must be large enough to handle the frame rate requirements of
the IR camera while maintaining computational efficiency. Consequently, the node length
is selected to match the length of 5 thermal pixels in the x direction. Additionally, to

enhance the accuracy of temperature updates and reduce measurement noise caused by
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spatter or smoke, four times as many pixels are considered along the y-direction. Using
a b x 20 pixel area helps average measurements over a larger region, thereby improving

the reliability of the temperature readings.

Through pixel binning, the temperatures from each 5 x 20 pixel area are averaged
to create a new virtual pixel. FEach individual pixel covers an area of 0.035 x 0.035
mm?, leading to a new virtual pixel size that represents the combined area of the 5 x
20 thermal pixels. Consequently, each node in the 1D model effectively represents an
area of 0.175 x 0.7 mm?2. This node size ensures that the model is not only accurate
but also computationally efficient, making it suitable for real-time model-based control

applications while maintaining efficiency at frame rates slightly higher than the camera’s.

4.2.3 1D Adaptive Thermal Model

In the preceding subsections, a computationally efficient 1D thermal model (4.35) was
developed for real-time prediction and control applications. This model relies on three
key parameters: thermal diffusivity (o) and two boundary tuning parameters (8 and
). These parameters are influenced by factors such as material properties, temperature,
and heat transfer direction, which drive the model’s predictive accuracy. However, these
factors are not explicitly included in the model, and the model simplifies heat transfer
to solely the x-direction. While these simplifications enhance computational efficiency,

they also impact prediction accuracy.

To address this, a similar optimization algorithm to the 2D adaptive model is intro-
duced to tune the model’s parameters in real-time. This algorithm updates the parame-
ters more frequently than the rate at which the material properties change, ensuring that
the model adapts quickly to variations in the thermal dynamics. This frequent updating
helps to maintain high accuracy and robustness, even with the model’s inherent simpli-
fications. The optimization process seeks to minimize the error between thermal model

predictions and corresponding process measurements.
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This error is represented by the error vector (4.39), which is the difference between
the model-predicted temperatures T? and the actual temperature measurements TP at

time frame p:
EP =TFP — TP (4.39)

where T? is a vector with all the model states at time frame p, and T? is a vector with

all corresponding temperature measurements at time frame p.

To optimize the thermal model’s predictive capabilities, a nonlinear optimization al-

gorithm is developed [185]. The objective is to minimize the following objective function:
J = I%}]n E”QE? (4.40)

Here, Q represents a weighting matrix, while 67 denotes a vector containing the three

time-dependent model parameters o, P, and +? at time frame p:

aP
or = | pr (4.41)
fyp

It is worth noting that although the structure of the initial nonlinear optimization
problem remains consistent, the vectors involved in the optimization process differ from
those of the 2D model. In the 1D model, the error vector E? (4.39) encompasses the
differences between all model states and their corresponding measurements at time frame
p, whereas in the 2D model, the error vector primarily focused on discrepancies in the
peak temperature and spatial cooling rate predictions. By optimizing the model based on
all states rather than just two states, the 1D model achieves a more accurate optimization
process, which in turn improves the overall model dynamics and enhances its predictive
capabilities. Additionally, the parameter vector #” now encapsulates different model
parameters, reflecting the unique characteristics of the 1D thermal model compared to
its 2D thermal model. Subsequently, integrating the time-dependent model parameters

into the 1D thermal model from Equation (4.35) results in an 1D adaptive thermal
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model. This adaptation enhances the model’s predictive capabilities by accommodating
changes in thermal dynamics over time. The updated 1D adaptive thermal model, which

incorporates the three time-dependent model parameters, is presented below:

1 —2F”) TP + (Fo? + K,oP) TP + (Fo? — KoY TP ., if0<m < M
m m+1 m—1
TP = ¢ (1 — 2FP — 2K,0P) TP, 4 (2FoP 4 2K 0P — K2) TP, |, ifm=0
m T m+1
1 —2Fo” + 2K, 0P) TP + (2FoP — 2K, 0P) TP, + KPP, ifm=M
m m—1 P
(4.42)
where
At 2At At
Fo? = o KPP = pPr— K,=— K% = ~PAt 4.43
0 a AX)Q T /6 Ax 2Ax P Y ( )

Similarly, substituting the three time-dependent model parameters into the stability

criterion from Equation (4.37) results in an adaptive stability criterion:

20— 1 <0 (4.44)
(Ax)

To ensure stability and prevent rapid changes in the model parameters during op-
timization, the same approach is taken to expand the objective function as for the 2D
adaptive model. The optimization problem for the 1D model is subjected to the stability
criterion outlined in Equation (4.44). Additionally, to tune the rate of change of the
model parameters, the objective function is expanded to account for the rate of change.
This approach helps maintain stability and consistency in the optimization process. The

improved objective function is formulated as:
J = n;;n E”QE? + A" RAG? (4.45)

where R a weighting matrix and A#? a vector containing the rate at which the three

material constants changed compared to the previous time frame p—1, formulated as:
AGP =0 — g (4.46)
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An improvement over the constraints applied in the 2D adaptive model is implemented
in the 1D model optimization process. In the 1D adaptive model, both minimum and
maximum constraints are imposed on the model parameters 6P to ensure they remain
within acceptable bounds throughout optimization. These constraints prevent unrealistic
parameter values and maintain the stability of the optimization process, and they are
given by:

Ormin < 607 < Orax (4.47)

Additionally, to further enhance the robustness of the optimization algorithm, con-
straints are imposed on the incremental change in model parameters A6P. This im-
provement signifies a more sophisticated approach to parameter optimization aimed at
preventing rapid changes in the model parameters. By enforcing constraints on the incre-
mental changes in parameters, the optimization process maintains stability and prevents
erratic fluctuations. Consequently, this refined approach enhances the effectiveness and
reliability of the optimization process. The incremental constraints are given by:

AGY . < AOP < NG

min < ax (4.48)

The resulting 1D adaptive thermal model is integrated into the real-time operat-
ing system outlined in Section 3.1. Python 3.9 [189] serves as the primary platform
for all numerical computations. Utilizing the efficiency of the NumPy library [190] for
array operations and mathematical functions, it handles all real-time numerical calcu-
lations. Additionally, the optimization problem is solved using the SLSQP solver from
the scipy.optimize toolbox [191], chosen for its robustness in handling constrained non-
linear optimization problems. This Python-centric approach simplifies the integration of
the optimization process into industrial systems, enabling efficient real-time control and

optimization of thermal processes.
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4.2.4 Advantages of the 1D Adaptive Thermal Model

The developed 1D adaptive thermal model introduces a novel approach to thermal dy-
namic prediction within LMP, emphasizing the potential advantages of its modeling
methodology for real-time applications. Initially, a comparison between the 1D and 2D
models highlights the specific advantages of the former in terms of computational effi-
ciency and scalability. Following this, a comparative analysis of the aspects of the model
against commonly used methods in the literature is conducted to unveil both similarities
and distinctive features, thereby emphasizing the novelty and efficacy of the proposed

model.

The 1D adaptive thermal model offers numerous advantages over its 2D counterpart.
Firstly, it simplifies the analysis by focusing solely on conduction within the solidified re-
gion of the material, where convection and radiation effects are negligible. This targeted
approach reduces computational complexity while enhancing precision and relevance for
processes that require detailed thermal analysis of the solidified areas. Secondly, by sim-
plifying the energy input as a point heat source, the 1D model is not limited to laser-based
applications and can be applied to other processes like arc welding and wire arc additive
manufacturing, expanding its versatility and applicability. Moreover, its computational
efficiency is notably higher due to the reduced complexity of solving heat transfer equa-
tions in one dimension rather than two. This efficiency translates to faster prediction
times, making the 1D model much more suitable for real-time control applications where
timely decision-making is crucial. The simplification of one-dimensional modeling, com-
bined with the use of simplified model parameters, further streamlines the computational
process, allowing for faster model optimization. Additionally, the inclusion of optimiza-
tion parameters for both the model input and output enhances the model’s adaptability
and utility in real-world applications. As a result, the 1D model can more quickly adapt
to changes in process conditions, ensuring consistent performance and reliability. Over-
all, these advantages position the 1D adaptive thermal model as a more accurate, more
versatile, and more efficient tool for thermal dynamic prediction and control applications

compared to its 2D counterpart.
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Comparing the 1D adaptive thermal model with traditional analytical solutions like
the Rosenthal solution [85] reveals its flexibility and accuracy in representing real-world
scenarios. Both models share a mutual objective in modeling thermal conduction dy-
namics across various dimensions, including 1D systems. While both methods leverage
mathematical formulations to describe heat transfer processes, they diverge significantly
in methodologies and capabilities. The Rosenthal solution relies on analytical expressions
derived from simplified assumptions, often suitable for specific geometries and boundary
conditions. However, its rigid framework may struggle to capture intricate thermal dy-
namics or adapt to diverse scenarios. In contrast, the 1D adaptive thermal model employs
numerical techniques, offering greater flexibility and accuracy in representing real-world
scenarios. By discretizing the domain and iteratively solving the heat equation, the
model accommodates non-linearities, variable boundary conditions, and material prop-
erties, enabling an accurate prediction of the thermal dynamic behavior. Its use of a re-
stricted nodal network enables tailoring to the specific requirements of each application or
process, optimizing efficiency without sacrificing prediction accuracy. Furthermore, the
model’s adaptive nature enables it to dynamically adjust to varying systems and condi-
tions, positioning it as a superior tool for studying and predicting thermal conduction in
real-time across various practical applications. By leveraging numerical techniques and
a restricted nodal network, the model offers greater flexibility and accuracy in represent-
ing real-world scenarios compared to traditional analytical solutions like the Rosenthal
model. This flexibility is anticipated to enable a more comprehensive analysis of thermal

behavior, particularly in dynamic or non-linear systems.

The 1D adaptive thermal model utilizes the finite difference model (FDM) method,
chosen primarily to accommodate real-time thermal data captured from an IR camera.
This selection aligns with the square nodes and square image pixels typically utilized in
IR imaging, facilitating seamless integration between the model and the thermal data.
While the model is built upon the numerical FDM method as its foundation, it distin-
guishes itself from conventional FDM and finite element model (FEM) methods through
its innovative combination of a restricted nodal network and an advanced optimization

algorithm. This unique approach enables the dynamic adjustment of model parameters
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in real-time. Moreover, the size and location of the restricted nodal network can be pre-
cisely tailored based on the specific requirements of each application or process, thanks
to the optimization algorithm. By strategically optimizing computational resources and
predictive accuracy, this synergy empowers the 1D adaptive thermal model to surpass
traditional FDM and FEM approaches in terms of flexibility, computational efficiency,
and prediction accuracy, making it ideal for various real-time thermal prediction and

control applications.

Compared to traditional optimization methods such as Kalman filtering [192] or
gradient-based techniques [193], the optimization algorithm used in this research offers
several advantages, particularly for real-time thermal prediction and control applica-
tions. The algorithm’s adaptability and flexibility align closely with the dynamic nature
of thermal systems, allowing it to accommodate a broad spectrum of system behaviors
and uncertainties. Kalman filtering, by contrast, is suited for linear, Gaussian systems
and may struggle with the nonlinearities and complexities inherent in the thermal dy-
namics of LMP processes. Furthermore, traditional gradient-based methods often require
explicit knowledge of the system’s mathematical model and face challenges with com-
putational complexity or convergence in real-time scenarios. In contrast, the employed
algorithm uses a cost function with constraints similar to MPC algorithms, iteratively
adjusting parameters based on system behavior and predictive performance. This pro-
cess improves model prediction accuracy over time without relying on explicit models or
restrictive assumptions, offering a robust, adaptive, and efficient solution for parameter

estimation and optimization in dynamic thermal systems.

In summary, the developed 1D adaptive thermal model offers a comprehensive solution
for real-time thermal dynamic prediction and control, surpassing the 2D and conventional
methods in terms of flexibility, efficiency, and accuracy. By leveraging numerical tech-
niques, a restricted nodal network, and an advanced optimization algorithm, the model
can accommodate complex thermal dynamics and diverse system conditions. Its ability
to dynamically adjust parameters in real-time makes it an invaluable tool for thermal

dynamic prediction and control during various applications and processes.
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4.2.5 Summary

In this section, a novel 1D adaptive thermal model was developed for accurate and effi-
cient prediction and control of the thermal dynamics during LDED processes. Initially, a
1D thermal dynamic model based on PDEs governing conduction was formulated to de-
scribe the thermal behavior within the solidified region of the HAZ. Subsequently, the FD
method was utilized to discretize these equations for a restricted region within the solid-
ified region of the HAZ, enabling numerical solutions specific to this area and improving
computational efficiency. Furthermore, the model’s prediction accuracy was improved
through the implementation of a model parameter estimation algorithm, dynamically
adjusting the model parameters in real-time to compensate for model simplifications
and minimize prediction errors. The resulting 1D adaptive thermal model is integrated
into the real-time operating system, enabling real-time prediction and control of the
temperatures and spatial cooling rate during LDED processes. Finally, the comparative
analysis highlighted that the developed 1D adaptive thermal model surpasses the 2D and
conventional methods in terms of flexibility, efficiency, and accuracy, thereby offering a

comprehensive solution for real-time thermal dynamic prediction and control.
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4.3 Chapter Summary

This chapter presents the development of two adaptive thermal models tailored for pre-
dicting and controlling thermal dynamics in LMP. Initially, a 2D model focusing on LHT
is developed, wherein PDEs governing the heat transfer are formulated, and numerical
solutions are obtained using the FD method. Additionally, a model parameter estimation
algorithm is incorporated to dynamically adjust material constants, thereby enhancing
prediction accuracy. Subsequently, a 1D model optimized for LDED processes is devel-
oped. Similarly to its 2D counterpart, the 1D model utilizes PDEs, the FD method, and
a model parameter estimation algorithm. However, the 1D model represents a signifi-
cant advancement over the 2D model, prioritizing efficiency, accuracy, and suitability for
control applications. Furthermore, the subsequent chapter will present the integration of
the 2D thermal model into an MPCs algorithm and the integration of the 1D adaptive

thermal model into an adaptive model predictive controls algorithm.
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Chapter 5

Model Predictive Control for Laser

Material Processing

Model predictive control (MPC) is an advanced process control method designed to oper-
ate within a set of constraints. Its key advantage over traditional error-based controllers,
such as proportional-integral-derivative controllers, is its ability to anticipate future pro-
cess behavior. This is achieved by solving an optimization problem using a dynamic
model of the process—in this case, the thermal model of the laser material processing
(LMP) process developed in the previous chapter. By iteratively solving these optimiza-
tion problems based on dynamic models, MPC determines optimal process inputs that
consider both current and future states, optimizing not only the present conditions but

also preparing for future changes.

An important aspect of these control strategies is the use of a thermal model to
effectively manage the thermal dynamics of the process. By leveraging MPC to control
these dynamics, the system can precisely regulate the temperature and cooling rates in
real time. This level of precision is crucial because thermal dynamics directly influence
how the material’s microstructure evolves during processing. Therefore, by optimizing
thermal dynamics through MPC and employing an accurate thermal model, it is possible

to indirectly influence and refine the material’s microstructure. This approach not only
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ensures optimal control of temperature and cooling rates but also achieves the desired
microstructure characteristics, leading to enhanced material properties and improved

process stability.

The chapter begins with the development of an MPC algorithm for single-input single-
output (SISO) peak temperature control during laser heat treatment (LHT), utilizing the
two-dimensional (2D) thermal model presented in the preceding chapter (4.12). Subse-
quently, the chapter delves into the development of a multi-input multi-output (MIMO)
adaptive model predictive control (AMPC) algorithm for simultaneous temperature and
spatial cooling rate control, leveraging the improved one-dimensional (1D) adaptive ther-
mal model presented in the preceding chapter (4.42). This controller represents a signifi-
cant step forward from the previous SISO MPC version, as it leverages the advantages of
the 1D adaptive model. This model not only enhances computational efficiency, increases
prediction accuracy, and improves adaptability to varying dynamics during the process,
but also introduces MIMO control capability. This allows the controller to address com-
plex, varying dynamics during the process by simultaneously controlling multiple process
parameters, resulting in improved overall performance and stability of the process, which

is critical to achieving consistent and repeatable material characteristics.

87



5.1 SISO Model Predictive Control for LHT

This section presents the development of a MPC algorithm utilizing the 2D thermal model
(4.12) for real-time prediction and control of the peak temperature during LHT. Before
delving into the linear MPC algorithm, it is important to explore other types of MPC
algorithms, such as nonlinear model predictive control (NMPC), robust model predictive
control (RMPC), and explicit model predictive control (EMPC). NMPC is a method
of MPC where predictions are made using nonlinear models compared to linear models
with linear MPC. Although these issues are convex in linear MPC, they may no longer
be convex in nonlinear MPC. This presents difficulties for the numerical solution and
NMPC stability theory and results in higher computational requirements. RMPC is a
set of MPC algorithms that account for set bounded disturbances while still ensuring state
constraints are met. This addition to account for set-bounded disturbances will increase
the computational requirement. The higher the complexity of the model, the higher the
computational requirement to add robustness to MPC. With EMPC, the control solutions
to the MPC problem are pre-computed offline. This requires significantly less real-time
computation. However, the pre-computation of the control variables scales badly with
the increasing complexity of the problem and model. In addition, each new process
requires the pre-computation of the control variables, which makes it less suitable for

process control during manufacturing.

Given the computational challenges with NMPC, RMPC, and EMPC, linear MPC is
selected for the control algorithm to enable real-time prediction and control of the peak
temperature during LHT. First, the 2D thermal model is transformed into a state-space
model, enabling the prediction of future temperatures by process input increments. Sub-
sequently, an objective function is constructed to minimize the deviation between the
actual and reference peak temperatures, as well as the change in the process control
input increments for optimal control response. Furthermore, the cost function is trans-
formed into a quadratic optimization problem, and inequality constraints are defined
to improve computational efficiency and assure a stable process within acceptable and

viable parameters. Finally, the implementation of this MPC algorithm is presented.
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5.1.1 SISO State-Space Model Formulation

To formulate the optimization problem for MPC, the 2D thermal model represented
by Equation (4.12) is transformed into a standard state-space model. This state-space
model, as depicted in Equation (5.1), consists of two equations: one governing the evo-
lution of the state vector x(p) over time, and another relating the output y(p+ 1) to the
state vector.

x(p+1) = Ax(p)+ Bu(p)

y(p+1) =Cx(p+1)

(5.1)

where x(p) represents the state vector, A, B, and C are the state-space matrices, and
u(p) is the input vector at time frame p. Furthermore, the output y(p + 1) represents
the output vector with the temperature of a specific node at the average location of the

peak temperature within the LHT process.

The states x(p) of the state-space model encompass all nodal temperatures T]p , of
the nodal network depicted in Figure 4.2. Each element T]p , Tepresents the temperature
at a specific node within the nodal network. These temperatures are organized into the
following state matrix of size N +1 x M + 2:

Ty T
™= | : (5.2)

/g /g
TN+1,1 TN+1,M+2

By rearranging T? into a state vector x(p), each element x;(p) of x(p) corresponds to

the temperature at a particular node. This state vector is given by:

$1(p) ng
T kY
)= | PP o] 5.3
TN xm (P) TJ[\JI+1,M+1
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Furthermore, the input vector u(p) of the state-space model contains laser power P?

and the traveling speed v” as the process inputs, as given by:

(5.4)

The current input vector includes two process inputs, but since the laser power PP
remains constant during the process, only the traveling speed vP varies. As a result, the
controller is reduced to a SISO system with one varying input and a single output. This

reduction simplifies the control algorithm and improves computational efficiency.

While the standard state-space formulation offers a detailed view of process dynamics,
it often struggles with capturing incremental changes, leading to suboptimal control per-
formance and reduced stability, especially when dealing with complex process dynamics
and model uncertainties. To address this, an alternative state-space formulation focused
on incremental changes is implemented, improving the controller’s ability to changing
process dynamics and mitigate the effects of modeling inaccuracies. The incremental
state-space formulation involves expressing the model states and inputs in terms of their
changes from one time step to the next. This incremental representation, denoted as
Ax(p) = x(p) —x(p—1) and Au(p) = u(p) —u(p — 1), captures the variations occurring
between consecutive time steps. While the state variables are represented incrementally,
it is important to note that the controller still requires the total value of the output for
control purposes. To obtain the total output value at the future time step, y(p + 1) is
expressed as y(p+ 1) = y(p) + Ax(p + 1). Integrating these incremental variables into

the state-space model results in:

x(p+1) A %(p) B
- % ~ —_— N
Ax(p+1 A 0] |Ax(p B
w+1)] _ ) Aty

y(p+1) CA 1] | y(p) CB

- - (5.5)
_ x(p+1)
r Ax(p+1)
yip+1)=10 I

s } y(p+1)




5.1.2 SISO Optimization Problem Formulation

After defining the state-space model, a standard objective function J is constructed to
minimize deviations from the reference state and penalize changes in control inputs.
This optimization problem aims to find the optimal control input increments Au(p) that
minimizes J. Specifically, the objective function minimizes the deviation of predicted
outputs from their references over the prediction horizon N, while penalizing changes in
control inputs over the control horizon N.. Additionally, a terminal penalty is included at
the end of the prediction horizon to ensure a smooth transition. The objective function

is expressed as follows:

J= min 37 [y(i+1) = Yurli+ D] QG+ 1) = yieli + 1))
p+l;cp—1 <5'6)
+ > [Au(@)RAU)] + [y(N,) = yeet( V)] P [y(N,) = ¥rer(N)]

where AU(p) = [Au(p), Au(p+1),...,Au(p+ N. — 1)] is the vector with the predicted
change in the process inputs from time step p till p + N. — 1; R are the weighting
matrices for the process inputs increments Au from time step p till p+ N, — 1; Q are the
weighting matrices for the reference tracking errors from time steps p till p+ N, — 1, with
the reference tracking error denoted as the difference between the predicted outputs y
and the reference process setpoints y,r; and P is the terminal weighting matrix for the

reference tracking error at the final time step of the prediction horizon N,,.

Determining the prediction horizon N, and the control horizon N, are essential steps
in tuning the MPC algorithm. The prediction horizon dictates the number of future time
steps over which the controller predicts outputs, while the control horizon determines the
number of future time steps over which the controller adjusts control inputs. A longer
prediction horizon, characterized by a larger IV, enables the controller to anticipate
future changes in the process with greater accuracy. This extended horizon allows for

more robust planning and adaptation to anticipated changes in the process dynamics.
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However, a larger prediction horizon also leads to increased computational complexity
since the controller needs to analyze and optimize predictions over a more extended time
span. Conversely, a shorter prediction horizon with a smaller prediction horizon reduces
the computational burden but may result in less accurate predictions. A shorter horizon
may limit the controller’s ability to predict and adapt to future changes in the process

effectively, particularly in scenarios with dynamic or unpredictable changes.

Similarly, the control horizon N. determines the duration over which the controller
adjusts control inputs to achieve the desired behavior of the process. A longer control
horizon, characterized by a larger V., allows the controller to plan control actions over an
extended period. This longer horizon facilitates more comprehensive optimization of the
process performance over time, potentially leading to smoother transitions and improved
overall performance. However, a larger control horizon also increases computational
demands since the controller must analyze and optimize control inputs over a longer
time frame. In contrast, a smaller control horizon reduces computational complexity
but may limit the controller’s ability to react to changes during the process effectively,
particularly in scenarios requiring rapid or precise adjustments. Therefore, selecting
appropriate values for N, and N, involves striking a balance between predictive accuracy,

computational efficiency, and responsiveness to changes during the process.

To efficiently solve the objective function, it needs to be rewritten as a quadratic
objective function. This involves expressing the cost function in terms of the prediction
matrices and weighting matrices, followed by transforming it into a quadratic form. Be-
ginning with the objective function, it is rewritten in terms of the prediction matrices as

follows:

J = min [Y(p) - Y.ot(p)]” QY (p) — Yoet(p)] + AU(p)"RAU(p) (5.7)

Here, Y (p) represents the predicted output vector over the prediction horizon, while
Y.ef(p) denotes the reference output vector over the same horizon. The term AU(p)
refers to the process input increment vector over the control horizon. Additionally, Q

represents the full prediction weighting matrix applied over the prediction horizon to
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address reference tracking errors, while R serves as the full weighting matrix utilized

over the control horizon to manage process input increments.

To create a concise formulation of the prediction model, the predicted output vector
Y (p) and the process input increment vector AU(p) expressed in terms of the state and
input matrices yields:

Y (p) = ®x(p) + TAU(p) (5.8)

where @ is the prediction matrix, representing the relationship between the state vector
and the predicted output, while I' is the control matrix, governing the influence of process

inputs on the predicted outputs. Moreover, X(p) refers to the state vector at time p.

Substituting this concise prediction model into the objective function results in:

J = min [@%(p) + TAU(p) — Yret(p)]” Q[@%(p) + TAU(p) — Yret(p)] 5.9
+ AU(p)"RAU(p) |

To transform the objective function into a quadratic form, it is essential to expand and
simplify the expression. This involves multiplying out the terms, collecting similar terms,
and eliminating constant values that do not affect the optimization problem. Following

these steps, the resulting quadratic expression in terms of AU(p) is given by:

1

J = min ~AU(p)"GAU(p) + AU(p)"Fx(p) (5.10)
AU(p) 2

where G is defined as 2(R + I'"QI') and serves as the quadratic term matrix, and F

is characterized by —2I'"Q® and acts as the linear term matrix. These matrices are

fundamental in transforming the cost function into a quadratic form, facilitating efficient

optimization procedures for the predictive control problem.
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With the resulting quadratic objective function, the optimal process input increments

AU*(p) can be found by solving:

AU*(p) = —G™'F (‘I)X(p) - Yref(p)) (5.11)

The optimal process input at time step p is then obtained by adding the optimal

process input increment to the previous process input at time step p — 1:
u(p) =u(p—1)+ Au(p) (5.12)

Since the MPC algorithm will be implemented on a real LMP system shown in Fig-
ure 3.1, the MPC optimization problem will be subjected to process input constraints

and process input increment constraints. These constraints can be written as:

Umin S U(p) S Umax AUmin S AU(p) S A[J'max (513)

To integrate the constraints from Equation (5.13) into the quadratic objective func-
tion, they must first be redefined in a quadratic form. By leveraging Equation (5.12), all
input constraints can be expressed in terms of AU(p). This yields the following quadratic

formulation:

WAU(p) <d (5.14)
where W is the coefficient matrix and d is the constraint vector.

By integrating the quadratic objective function (5.10) with the quadratic constraints

(5.14), the resultant quadratic optimization problem is expressed as follows:

1
minimize 5AU(p)TGAU (p) + AU(p)"Fx(p) (5.15)
subject to  WAU(p) <d (5.16)
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5.1.3 SISO MPC Implementation

The MPC algorithm involves solving a quadratic optimization problem with input incre-
ment constraints, as defined by Equation (5.15). To efficiently address this optimization
problem, a quadratic programming (QP) solver is used. Specifically, the quadprog solver
from the Optimization Toolbox [187] in MATLAB R2021a [186] is used. QP solvers are
tailored to handle quadratic optimization problems by utilizing specialized algorithms
that efficiently find optimal solutions while satisfying the constraints. Using the quadprog
solver for the MPC algorithm enhances computational efficiency, providing a versatile and
robust method of solving the quadratic optimization problem associated with adjusting
the process inputs to achieve the desired process behavior. The MPC algorithm is inte-
grated into the real-time operating system described in Section 3.1. Here, temperature
measurements from an infrared camera update the MPC model states. Subsequently,
the optimal traveling speed is determined by solving Equation (5.15), comparing the
measured peak temperature with the reference peak temperature. Afterwards, the op-
timal traveling speed is sent to the LHT process to control the process to the desired
peak temperature. A block diagram illustrating this closed-loop process is presented in

Figure 5.1.

Setpoint
oo, vpe  LTPULl LHT .| Infrared Output

> Process "1 Camera

Figure 5.1: MPC block diagram used to control the peak temperature during LHT.
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5.2 MIMO Adaptive Model Predictive Control for
LDED

Building upon the insights gained from the development of the MPC algorithm for SISO
control discussed in the previous section, which utilizes the 2D thermal dynamic model,
this section presents a novel AMPC algorithm tailored for MIMO control. The AMPC
algorithm leverages the adaptability and efficiency of the 1D thermal dynamic model to

extend the capabilities of the control system.

First, the equations of both the 1D thermal model and the spatial cooling rate calcu-
lation are transformed into state-space matrices. Subsequently, the individual state-space
matrices are combined into a single MIMO state-space model, enabling the prediction
of future temperatures and spatial cooling rates by process input increments. Secondly,
an objective function is formulated to minimize the deviation between the actual and
reference temperatures, as well as the spatial cooling rate, while also aiming to mini-
mize variations in the increments of process control inputs to optimize control response.
Moreover, the cost function is transformed into a quadratic optimization problem, and
inequality constraints are defined to improve computational efficiency and assure a sta-
ble process within acceptable and viable parameters. Finally, the implementation of this

MPC algorithm is presented.

5.2.1 MIMO State-Space Model Formulation

Similar to the MPC algorithm presented in Section 5.1, to construct an optimization
problem for the AMPC algorithm, the model equations must first be transformed into
a state-space model. This subsection first presents the design of two SISO state-space
models from the one-dimensional adaptive thermal model (4.42) and the spatial cooling
rate (4.38), respectively. Afterwards, these two SISO state-space models are combined

into a single MIMO state-space model.
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First SISO Adaptive State-Space Model

Utilizing the adaptive thermal model (4.42), a novel adaptive SISO state-space formu-
lation is introduced, tailored to dynamically respond to the evolving dynamics of the
system. Unlike conventional static state-space models, this adaptive model enables the
controller to continually adapt its parameters based on real-time feedback from thermal
measurements, improving prediction accuracy and robustness during the process. The

adaptive SISO state-space formulation is constructed as follows:

Tp+1 — Alpr + Blppp

(5.17)
yIfH = C,T"*!

where T? is the state vector; A;? is the adaptive state matrix; B;? is the adaptive input
vector; Cy is the output vector; PP is the laser power; and p is the current time-frame.
Furthermore, the output y;(p + 1) represents the temperature of the input node, which
is located in the solidified region at the edge of the melt pool during the laser-directed
energy deposition (LDED) process.

The state vector T? of the state-space model is a vector representation of all nodal

temperatures 77 of the nodal network depicted in Figure 4.4. It is structured as follows:

i
T
TP = : (5.18)
T

Thr

In the formulation of the first adaptive state-space model regarding the temperature
distribution of the solidified region behind the melt pool, the model includes the multipli-
cation of the traveling speed v” with the nodal temperatures 72 due to the incorporation
of a moving heat source. Here, an assumption is made that the traveling speed remains

relatively constant throughout the prediction horizon N,. This implies that once v? is
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set to its initial value at time step p, it maintains a consistent value across the entire
horizon. This assumption effectively linearizes the influence of v, simplifying the control
problem by removing its time-varying behavior and nonlinearity from the state-space
equations. This assumption is based on the fact that the traveling speed in the LDED
process significantly impacts material characteristics. Rapid changes in the traveling
speed can introduce undesired variations in the process, thereby greatly affecting the
quality of the end product. Consequently, the traveling speed typically changes gradu-
ally during the process. The laser power PP directly influences the temperatures of the
heat-affected zone in the LDED process, making it critical for achieving and maintaining
desired temperatures. By reducing the state-space formulation to include only the laser
power as the single process input and having a single output, the controller is simplified
to a SISO system. This reduction significantly enhances the computational efficiency of
the control algorithm, enabling real-time optimization and control of the laser power to
maintain a consistent temperature at the edge of the melt pool. With this approach, the

adaptive state-space matrices Ay, B1¥, and C; are defined as follows:

Alp -
1 — 9F0? — 2K,vP 2FoP + 2K,vP — KP. ]
Fo? — K, vP 1 — 2Fo? Fo? + K, vP
Fo? — K, vP 1 — 2Fo? Fo? + K, vP
—2FoP — 2K, 0P 1 — 2Fo? 4+ 2K, 0P
(5.19)
B/=|: (5.20)
0
KY
Ci=100 --- 01 (5.21)



This first SISO adaptive state-space formulation enables the AMPC algorithm to
continually optimize the laser power P to maintain a consistent temperature at the edge
of the melt pool Ty, utilizing the known nodal temperatures 77, laser power PP, and

traveling speed vP.

Second SISO Adaptive State-Space Model

Utilizing the spatial cooling rate calculation (4.38), a second novel adaptive SISO state-

space formulation is introduced and is constructed as follows:

VTP—H = AQVTP + ngvp

(5.22)
yg-i-l _ CZVTp—i—l

where VT? is the single state; Ay is the zero state matrix; Bo” is the adaptive input

vector; Cy is the output vector; v” is the traveling speed; and p is the current time-frame.

In the formulation of the second adaptive state-space model regarding the spatial
cooling rate VT?, the model includes the multiplication of the spatial temperature gra-
dient % with the traveling speed vP. Here, an assumption is made that the nodal
temperatures Th, and 7§ remain relatively constant throughout the prediction horizon
N,. This implies that once the initial values of T3, and T} are set at time step p,
they maintain a consistent value across the entire horizon. This assumption effectively
linearizes the influence of T%, and T}, simplifying the control problem by removing its
time-varying behavior and nonlinearity from the state-space equations. This simplifica-
tion is based on the fact that small variations in the traveling speed do not significantly
affect these temperatures over the prediction horizon. Instead, the traveling speed it-
self predominantly impacts the spatial cooling rate. Therefore, to appropriately capture
this dynamic relationship, the focus during the optimization of process inputs within the
MPC framework centers on the speed rather than the gradient of temperature states.
Furthermore, by reducing the state-space formulation to include only the traveling speed
as the single process input and having a single output, the controller complexity is re-

duced to a SISO system. This reduction in complexity simplifies the control algorithm
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and enhances its computational efficiency. This approach enables the optimization and
control of the traveling speed to maintain a consistent spatial cooling rate. With this

assumption, the adaptive state-space matrices Ag, BoP, and Cy are defined as follows:

Ay = [0} (5.23)
B, — [T&;ﬂ;&] (5.24)
Cy = [1] (5.25)

This second SISO adaptive state-space formulation enables the AMPC algorithm to
continually optimize the traveling speed v to maintain a consistent spatial cooling rate

V'T, utilizing the known nodal temperatures 77 and traveling speed v?.

MIMO Adaptive State-Space Model

The MIMO adaptive state-space model integrates the two SISO adaptive state-space
models introduced earlier. While each model individually addresses different aspects
of the thermal dynamics, the glsmimo framework combines these aspects to manage
multiple inputs and outputs simultaneously. This integration allows for a more compre-
hensive control approach, accommodating interactions between temperature distribution

and spatial cooling rate within the overall system.

The MIMO adaptive state-space model is given by:

x(p+1) = APx(p) + BPu(p)

(5.26)
y(p+1) =Cx(p+1)

where x(p) is the state vector; AP is the adaptive state matrix; B? is the adaptive input

matrix; C is the output matrix; u(p) is the input vector; and p is the current time-frame.
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The MIMO state vector x(p) encompasses the state variables from both SISO models,
representing the nodal temperatures TP and the spatial cooling rate VT?, and is given
by:

TP

xX() = | g

(5.27)

The MIMO input vector u(p) incorporates the process inputs from both SISO models,

including the laser power P? and the traveling speed v”, and is expressed as:

(5.28)

The MIMO adaptive state-space matrices AP, BP, and C include the adaptive state-
space matrices of both SISO models, positioned diagonally within the MIMO formulation:

AP 0
AP = 01 N (5.29)
2
B, 0
B? = 01 . p] (5.30)
2
C: 0
= 01 . ] (5.31)
2

This combined MIMO adaptive state-space formulation enables the AMPC algorithm
to continually and simultaneously optimize the laser power P and traveling speed v to
maintain a consistent temperature at the edge of the melt pool Tj; and a consistent
spatial cooling rate VT by utilizing only the known nodal temperatures 7P , laser power

PP and traveling speed v?.
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MIMO Incremental Adaptive State-Space Model

Similar to the SISO MPC algorithm utilizing the 2D thermal model in Section 5.1,
the developed MIMO state-space model is reformulated as a MIMO incremental state-
space model. This reformulation expresses the model states and inputs in terms of their
changes from one time step to the next, improving the controller’s ability to adapt to
changing process dynamics and mitigate the effects of modeling inaccuracies. The MIMO

incremental adaptive state-space model is defined as follows:

x(p+1) AP x(p) Br
A 1 AP 0] [A B?
x(p+1)| _ x(p)] Au(p)
y(p+1) CA? 1| | y() CB?
) (5.32)
3 x(p+1)
C
r Ax(p+1
y(p+1)=10 I] b+ 1)
L y(p+1)

5.2.2 MIMO Optimization Problem Formulation

After establishing the MIMO state-space model, an objective function J is formulated
to optimize the control inputs while minimizing deviations from the reference states.
Similar to the SISO case in Section 5.1, the objective is to find the optimal control
input u(p) that minimizes J. However, in the MIMO setting, the objective function
now considers multiple output states y(p) compared to the single output state y(p) in
the SISO model. Similarly to the SISO case, the objective function aims to minimize
the deviations of predicted outputs Y (p) from their respective references Y,.f(p) over
the prediction horizon N, while also penalizing changes in control inputs AU(p) over
the control horizon N.. Additionally, a terminal penalty is applied at the end of the

prediction horizon to ensure a smooth transition.
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The MIMO objective function is expressed as follows:

p+Np—1
J = min (i + 1) = yoer(i + D)]" Qy(i + 1) — yrerli + 1)].
o (5.33)
£30 [Au@TRAU] + Y(N,) — vl N P ()~ vl

To efficiently solve the objective function, it needs to be rewritten as a quadratic
objective function. Much like the SISO case in Section 5.1, this involves expressing the
cost function in terms of the prediction matrices and weighting matrices, followed by
transforming it into a quadratic form. This enables a more compact representation of
the objective function and simplifies the optimization process, making it computationally
more efficient. Beginning with the objective function, it is rewritten in terms of the

prediction matrices as follows:

J = min [Y(p) - Y.et(p)]" QY (p) — Yeet(p)] + AU(p)"RAU(p) (5.34)

To efficiently solve this objective function as well, it is crucial to create a concise
formulation of the MIMO prediction model. Expressing the predicted output vector
Y (p) and the process input increment vector AU(p) in terms of the adaptive state and

adaptive input matrices yields:
Y (p) = ®"x(p) + T?AU(p) (5.35)

where matrix ®P represents the dynamic relationship between the state vector and the
predicted output, adapting over time to capture the dynamic behavior of the process.
Similarly, I'” is the adaptive control matrix, dictating how changes in process inputs
influence the predicted outputs. Together, these matrices enables dynamic adjustments
in the prediction during the process, ensuring prediction accuracy during the varying

process. Additionally, x(p) denotes the current state vector at time p.
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Substituting this expression into the objective function results in:

J = min [@7%(p) + TPAU(p) — Yres(p)]” Q[®7X(p) + TPAU(p) — Yree(p)]

(5.36)
+ AU(p)"RAU(p)

To convert the MIMO objective function into a quadratic form for the MIMO con-

troller, it is necessary to expand and simplify the expression. This process entails mul-

tiplying out the terms, grouping similar terms, and eliminating constant values that do

not impact the optimization problem. The resulting quadratic expression, in terms of
AU(p), is as follows:

1
J = min ~AU(p)" GPAU(p) + AU(p)"F*x(p) (5.37)
AU(p) 2

where GP is defined as 2(R+TI'*"QI'?) and serves as the adaptive quadratic term matrix,
and F? is characterized by —2I'*7Q®?” and acts as the adaptive linear term matrix.
These matrices are fundamental in transforming the cost function into a quadratic form,

facilitating efficient optimization procedures for the predictive control problem.

The optimal process input increments AU*(p) can then be found by solving:

AU*(p) = —GP~'F? (®7X(p) — Yret(p)) (5.38)

Identical to the SISO case in Section 5.1, the optimal process inputs at time step p

are then obtained by adding the optimal process inputs increment Au to the previous

process inputs u at time step p — 1:

u(p) =u(p—1) + Au(p) (5.39)
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Similarly, the AMPC algorithm will be implemented on a real LMP system shown in
Figure 3.1 and is therefore also subjected to process input constraints and process input

increment constraints, which are expressed as:

Umin S U(p) S Umax A[Imin S AU(p) S A-[-Imax (540)

Also, the constraints from Equation (5.40) are redefined in quadratic form. By lever-

aging Equation (5.39), all input constraints can be expressed as:
WAU(p) <d (5.41)

where W is the coefficient matrix and d is the constraint vector.

By integrating the quadratic objective function (5.37) with the quadratic constraints

(5.41), the resulting quadratic optimization problem is expressed as follows:

minimize %AU(p)TGpAU(p) + AU FPR(p) (5.42)

subject to  WAU(p) <d (5.43)

5.2.3 MIMO AMPC Implementation

Similar to the implementation of the SISO MPC algorithm for LHT in Section 5.1, the im-
plementation of the MIMO AMPC algorithm for LDED involves addressing a quadratic
optimization problem and enforcing quadratic constraints as defined by Equation (5.42).
Therefore, a QP solver is employed to find the optimal control inputs. While the MAT-
LAB environment was utilized for the SISO MPC algorithm, Python 3.9 [189] was chosen
for the implementation of the MIMO AMPC algorithm. This choice leverages powerful
numerical computing libraries such as NumPy [190] and SciPy [191] for numerical calcu-
lations. Additionally, the quadprog solver from the gpsolvers library [194] is utilized to
solve the quadratic optimization problem defined by Equation (5.42).
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Furthermore, the AMPC algorithm is integrated into the real-time operating system
outlined in Section 3.1. In this setup, temperature measurements of the process are
obtained from an infrared camera to update the 1D adaptive thermal model and subse-
quently adjust the matrices within the quadratic optimization problem of Equation (5.42).
Afterwards, the optimal process inputs are determined by solving Equation (5.42), which
compares the measured states with the reference states. Once the quadratic optimization
problem with constraints is solved, the optimal traveling speed and laser power are sent to
the LDED process to control the process to the preferred temperature and spatial cooling

rate. A block diagram illustrating this closed-loop process is presented in Figure 5.2.

Model Parameters 6
Parameter

—® Estimator
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—>»  MPC q DED Infrared >
’_> Process Camera

Figure 5.2: AMPC block diagram used to control the process inputs during LDED.
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5.3 Chapter Summary

This chapter introduces the development of two MPC algorithms designed to control the
thermal dynamics in LMP processes with the aim of indirectly optimizing the material’s
microstructure. Initially, an MPC algorithm is constructed for SISO peak temperature
control during LHT. Here, the 2D thermal model, as defined by Equation (4.12), is used
to formulate a SISO state-space model. Subsequently, this model is used for constructing
a quadratic optimization problem with constraints for the MPC algorithm. Following
this, an AMPC algorithm is designed for MIMO temperature and spatial cooling rate
control during LDED. Utilizing the 1D adaptive thermal model (4.42), a MIMO state-
space model is constructed. Leveraging this model, an adaptive quadratic optimization
problem with constraints is formulated for the AMPC algorithm. The MIMO AMPC
algorithm signifies a notable advancement beyond its SISO MPC counterpart. Notably,
this algorithm harnesses the computational efficiency and adaptability of the 1D adaptive
model. Moreover, compared to the single process parameter control in the SISO MPC
algorithm, the AMPC algorithm enables precise control of multiple process parameters
simultaneously. These advancements significantly enhance process stability, which is

crucial for achieving consistent and repeatable material characteristics.
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Chapter 6
Experiments

This chapter presents the experiments to validate the thermal dynamic models intro-
duced in Chapter 4 and the model predictive control (MPC) algorithms developed in
Chapter 5. The overarching objective of these experiments is to achieve real-time ac-
curate prediction and precise control of thermal dynamics in laser material processing
(LMP) processes, thereby ensuring consistent material characteristics with the focus on
the microstructure. To achieve this goal, the experimental setup and thermal dynamic

monitoring methodology detailed in Chapter 3 are utilized.

The chapter is structured as follows: First, a series of experiments are designed to
validate the real-time thermal dynamic prediction capabilities of the developed thermal
dynamic models. Then, experiments are designed to validate the real-time control capa-
bilities of the MPC algorithms.
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6.1 Real-Time Thermal Dynamic Prediction Exper-

iments

This section presents a wide range of experiments designed to assess and validate the real-
time thermal dynamic prediction capabilities of the developed thermal models. With a
focus on both laser heat treatment (LHT) and laser-directed energy deposition (LDED)
processes, the experiments aim to systematically evaluate the performance and accuracy
of the thermal models under varying conditions. The following subsections delve into the
specifics of the experimental designs, starting with LHT experiments followed by LDED
experiments. Additionally, the evaluation criteria utilized to assess the performance of

these models are explained in the subsequent section.

6.1.1 2D Adaptive Thermal Model Predictions in LHT

The objective of the two-dimensional (2D) adaptive thermal model is to accurately predict
the thermal dynamics of the LHT process in real-time, including peak temperature and
spatial cooling rate. To accomplish this, a series of LHT experiments are designed to
assess and validate the predictive capabilities of the 2D adaptive thermal model. These
experiments exclusively consist of single-track LHT experiments, where the substrates

are heat-treated in single straight lines, as shown in Figure 6.1.

- L >
- Lirack > <D=
A
Heat Treated Track
= * »
v Substrate

Figure 6.1: Single-track LHT experimental case and substrate dimensions.
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In Figure 6.1, L, W, and D represent the length, width, and thickness of the substrate,
respectively, while L. denotes the length of the heat-treated track. The experiments
are carried out using two distinct substrate materials, with specifications outlined in
Table 6.1. To improve laser absorption, the substrates will undergo sandblasting and

ethanol rinsing to eliminate any contamination prior to conducting the experiments.

Table 6.1: LHT substrate material specifications.

Material Standard Dimensions (L x W x D) Track Length (Lrack)
Carbon Steel ~ AISI 1018 150 x 38 x 6 mm 135 mm
Stainless Steel ~AISI 304L 150 x 25 x 6 mm 135 mm

The LHT process is controlled by two primary parameters: laser power and traveling
speed. Moreover, these two parameters serve as the sole inputs for the 2D adaptive
thermal model. Therefore, it is vital to validate the 2D adaptive thermal model across
variations in these process inputs. To achieve this, five distinct experiment cases are
designed, each involving different laser power and traveling speed signals during the
LHT process, as outlined in Table 6.2. Each experiment case incorporates a variety of
input signal profiles, including constant, step, and ramp profiles. These input signals
are carefully selected to excite a diverse range of modes within the LHT process to
ensure a thorough evaluation of the 2D adaptive thermal model. Furthermore, the heat-
treated track length (L) for each experiment is 135 mm. All five experiment cases
are conducted for both substrate materials detailed in Table 6.1. The complete set of

process parameters for these experiments can be found in Appendix A.1.
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Table 6.2: The five distinct LHT experiment cases conducted for both substrate materials,
each with a track length (Lirack) of 135 mm.

LHT Exp. Case Traveling Speed Laser Power

A A

1. Const Vi Py

2. Ustep

3. Uramp

4. Pep

5. Pamp

Before conducting these experiments, the optimal size for the region of interest of the
2D nodal network shown in Figure 4.2 is determined experimentally, resulting in M = 25,
my; = 13, and N = 8. Additionally, the coefficients for the laser radius and the order
of the Gaussian profile of the laser heat source (4.11) are determined experimentally,
resulting in 7 = 1.5 mm and n = 0.15, respectively. The laser absorption coefficient from

Equation (4.11) is adopted from previous research [50], where p = 3.
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6.1.2 1D Adaptive Thermal Model Predictions in LDED

Similar to the 2D model, the objective of the one-dimensional (1D) adaptive thermal
model is to predict the thermal dynamics of the LDED process in real-time, including
temperatures and the spatial cooling rate of the solidified region. To accomplish this, a
series of LDED experiments are designed to assess and validate the predictive capabilities
of the 1D adaptive thermal model. These experiments exclusively consist of single-track

LDED experiments, where material is deposited onto the substrate in a single straight

; Deposit

Substrate (AISI 1018 Steel)

line, as shown in Figure 6.2.

Figure 6.2: Single-track LDED experimental case.

The specifications of this substrate are detailed in Table 6.3, with corresponding di-
mensions visually depicted in Figure 6.1. Similar to the LHT experiments, for LDED, the
substrates will also undergo sandblasting and ethanol rinsing to improve laser absorption

and eliminate any contamination prior to conducting the experiments.

Table 6.3: LDED substrate material specifications.

Material Standard Dimensions (L x W x D) Track Length (Ltrack)

Carbon Steel AISI 1018 200 x 50 x 6 mm 180 mm

The LDED process is mainly controlled by three primary parameters: laser power,
traveling speed, and powder feed rate. While the current experimental setup, shown

in Figure 3.1, lacks the capability to adjust the feed rate in real-time, the laser power
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and traveling speed can be controlled. Moreover, these two parameters serve as the
sole inputs for the 1D adaptive thermal model. Therefore, it is vital to validate the
1D adaptive thermal model across variations in these process inputs. To achieve this, a
comprehensive signal profile was designed for both the laser power and traveling speed,
as illustrated in Figure 6.3. Unlike the simpler input signals utilized for validating the
2D model during LHT experiments, the comprehensive signal profile designed for the
LDED process incorporates a more intricate combination of ramp and step profiles for
both laser power and traveling speed. This approach allows for the effective excitation
of a more diverse range of modes within the LDED process during a single experiment,
aiming to cover as many modes as possible. By capturing a broader range of modes
within the LDED process in a single experiment, the efficiency of validation efforts is

improved while reducing the need for multiple experiments and maximizing the insights

gained.
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Figure 6.3: The LDED process inputs used for the adaptive 1D thermal model validation.
The solid red line represents laser power, and the dashed blue line represents traveling
speed.

In total, four experiments will be conducted using the substrate materials specified
in Table 6.3 and with the process inputs described in Figure 6.3. Each experiment uses
a distinct material, and the specifications of all four different materials are shown in Ta-
ble 6.4. This approach allows for a comprehensive assessment of the 1D adaptive thermal
model’s sensitivity to varying material properties and enhances its generalizability across

different materials.
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Table 6.4: LDED deposition powder specifications.

LDED Exp. Case Material Size [pm] Flow Rate [g/min]
1. IN 635 Inconel 625 ~100 2.63
2. STLT 6 Stellite® 6 ~100 2.61
3. H13 TS H13 Tool Steel ~100 2.43
4. SS 431 Stainless Steel 431 ~100 2.40

Furthermore, the deposition track length Li,.q for each experiment is 180mm. Before
conducting these experiments, the optimal length of the 1D nodal network shown in

Figure 4.4 is determined experimentally, resulting in M = 10.

6.1.3 Model Performance Evaluation

In order to evaluate the performance of the developed models quantitatively, the mean
absolute percentage error (MAPE) between the measured and predicted parameters will
be calculated. The MAPE is a measure of the average error between the process mea-
surements and model predictions. In addition, the MAPE is easy to understand because
the error is calculated in terms of percentages. On top of that, the MAPE is more natural
compared to the root mean square error and is commonly used in the literature [195, 196].
The formula for MAPE is expressed as:
12

MAPE = 5;

Yi — Vi
Yi

x 100% (6.1)

where p is the number of time frames, y; represents the measured value, and ; represents

the predicted value.
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6.2 Real-Time Microstructure Control Experiments

In this section, a wide range of experiments for both LHT and LDED processes are
designed to assess and validate the real-time thermal dynamic control capabilities of the
developed MPC algorithms. These experiments aim to evaluate the performance of the
MPC algorithms in controlling the thermal dynamics, which in turn indirectly influences
and optimizes the microstructure of the material. The experiments are structured to
systematically test how well the MPC algorithms maintain consistent microstructure

under varying process conditions by controlling thermal dynamics precisely.

The subsequent subsections will delve into the specific experimental designs, starting
with closed-loop controlled LHT experiments and progressing to closed-loop controlled
LDED experiments. By controlling thermal dynamics effectively, these experiments
demonstrate the capability of the MPC algorithms to achieve desired microstructure

characteristics through indirect control mechanisms.

6.2.1 Closed-Loop LHT Process with MPC

The primary objective of the LHT process is to modify the surface properties of mate-
rials, particularly enhancing the local hardness at a specific hardening depth. However,
achieving consistent and reproducible surface properties of the heat-treated area remains
one of the most significant challenges with LHT. Therefore, three LHT experiments are
designed to assess the consistency of the hardness and hardening depth when controlling
the peak temperature during the LHT process with the MPC algorithm. The first ex-
periment case is a single-track LHT experiment, as shown in Figure 6.1 of the previous
Subsection 6.1.1. This experiment case is designed to assess the controller’s ability to
control the peak temperature during the LHT process. The second experiment case is a
multi-track LHT experiment, as shown in Figure 6.4. This experiment case is designed
to include the effects of heat buildup in the material. The third experiment case is a
single-track LHT experiment with variable thickness, as depicted in Figure 6.5. This

experiment case is designed to incorporate the impacts of thermal dynamic changes on
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different material thicknesses. The second and third experiment cases are thus selected

to analyze the controller’s capabilities and limitations when confronted with the intro-

duced process disturbances. Additionally, open-loop experiments are performed for the

second and third experiment cases to evaluate the differences between the open-loop and

closed-loop experiments.

Substrate (AISI 1018 Steel)

Heat Treated Track

Figure 6.4: Multi-track LHT experimental case with adjacent tracks, top view (left), side

view (right).
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Figure 6.5: Single-track LHT experimental case on a substrate with variable thickness,
top view (top), front view (bottom).

All three LHT experiment cases use a carbon steel (AISI 1018) substrate, with cor-

responding specifications provided in Table 6.5.
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Table 6.5: Substrate specifications of the three experiment cases.

LHT Exp. Case Dimensions (L x W x D) Track Length (Lirack)

Single-track 200 x 25 x 6 mm 150 mm
Multi-track 100 x 38 x 3 mm 90 mm
Single-track 100 x 25 x (6 and 3) mm 150 mm

With the three closed-loop LHT experiments, the process will be controlled to a
certain setpoint, as illustrated in Table 6.6. In the first experiment case, the single-track
will be controlled to a stepped temperature setpoint. In the second experiment case,
all six tracks will be controlled to a single temperature setpoint. Finally, in the third
experiment case, the single-track will be controlled to a single temperature setpoint while

adapting to two different substrate thicknesses.

Table 6.6: Controller setpoints for the three LHT experiment cases with constant laser
power.

LHT Exp. Case MPC Setpoints Temp. Profile  Process Input

Ty T P
A
LER R —
1. Single-track 1100 °C 1300 °C T, 300 W
0 t, "
A
2. Multi-track 1200 °C - T 300 W
t »
A
3. Single-track 1200 °C - T 300 W

\ 4
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The model used in the MPC algorithm relies on parameters that must be established
prior to the experiments. The dimensions of the nodal network, illustrated in Figure 4.2,
are configured to correspond with the size of the heat-affected zone and the relative po-
sition of the laser, yielding M = 10, m; = 6, and N = 4. The laser absorption coefficient
is u = 0.3 [10], and the laser radius, determined experimentally, is 7 = 1.5 mm. Further-
more, selecting an appropriate prediction and control horizon for the MPC algorithm is
crucial. A longer prediction horizon provides better insights into system dynamics and
constraints, while an extended control horizon optimizes actions and responds proactively
to future changes. However, longer horizons significantly increase the computational de-
mand. Hence, finding the right balance between complexity and performance is essential.
The horizon should be long enough to predict how changes in process inputs and temper-
ature measurements on one side of the model impact the temperatures on the other side
of the model. Consequently, the minimum horizon required to capture these dynamics
is the model length M, which is ten. Conversely, a larger horizon substantially increases
computational demands due to model complexity and state count. To constrain com-
putational requirements while capturing essential dynamics, both prediction and control

horizons are set to ten, denoted as N, = N, = 10.

6.2.2 Closed-Loop LDED Process with AMPC

The primary objective of the LDED process is to add material to a substrate in a con-
trolled manner to build or repair parts. However, achieving consistent and reproducible
material characteristics remains one of the most significant challenges. To address this,
multiple LDED wall experiments are designed to evaluate the adaptive model predic-
tive control (AMPC) algorithm’s performance. Each experiment involves five layers with
single-track depositions, as shown in 6.6. These experiments aim to assess various control
strategies—open-loop, speed control, power control, and combined speed and power con-
trol-—on material characteristics and evaluate the potential of multi-input multi-output
(MIMO) control to significantly enhance the consistency and reproducibility of material

characteristics during the LDED process.
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Deposit (AlSI 431
Stainless Steel)

Substrate (AISI 1018 Steel)

Figure 6.6: Five-layer LDED wall experimental case.

In total, four experiments will be conducted to evaluate the performance of the AMPC
algorithm. The controller setpoints and open-loop process inputs for these experiments

are shown in Table 6.7. The experiments are described as follows:

1. The first experiment establishes a baseline understanding of the LDED process be-
havior without feedback control. This open-loop setup provides critical insights into
the inherent variability of thermal dynamics and their effects on the microstructure

and material characteristics.

2. The second experiment focuses on laser power control while maintaining a constant
traveling speed. The aim is to maintain a consistent temperature at the edge of the
melt pool, effectively controlling the position of the trailing edge and preventing
heat accumulation. This allows for analysis of how a constant trailing edge position

affects the resulting microstructure and material characteristics.

3. The third experiment evaluates the control of traveling speed while maintaining
constant laser power. This experiment aims to achieve a consistent spatial cooling
rate in the solidified region. By isolating variations in cooling rate, it examines

their effects on the microstructure and material characteristics.

4. The fourth experiment integrates both single-input single-output (SISO) controllers
to simultaneously maintain a consistent temperature and spatial cooling rate. This
experiment aims to proof how MIMO control can improve the microstructure and

material characteristics compared to SISO control.

119



Table 6.7: Controller setpoints and open-loop process inputs for the four LDED wall
experiment cases.

LDED Exp. Case AMPC Setpoints OL Process Inputs
Temp. VTemp. v P

1. Open-loop - - 1 mm/sec 1100 W

2. SISO power control 1200 °C - 1 mm/sec -

3. SISO speed control - 150 °C/sec - 1100 W

4. MIMO power & speed control 1200 °C 150 °C/sec - -

All LDED experiments are conducted using a carbon steel substrate, and the specifi-
cations of this substrate are depicted in Table 6.8, with corresponding dimensions visually
depicted in Figure 6.1. Similar to the previous experiments, the substrates for these ex-
periments will also undergo sandblasting and ethanol rinsing to improve laser absorption

and eliminate any contamination prior to conducting the experiments.

Table 6.8: LDED substrate material specifications.

Material Standard Dimensions (L x W x D) Track Length (Lirack)

Carbon Steel AISI 1018 75 x 25 x 6 mm 60 mm

Additionally, stainless steel 431 powder is used as the deposition material for all
LDED experiments, with its specifications shown in Table 6.9. Furthermore, it has been
experimentally determined that the deposition tracks have an average layer thickness of

0.9 mm. This means that the LMP system moves up by 0.9 mm after each layer.

Table 6.9: LDED deposition powder specifications.

Material Standard Size [pm] Flow Rate [g/min]

Stainless Steel AISI 431 ~100 3.6

120



The model utilized in the AMPC algorithm is the same model that will be validated
with the LDED experiments discussed in Subsection 6.1.2. Therefore, this model uses
identical model parameters as used during the model validation. Furthermore, this model
has ten states in the travel direction, which is identical to the model used in the MPC
algorithm for LHT. Therefore, the prediction horizon N, is selected to be ten as well,
e.g., N, = 10. Furthermore, the control horizon N is chosen to be half of the prediction
horizon, e.g., N. = 5. The control horizon has been reduced to improve computational
efficiency while maintaining satisfactory control performance. This decision allows the
controller to focus on a shorter time frame for determining optimal control actions, re-

ducing the computational burden without significantly compromising control quality.

6.2.3 Controller Performance Evaluation

In order to comprehensively assess the effectiveness of the developed MPC algorithms, a
thorough evaluation of their performance is essential. One key aspect of this evaluation
involves conducting hardness measurements on the produced parts. Hardness serves as
a crucial indicator of material properties, reflecting its resistance to plastic deformation,
penetration, and scratching, among other factors. By measuring hardness at multiple
cross-sections using Vickers microhardness testing with indentation forces of 0.5 and 1
kg, valuable insights can be gained into how the process conditions affect the resulting
material properties. Hence, by contrasting the hardness measurements obtained from
experiments conducted under different process conditions, the effectiveness of the MPC

algorithms in improving the consistency of the material properties can be analyzed.
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6.3 Chapter Summary

at validating the real-time thermal dynamic prediction capabilities of the developed ther-
mal models, as well as the effectiveness of the control algorithms in controlling the thermal
dynamics during LMP processes to indirectly achieve consistent microstructure. First,
experiments have been designed to validate the 2D adaptive thermal dynamic model and
the MPC algorithm for the LHT process. Afterwards, experiments have been designed
to validate the 1D adaptive thermal model and AMPC algorithm for the LDED process.

The results of these experiments are presented in the subsequent chapter.
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Chapter 7
Results and Discussions

This chapter presents and discusses the results of the experiments outlined in Chapter 6,
which were designed to validate the thermal dynamic models introduced in Chapter 4
and the model predictive control (MPC) algorithms developed in Chapter 5. By ex-
amining the results of these experiments, this chapter aims to provide insights into the
effectiveness and reliability of the developed models and control algorithms, as well as
their practical applicability and potential for improving process stability and achieving
consistent material characteristics. It begins by analyzing the real-time thermal predic-
tion capabilities of the thermal dynamic models. Subsequently, it explores the ability
of the MPC algorithms to control the thermal dynamics in real time, aiming to achieve

consistent microstructure.
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7.1 Real-Time Thermal Dynamic Prediction Exper-

iments Results

This section delves into the results and discussions of a wide range of both laser heat
treatment (LHT) and laser-directed energy deposition (LDED) experiments designed to
assess and validate the real-time thermal dynamic prediction capabilities of the devel-
oped thermal models. Initially, the results of the LHT experiments are analyzed, focusing
on the prediction accuracy of both the peak temperature and spatial cooling rate. Fur-
thermore, the predictive capabilities of the two-dimensional (2D) non-adaptive thermal
dynamic model are compared to those of the adaptive model with the model parame-
ter estimation algorithm, aiming to assess the improvements and adaptability achieved
through real-time model parameter estimation. Subsequently, the LDED experiments are
examined, with the main focus on assessing the temperature and spatial cooling rate pre-
dictions of the one-dimensional (1D) adaptive thermal model, as well as its adaptability

across various materials.

7.1.1 2D Adaptive Thermal Model Predictions in LHT

In total, ten LHT experiments were carried out: five experiments with a carbon steel sub-
strate and five experiments with a stainless steel substrate, which are shown in Figure 7.1

and Figure 7.2, respectively.

Carbon Steel
P-Ramp
P-Step
V-Ramp
V-Step
Constant

Figure 7.1: Carbon steel substrate featuring all five single LHT tracks.
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Stainless Steel
P-Ramp
P-Step
V-Ramp
V-Step
Constant

Figure 7.2: Stainless steel substrate featuring all five single LHT tracks.

In these experiments, the real-time peak temperature and spatial cooling rate predic-
tions are compared with the real-time peak temperature and spatial cooling rate mea-
surements. First, the results related to the 2D non-adaptive thermal model are analyzed,

and then the results related to the 2D adaptive thermal model are examined.

Thermal Dynamic Predictions with the 2D non-adaptive Thermal Model

The result of the vyam, experiment with a carbon steel substrate is shown in Figure 7.3.
As can clearly be seen from Figure 7.3, the change in CNC traveling speed has a clear in-
fluence on the peak temperature and spatial cooling rate of the 2D non-adaptive thermal
model and the LHT process. Lower travel speeds result in a higher peak temperature and
a lower spatial cooling rate. The peak temperature and spatial cooling rate predictions,
around the experiment time of 40 sec, are almost identical to the measurements of the
LHT process. However, at the start of the experiment, the peak temperature predic-
tion was much higher compared to the measurements of the LHT process. Furthermore,
melting occurs at the end of the experiment, resulting in a deviation of the peak tem-
perature and spatial cooling rate predictions compared to the measurements. In general,
comparable results are observed with the other four experiments with a carbon steel
substrate, which are shown in Appendix B.1. At the start of these experiments, the peak
temperature prediction is higher compared to the measurements of the LHT process,
and melting occurs at the end of these experiments. In some cases, the process reacts
differently to input changes compared to the 2D non-adaptive thermal model, resulting

in peak temperature and spatial cooling rate deviations.
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LHT Process Measurementsand Model Predictions
Uramp Experiment with a CS Substrate
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Figure 7.3: Real-time peak temperature and spatial cooling rate comparison between the
2D non-adaptive thermal model predictions and the LHT process measurements of the

Uramp €Xperiment with a carbon steel substrate.

The mean absolute percentage errors (MAPESs) between the model predictions and the
process measurements of all five experiments with a carbon steel substrate are provided in
Table 7.1. As can be observed from this table, the average MAPE of the peak temperature
prediction Tpeax is 3.9 %, and the average MAPE of the spatial cooling rate prediction

VT is 13.1 %.
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Table 7.1: MAPE of the 2D non-adaptive thermal model with respect to the LHT process
after the experiments with a carbon steel substrate.

Experiment Case
MAPE | Const  VUstep  Uramp Pstep  Pramp | Units

Toewe |30 61 47 31 26 |%
VT 93 91 74 271 128 |%

The results of the Py, experiment with a stainless steel substrate are shown in
Figure 7.4. As can be seen from Figure 7.4, the change in laser power has a clear influence
on the peak temperature and spatial cooling rate of the 2D non-adaptive thermal model.
Higher laser power results in a higher peak temperature and a higher spatial cooling rate.
The same holds true for the process with a change in laser power from 300 W to 350 W.
However, the change in laser power from 350 W to 400 W results in almost the same
peak temperature and a slightly lower spatial cooling rate with the LHT process. In
other words, the process reacts differently to this change in laser power compared to the
model. This discrepancy occurs because the increased laser power causes the substrate
metal to melt, and the thermal measurements from the infrared camera are inaccurate for
liquid metal, leading to inaccurate measurements compared to the model’s predictions.
Furthermore, at the beginning of these experiments, the peak temperature prediction of
the 2D non-adaptive thermal model was higher compared to the LHT process. In general,
comparable results are observed with the other four experiments with a stainless steel
substrate, which are shown in Appendix B.2. At the start of these experiments, the peak
temperature prediction was slightly higher compared to the measurements of the LHT
process. In some cases, the process reacts differently compared to the 2D non-adaptive

thermal model, resulting in a small peak temperature and spatial cooling rate deviation.
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LHT Process Measurementsand Model Predictions
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Figure 7.4: Real-time peak temperature and spatial cooling rate comparison between the
2D non-adaptive thermal model predictions and the LHT process measurements of the
Pyep experiment with a stainless steel substrate.

The MAPE of the peak temperature and spatial cooling rate prediction between the
2D non-adaptive thermal model and the LHT process of all five experiments with a
stainless steel substrate are provided in Table 7.2. As can be observed from this table,
the average MAPE of the peak temperature prediction Tpeax is 2.2 %, and the average
MAPE of the spatial cooling rate prediction VT is 9.5 %.
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Table 7.2: MAPE of the 2D non-adaptive thermal model with respect to the LHT process
after the experiments with a stainless steel substrate.

Experiment Case
MAPE | Const  VUsiep  Uramp FPstep  FPramp | Units

Treak 1.3 12 12 51 21 |%
VT 4.5 123 59 189 59 | %

These results show that the 2D non-adaptive thermal model can accurately predict
the peak temperature, with prediction accuracy between 1.2 % and 6.1 %. Other re-
searchers report their thermal models predict the peak temperature of the LHT process
with an accuracy between 3.5 % and 7.0 % [197, 198, 91, 50]. Thus, the 2D non-adaptive
thermal model demonstrates better prediction accuracy even without adaptation. Addi-
tionally, the spatial cooling rate prediction accuracy ranges from 4.4 % to 27.1 %, being
quite accurate in some experiments but less so in others. These large prediction errors
are mainly caused by two factors. First, inaccurate thermal measurements from the in-
frared (IR) camera resulted in prediction errors because the IR camera cannot accurately
measure the temperatures of liquid metal. Second, heat accumulation in the substrate
caused prediction errors because it significantly altered the thermal dynamic behavior of
the process. The 2D non-adaptive thermal model cannot handle these changes because
it has temperature-independent parameters and it does not account for phase changes.
Moreover, prediction errors due to heat accumulation are common in the literature [199]
and are also significant in other additive processes such as wire arc additive manufacturing
[173]. Heat accumulation not only affects the size and temperature of the heat-affected
zone and material properties during a closed-loop controlled process [154], but it is also
the primary reason why the substrate started to melt. Therefore, it is crucial for the
model to adapt to heat accumulation in real-time before being implemented in a real-
time model-based control system. Nonetheless, the developed 2D non-adaptive thermal
model is more accurate in most cases compared to the 2D non-adaptive thermal models

in the literature and therefore serves as a good basis for the 2D adaptive thermal model.

129



Thermal Dynamic Predictions with the 2D adaptive Thermal Model

The result of the vyam, experiment with a carbon steel substrate is shown in Figure 7.5,
and the corresponding estimation of the material constants is shown in Figure 7.6. For
easy comparison, the predictions by the 2D non-adaptive thermal model presented in the
previous section are included in Figure 7.5. As can clearly be seen from Figures 7.5 and
7.6, real-time estimation of the material constants resulted in similar peak temperature
and spatial cooling rate predictions of the 2D adaptive thermal model compared to the
measurements of the LHT process. Also, the peak temperature and spatial cooling rate
deviation problems due to melting are solved. However, at the beginning of the exper-
iment, the spatial cooling rate prediction of the 2D adaptive thermal model was much
lower compared to the LHT process. This deviation is caused by inaccurate temperature
measurements. The measurement is hitting the lower temperature limit of the IR cam-
era, resulting in inaccurate measurement data. In general, similar results are observed
with the other four experiments with a carbon steel substrate, which are shown in Ap-
pendix B.1. However, the amount of time it takes for the temperatures to be above the

lower temperature limit of the IR camera is different for each experiment.
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LHT Process M easurements and Adaptive Model Predictions
with a CS Substrate
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Figure 7.5: Real-time peak temperature and spatial cooling rate comparison between the
2D adaptive thermal model predictions and the LHT process measurements of the vyamp
experiment with a carbon steel substrate.
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Figure 7.6: Real-time parameter estimation of the vy,m, experiment with a carbon steel
substrate.
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The MAPESs between the adaptive model predictions and the process measurements
of all five experiments with a carbon steel substrate are provided in Table 7.3. As can
be observed from this table, the average MAPE of the peak temperature prediction Tjeax
is 1.1 %, and the average MAPE of the spatial cooling rate prediction VT is 8.4 %.
To analyze the performance of the 2D adaptive thermal model without the inaccurate
measurement data, the inaccurate measurement data at the start of all five experiments
was removed from the MAPE calculations. As shown in Table 7.3, the new average
MAPE of the peak temperature prediction Tpeax is 0.6 %, and the new average MAPE
of the spatial cooling rate prediction VT is 4.4 %.

Table 7.3: MAPE of the 2D adaptive thermal model with respect to the LHT process
after the experiments with a carbon steel substrate.

Experiment Case
MAPE | Const  VUstep  Vramp Fstep  Dramp | Units

Theak 0.7 1.1 0.9 1.7 1.0 %

VT 3.0 10.5 6.0 15.0 7.7 %
Time >3 >24 >12 >17 > 10 | sec
Theak 0.4 0.7 0.5 1.0 0.5 %
vT 1.8 4.6 2.6 10.5 24 %

The results of the Py, experiment with a stainless steel substrate are shown in
Figure 7.7, and the corresponding estimation of the material constants is shown in Fig-
ure 7.8. Again, for easy comparison, the predictions by the 2D non-adaptive thermal

model presented in the previous section are included in Figure 7.7.
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LHT Process M easurements and Adaptive Model Predictions
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Figure 7.7: Real-time peak temperature and spatial cooling rate comparison between the
2D adaptive thermal model predictions and the LHT process measurements of the Piep
experiment with a stainless steel substrate.
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Figure 7.8: Real-time parameter estimation of the Py, experiment with a stainless steel
substrate.
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As can clearly be seen from Figures 7.7 and 7.8, the peak temperature and spatial
cooling rate predictions of the 2D adaptive thermal model are almost identical to the
measurements of the LHT process. The deviations that occurred with the 2D non-
adaptive thermal model are solved by real-time estimation of the material constants.
However, at the start of the experiment, a prediction deviation occurred due to the
startup phase of the parameter estimation. In general, comparable results are observed
with the other four experiments with a stainless steel substrate, which are shown in

Appendix B.2. In addition, the time of the startup phase is equal for all five experiments.

The MAPE of the peak temperature and spatial cooling rate prediction between the
2D non-adaptive thermal model and the LHT process of all five experiments with a
stainless steel substrate is provided in Table 7.4. As can be observed from this table, the
average MAPE of the peak temperature prediction Tjeqx is 0.4 %, and the average MAPE
of the spatial cooling rate prediction VT is 1.9 %. To analyze the performance of the
2D adaptive thermal model after the startup phase, the first two seconds of MAPE data
are removed. As shown in Table 7.4, the new average MAPE of the peak temperature
prediction Tpeax is 0.3 %, and the new average MAPE of the spatial cooling rate prediction
VT is 1.4 %.

Table 7.4: MAPE of the 2D adaptive thermal model with respect to the LHT process
after the experiments with a stainless steel substrate.

Experiment Case
MAPE | Const  VUstep  Uramp Pitep  Pramp | Units

Theak 0.4 04 04 05 04 %

VT 1.4 20 2.2 2.4 1.7 %
Time > 2 >2 >2 >2 >2 sec
Theak 0.3 0.3 0.3 0.4 0.3 %
VT 0.9 1.6 1.6 1.8 1.1 %
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The LHT experiments show that the 2D adaptive thermal model is much more accu-
rate compared to the 2D non-adaptive thermal model. The 2D adaptive thermal model
can accurately deal with heat accumulation in real-time, which significantly improved
the peak temperature and spatial cooling rate prediction accuracy compared to the 2D
non-adaptive thermal model. The peak temperature prediction accuracy of the 2D adap-
tive thermal model is between 0.4 % and 1.7 %. In addition, the prediction accuracy,
with most experiments, is within the IR camera accuracy of 1 %. This prediction accu-
racy is a significant improvement compared to the peak temperature prediction accuracy
between 3.5 % and 7.0 % found in the literature [197, 198, 91, 50]. Furthermore, the
spatial cooling rate prediction accuracy of the 2D adaptive thermal model is between 1.4
% and 15.0 %.

This prediction accuracy is also a huge improvement compared to the 2D non-adaptive
thermal model. In addition, most experiments show a huge improvement in spatial
cooling rate prediction accuracy compared to the prediction accuracy between 6.5 % and
9.2 % found in previous research [50]. However, in some cases, the spatial cooling rate
prediction error is much higher compared to previous research. Furthermore, the startup
phase of the optimization algorithm within the 2D adaptive thermal model introduces
prediction errors at the start of all ten LHT experiments. The high spatial cooling rate
prediction error values are the result of significant prediction errors at the beginning of
the LHT experiments, which particularly manifest themselves with the experiments with
a carbon steel substrate. At the beginning of the LHT experiments, the IR camera is
hitting the lower temperature limit that the camera is able to measure. This lower limit
is 783 °C for thermal measurements with a carbon steel substrate and 725 °C for thermal
measurements with a stainless steel substrate. If the IR camera had a lower temperature
limit, these significant prediction errors would not have occurred, resulting in lower peak

temperature and spatial cooling rate prediction error values.

The prediction error caused by the startup phase of the optimization algorithm can be
clearly seen in Figure 7.7 together with Figure 7.8. At the start of the experiment, the 2D
non-adaptive thermal model increases much faster in temperature compared to the LHT

process because of the wrong initial values for the three material constants. As a result,
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the 2D adaptive thermal model tunes all three material constants to reduce the prediction
error. After a short period, all three material constants are tuned in such a way that the
predicted peak temperature and spatial cooling rate are almost identical to the measured
peak temperature and spatial cooling rate of the LHT experiment. After the startup
phase, the 2D adaptive thermal model can accurately predict the peak temperature
and spatial cooling rate throughout the experiment. Removing the prediction errors
caused by inaccurate measurements due too the lower camera limit during the startup
phase significantly reduces the MAPE values, as can be seen in Tables 7.3 and 7.4.
The peak temperature prediction accuracy of the 2D adaptive thermal model, without
startup phase data and inaccurate measurement data, is between 0.3 % and 1.0 %. This
prediction accuracy is within the IR camera accuracy of 1 %. In addition, the spatial
cooling rate prediction accuracy, with most experiments, is also within the IR camera
accuracy of 1 %. As a result, the 2D adaptive thermal model is highly suitable for
real-time prediction and control applications. Combining this model with a model-based
controller in a real-time feedback control system can significantly improve the consistency

of the material and mechanical properties during LHT.

The most commonly used model-based control approaches in the literature use a
second-order state-space model that is identified using general system identification meth-
ods or complex FEM models [200, 169, 201, 202]. These second-order models are more
computationally efficient than the adaptive model developed in this research. However,
the accuracy of these models is comparable to the dynamic model without the parameter
estimation algorithm, which means that they can have prediction errors larger than 100
°C. In addition, these models are limited to specific process settings and need to be op-
timized for each experiment. The developed model does not have this drawback because
it automatically adapts to process changes in real-time. As a result, the 2D adaptive
thermal model has a prediction accuracy that is comparable to complex modeling meth-
ods found in the literature [98, 37, 39, 203, 180, 204]. Moreover, the developed adaptive
thermal model is computationally efficient enough for real-time prediction and control
applications. In contrast, these complex modeling methods found in the literature are

too computationally intensive for real-time applications and can only be used offline.
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Concluding Remarks

While the 2D adaptive thermal model demonstrates impressive prediction accuracy in
single-track LHT experiments with two different substrate materials of the same thick-
ness, its validation is limited. To fully understand its potential and limitations, the
model should undergo validation across a broader range of LHT experiments, materials,
and thicknesses. It is crucial to recognize that the 2D adaptive thermal model is tailored
specifically for the LHT process. Given the simplicity of LHT compared to more complex
laser material processing (LMP) processes, such as LDED, there is uncertainty about its
applicability to those processes. Hence, it is imperative to develop and validate advanced
models tailored specifically for LMP processes, ensuring not only their effectiveness and
accuracy but also their generalizability across a broader spectrum of conditions. These
models must possess the flexibility and adaptability to accommodate the diverse variables
and complexities inherent in various LMP processes, thereby enhancing their applicabil-
ity and robustness in real-world industrial settings. Additionally, while the nonadaptive
model has been implemented in a MPC algorithm, an adaptive model should be similarly

implemented with MPC to enhance its control capabilities.

7.1.2 1D Adaptive Thermal Model Predictions in LDED

This subsection delves into the results obtained from the validation experiments of the
1D adaptive thermal model. In total, four LDED experiments were conducted, each
depositing a single track onto a carbon steel substrate with a different deposition material.
The substrate with the four different depositions is shown in Figure 7.9. In the subsequent
analysis, the real-time temperature and spatial cooling rate predictions from the 1D
adaptive thermal model are examined and compared with the corresponding real-time

measurements obtained from the four LDED experiments.
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Figure 7.9: Carbon steel substrate showing the four LDED experiments, each depositing
a single track with a different deposited material.

The result of the LDED experiment with the Stellite® 6 powder is shown in Fig-
ure 7.10, and the corresponding estimation of the model parameters is depicted in Fig-
ure 7.11. As can be observed from these figures, the trend of the temperature and spatial
cooling rate data diverges from the anticipated patterns based on the process inputs.
This discrepancy underscores the complexity of thermal dynamics within the LDED pro-
cess, where the intricate interactions between various process parameters significantly

influence the resulting thermal dynamic behavior.

The process parameters, such as laser power, traveling speed, and powder feed rate,
among others, each contribute to the complex thermal dynamics observed during the
process. These complex dynamics, which include heat accumulation and energy density
fluctuations, are not explicitly accounted for in the model. However, by integrating a
parameter estimation algorithm that automatically adjusts the model parameters based
on real-time measurements, as depicted in Figure 7.11, the model can effectively adapt
to and track the observed thermal dynamic changes during the process. As a result,
the temperature and spatial cooling rate predictions of the 1D adaptive thermal model,
illustrated in Figure 7.10, closely match the process measurements. Overall, equivalent
results are observed in the other three LDED experiments, each involving a distinct

deposition material, as depicted in Appendix C.1.
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LDED Process Measurements and Adaptive Model Predictions
Single-Track Experiment Using STLT 6 Powder
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Figure 7.10: Real-time temperature and spatial cooling rate comparison between the
adaptive 1D thermal model predictions and the LDED process measurements of the
experiment with Stellite® 6 powder.
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Figure 7.11: Real-time parameter estimation of the experiment with Stellite® 6 powder.
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The MAPEs between the model predictions and the process measurements of all four
LDED experiments are provided in Table 7.5. As can be observed from this table, the
average MAPE of the temperature prediction 7" is around 0.44 %, and the average MAPE
of the spatial cooling rate prediction VT is around 2.09 %. These findings underscore the
precision of the 1D adaptive thermal model in predicting both temperature and spatial
cooling rate. Across all four experiments, the temperature predictions fall within the £+1
% accuracy range of the IR camera measurements. Additionally, the spatial cooling rate
predictions demonstrate exceptional alignment with the thermal measurements, with
the maximum MAPE reaching just 2.78%. This remarkable accuracy showcases the
model’s adaptability to the complex thermal dynamics inherent in the LDED process.
Moreover, the extensive validation across four distinct deposition materials highlights the
versatility and robustness of the 1D model, affirming its suitability for a diverse array of

manufacturing applications.

Table 7.5: MAPE of the adaptive 1D thermal model with respect to the LDED process
after the LDED experiments with all four powders.

Deposition Material
MAPE | IN 625 STLT 6 H13 TS SS 431

Temp. | 031  0.58 044 044 |[%]
VTemp. | 1.43  2.78 191 225 | [%]
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Concluding Remarks

The transition from the 2D to the 1D thermal model marks a significant advancement in
predictive capabilities within LMP processes. Unlike its 2D counterpart, the 1D model
offers a more comprehensive validation process, covering a more complex process and
incorporating a diverse set of four materials. Despite this expanded scope, the 1D model
demonstrated improved prediction accuracy relative to the 2D model. This improvement
underscores the versatility and robustness of the 1D model, highlighting its adeptness in
accurately capturing the intricate thermal dynamics inherent to LMP processes. Another
notable improvement of the 1D model over its 2D counterpart is its prediction accuracy

and adaptability during the startup phase of the process.

While the 2D model struggled to quickly adapt to the thermal dynamic changes at
the start of the process, the 1D model can rapidly adjust to these changes, resulting in
accurate predictions from the start. By circumventing these startup phase issues, the 1D
model ensures more consistent and reliable predictions throughout the entire manufac-
turing process. Furthermore, the transition to a 1D framework significantly enhances the
computational efficiency of the model, making it well-suited for real-time prediction and
control applications, including MPC algorithms. This efficiency not only facilitates opti-
mized process control but also conserves computational resources, ultimately improving

overall process efficiency.

In summary, the advancements offered by the 1D model over its 2D counterpart result
in higher prediction accuracy, improved robustness, enhanced computational efficiency,
and broader applicability, including its suitability for model-based control applications
such as MPC. These improvements position it as a valuable tool for optimizing LMP
processes, with significant implications for enhanced product quality, manufacturing ef-

ficiency, and control precision.
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7.2 Real-Time Microstructure Control Experiments
Results

This section delves into the results and discussions of a wide range of both LHT and
LDED experiments designed to assess and validate the real-time thermal dynamic con-
trol capabilities of the developed MPC algorithms. Initially, the results of the LHT ex-
periments are analyzed, focusing on the peak temperature control capabilities aimed at
achieving consistent microstructure under varying conditions. Subsequently, the LDED
experiments are examined, with the main focus on assessing different control strategies
and analyzing multi-input multi-output (MIMO) control capabilities to achieve consistent

microstructure throughout the manufactured part.

7.2.1 Closed-Loop LHT Process with MPC

Three LHT experiments were carried out to assess the consistency of the hardness and
hardening depth when controlling the peak temperature during the LHT process with
the MPC algorithm. These experiments include a single-track LHT experiment with a
step setpoint temperature, a multi-track LHT experiment involving six tracks, and a

single-track LHT experiment with variations in substrate thickness.

Single-track LHT with a step setpoint temperature.

With the single-track LHT experiment with a step setpoint temperature, a straight track
is laser heat-treated and controlled to a peak temperature with a stepped profile. The first
part of the track is controlled to 1100 °C, and the second part of the track is controlled
to 1300 °C. This experiment has been conducted to analyze the influence of different
peak temperatures on hardness and hardening depth and to validate the ability of the
controller to control different setpoints. The substrate of the closed-loop experiment is

shown in Figure 7.12.
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Figure 7.12: Carbon steel substrate featuring a single LHT track, processed with a closed-
loop controlled temperature using a step setpoint.

The resulting peak temperature and traveling speed of the closed-loop single-track
experiment with a step setpoint temperature are shown in Figure 7.13. As shown in the
figure, the controller accurately maintains the peak temperature at 1100 °C and 1300
°C during the LHT process, with measured temperatures closely matching the setpoints.
Additionally, the controller begins adjusting the traveling speed before the temperature
setpoint changes, showcasing the predictive capabilities of the MPC algorithm. However,
at the start of each temperature setpoint, the controller overshoots before stabilizing
at the setpoint temperature. These overshoots are likely due to non-optimal weighting
matrix values in the MPC algorithm and the slower response of the real system compared
to the model predictions.
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Figure 7.13: Peak temperature and traveling speed results of the closed-loop single-track
experiment with a step setpoint temperature and a constant laser power of 300 W.
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To inspect the microstructure and hardness values between the two different peak
temperatures, the substrate was cut at six locations, as shown in Figure 7.12. Microscopic
images were taken at the second and fifth cross sections, and the results are shown in
Table 7.6. As can be observed from these cross sections, these cross sections clearly show

that a higher peak temperature setpoint results in an increased hardening depth.

Table 7.6: Microscopic images at cross section 2 and 5 of the closed-loop single-track
experiment with a step setpoint temperature.

Case Tp = 1100°C Tp = 1300°C

Closed-
loop

Each cross section had its hardness measured, and Table 7.7 shows the results of those
measurements. From this table, it can be concluded that the hardness values of three
sections with the same setpoint are very consistent. The maximum hardness deviation is
only 4 HV. This clearly shows that consistent hardness can be achieved when controlling
the peak temperature to a constant setpoint. This table also shows that when increasing
the setpoint temperature, a higher average hardness is achieved. This indicates that
it is possible to produce a part with different local hardness when controlling the peak

temperature at different setpoints in different regions.

Table 7.7: Hardness measurements of the closed-loop single-track experiment with a step
setpoint temperature.

Average Hardness *+ [Standard Deviation]| (HV1.00)

Tp = 1100°C, Section 1 to 3 351+[4]
Tp = 1300°C, Section 4 to 6 402+£([3]
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Multi-track LHT with six adjacent tracks

With the multi-track LHT experiments, six straight adjacent tracks are laser heat-treated,
and each track is controlled to the same peak temperature setpoint of 1200 °C. The
substrate of the closed-loop experiment is shown in Figure 7.14. With each added track,
the internal substrate temperature increases, which changes the thermal dynamics of
the process and can be seen as a process disturbance. To observe the influence of this
disturbance on the thermal output of a heat-treated surface, an open-loop experiment
was also conducted. This open-loop experiment consists of six LHT tracks next to each
other with constant process inputs, and the substrate of this experiments is shown in
Figure 7.15.

Cross Cross Cross
Section 1 Section 2 Section 3

Open-Loop

Figure 7.14: Carbon steel substrate featuring six adjacent LHT tracks, processed with
closed-loop controlled peak temperature.

Cross Cross Cross
Section 1 Section 2 Section 3

Closed-Loop

Figure 7.15: Carbon steel substrate featuring six adjacent LHT tracks, processed in open-
loop.
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The resulting peak temperature and traveling speed of the open-loop and closed-loop
multi-track experiments are shown in Figures 7.16 and 7.17, respectively. The shaded
region in these figures indicates when the laser is turned off because the substrate is
moved to the right location for the next track. As illustrated in Figure 7.16, the peak
temperature in the six open-loop LHT tracks increases with each track because the
substrate is heating up. For the closed-loop process, shown in Figure 7.17, the controller
is increasing the traveling speed to reduce the peak temperature during the process. As
a result, the measured process peak temperature in the six LHT tracks is following the
setpoint without a steady-state error. However, the peak temperature overshoots at the
beginning of each track, and after each track, the initial temperature of the substrate is
higher, resulting in a larger overshoot and a higher controlled traveling speed.
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Figure 7.16: Peak temperature and traveling speed results of the open-loop multi-track
experiment with constant laser power of 300 W and a constant traveling speed of 3.33
mm/sec
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Figure 7.17: Peak temperature and traveling speed results of the closed-loop multi-track
experiment with constant laser power of 300 W.

Each open-loop and closed-loop substrate was cut at three locations, as shown in
Figures 7.14 and 7.15, to evaluate and compare the microstructure and hardness values.
Microscopic images were taken at the second cross section from both substrates at all
six tracks, and the results are shown in Table 7.8. It can be observed that the open-loop
multi-track experiment substrate has an increased hardening depth for each subsequent
track. On the other hand, the closed-loop multi-track experiment has a constant hard-
ening depth for all six tracks. Therefore, a constant hardening depth can be obtained

when using MPC to control the peak temperature.
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Table 7.8: Microscopic images at cross section 2 of all six tracks from the open-loop and
closed-loop multi-track experiment.

Case Track 1 Track 2 Track 3 Track 4 Track 5 Track 6

Open-
loop

]

Closed-
loop

Hardness measurements for each cross-section and track are provided in Table 7.9.
The open-loop hardness values demonstrate a clear correlation with increased tempera-
tures at each track, showing a progressive increase in hardness due to the varying peak
temperatures. In contrast, the closed-loop experiment achieved a consistent peak tem-
perature across all six tracks, resulting in uniform hardness with tight tolerance. These
results show that maintaining a constant peak temperature with MPC ensures consis-
tent hardness throughout the LHT process. The closed-loop MPC algorithm effectively

eliminated the effects of disturbances due to heat accumulation in real-time.

Table 7.9: Hardness measurements of both LHT multi-track experiments.

Average Hardness £ [Standard Deviation] (HV1.00)

Open-loop Closed-loop

Track 1, Section 1 to 3 238+[(] 293+]10]
Track 2, Section 1 to 3 244+[4] 293+3]
Track 3, Section 1 to 3 254+£[5] 296£(8]
Track 4, Section 1 to 3 259+£[5] 288+[2]
Track 5, Section 1 to 3 275+[5] 302+[4]
Track 6, Section 1 to 3 301+£[3] 297+[10]




Single-track LHT with a variable substrate thickness

With the single-track LHT experiment with a variable substrate thickness, a straight
track is laser heat-treated and controlled to a single peak temperature setpoint of 1200
°C. The introduction of a variable substrate thickness will result in a rapid change in
the thermal dynamics during the process. This change in thermal dynamics can be
seen as a process disturbance. To observe the influence of this disturbance on the peak
temperature and microstructure of a heat-treated track, an open-loop experiment was
also conducted. This open-loop experiment consists of a single LHT track with constant
process inputs. The substrate from both the open-loop and closed-loop experiments is

shown in Figure 7.18.

Cross Cross Cross Cross Cross Cross
Section1  Section2  Section3  Section4  Section5  Section 6 Thickness D,

Thickness D,
Open-Loop
Closed-Loop

Figure 7.18: Carbon steel substrate featuring two single LHT tracks: one processed in
open-loop and the other with closed-loop controlled temperature.

The resulting peak temperature and traveling speed of the open-loop and closed-loop
single-track experiments with a variable substrate thickness are shown in Figure 7.19 and
Figure 7.20, respectively. As shown in Figure 7.19, the peak temperature in the open-
loop experiment increases rapidly when the substrate thickness changes from 0.25 in to
0.125 in. This is caused by the difference in the ability to conduct heat away from the
HAZ between a thick and thin substrate. A thick substrate can transfer more heat away
than a thin substrate. For the closed-loop process shown in Figure 7.20, the controller
is adjusting the real-time traveling speed to compensate for this change in heat transfer.
As a result, the peak temperature quickly settles back at 1200 °C after the substrate

changes in thickness.
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Single-Track Experiment with a Variable Substrate Thickness
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Figure 7.19: Peak temperature and traveling speed results of the open-loop single-track
experiment with a variable substrate thickness, a constant laser power of 300 W, and a
constant traveling speed of 3.33 mm/sec.
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Figure 7.20: Peak temperature and traveling speed results of the closed-loop single-track
experiment with a variable substrate thickness and a constant laser power of 300 W.

The substrate with the two different material thicknesses was cut at six locations, as
shown in Figure 7.18, to evaluate and compare the microstructure and hardness values
between the thick and thin substrate and between the open-loop and closed-loop con-

ditions. Microscopic images were taken at the second and fifth cross sections, and the
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results are shown in Table 7.10. It can be clearly observed with the open-loop experi-
ment that a thin substrate resulted in a significantly increased hardening depth. On the
other hand, the closed-loop experiment has a constant hardening depth for the thick and
thin substrates. Therefore, a constant hardening depth can be obtained with different

material thicknesses by controlling the peak temperature.

Table 7.10: Microscopic images at cross section 2 and 5 of the open-loop and closed-loop
single-track experiment with a variable substrate thickness.

Case Thick Substrate Thin Substrate

Open-
loop

Closed-
loop

Each cross section had its hardness measured, and Table 7.11 shows the results of those
measurements. For the open-loop case, no hardness measurements were taken at the sixth
cross section in Figure 7.18. Looking at the hardness values of the open-loop experiment,
one can clearly see the consequences of the effect of the change in substrate thickness.
The hardness value decreased significantly with a thinner substrate, which is the result
of the change in peak temperature and the change in heat transfer through the material.
The hardness between the thick and thin substrates in the closed-loop experiment is much
more similar. However, there is still a significant difference in hardness compared to the
multi-track experiment. The reason for the difference in hardness is that the thicker
substrate has a greater thermal mass, allowing it to dissipate heat more efficiently than
the thinner substrate. This efficient heat dissipation leads to faster cooling rates in the
localized LHT area, which can promote the formation of harder microstructures, such

as martensite, in carbon steels, as shown in literature [38, 39, 40, 50]. One possible
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solution is to both control the traveling speed and laser power to achieve a constant
peak temperature and spatial cooling rate. By controlling multiple process parameters,
constant hardness and hardening depths for different material thicknesses can be achieved

simultaneously.

Table 7.11: Hardness measurements of the single-track open-loop and closed-loop exper-
iment with a variable substrate thickness.

Average Hardness + [Standard Deviation] (HV1.00)

Open-loop Closed-loop

Thick substrate, Section 1 to 3 396+[4] 362+[4]
Thin substrate, Section 4 to 6  2244[4] 300=£[3]

Concluding Remarks

The integration of the 2D thermal dynamic model with MPC represents a unique ap-
proach in the literature, showcasing the potential of combining predictive numerical mod-
eling with advanced control techniques for LMP processes. Utilizing MPC, real-time con-
trol of process parameters based on model predictions enables precise control over key
variables such as the peak temperature. Experimental results demonstrate that an MPC
algorithm using the 2D thermal dynamic model for real-time peak temperature control is
highly effective in achieving consistent hardness during the LHT process. Moreover, the
MPC significantly increases the consistency of microstructure and quality of processed
substrates by eliminating process disturbances and accurately following the reference tra-
jectory for all experiments. Most experiments resulted in a constant hardening depth and

hardness value, showcasing the robust performance of the developed MPC algorithm.

However, it is important to acknowledge that the simplicity of the 2D model may
lead to prediction errors, particularly in complex and dynamic manufacturing scenar-
ios. These errors can significantly impact control performance, potentially leading to

deviations from desired microstructural outcomes. Therefore, while the 2D model pro-
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vides a valuable foundation for control strategies, its limitations highlight the necessity
of implementing adaptive models within the MPC framework. By incorporating adap-
tive models, MPC can dynamically adjust to changing process conditions, mitigating the
impact of prediction errors and enhancing control accuracy. This adaptive approach en-
sures robust performance across a broader range of manufacturing scenarios, addressing

the uncertainties inherent in LMP processes.

Furthermore, the experiment with a variable substrate thickness resulted in different
hardness values for each material thickness while achieving a similar hardening depth.
This reduced performance is attributed to different effective cooling rates at different
material thicknesses. To address this issue, the MPC algorithm will be improved by
incorporating spatial cooling rate control. This advancement will result in a new MIMO
algorithm that simultaneously controls both the temperatures and cooling rate by ad-
justing laser power and traveling speed, improving process stability and achieving more

consistent material characteristics of parts manufactured with LMP processes.

In summary, integrating the 2D thermal model with MPC provides a promising ap-
proach for real-time control of thermal dynamics to achieve consistent microstructure
during LMP processes. However, to fully harness its potential, the implementation of
adaptive models within the MPC framework, particularly through MIMO control, is
essential. This adaptive approach ensures robust performance during manufacturing,
addressing the complexities and uncertainties inherent in LMP processes and enabling

consistent material characteristics of parts manufactured with LMP processes.
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7.2.2 Closed-Loop LDED Process with AMPC

In total, four five-layer LDED wall experiments were conducted to assess the performance
of the adaptive model predictive control (AMPC) algorithm and explore the impact of
various control strategies. Additionally, the potential of MIMO control in achieving
consistent material characteristics during the LDED process has been evaluated. The
first two experiments, depicted in Figure 7.21, consist of an open-loop experiment and
a closed-loop temperature control experiment. The subsequent two experiments, shown
in Figure 7.22, include a closed-loop spatial cooling rate control experiment and a si-
multaneous closed-loop temperature and spatial cooling rate control experiment. Both
substrates have been cut at three locations each, as shown in Figure 7.21 and Figure 7.22,
to analyze the microstructure and hardness values across all four experiments.

Cross Cross Cross
| Section 1 . | Section 2 . | Section 3 .

Open-Loop

Closed-Loop
Temp. Control

Figure 7.21: Carbon steel substrate with two five-layer LDED wall experiments: one in
open-loop and the other with closed-loop temperature control.
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Closed-Loop
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Closed-Loop Temp.
and VTemp. Control

Figure 7.22: Carbon steel substrate with two five-layer LDED wall experiments: one with
closed-loop controlled spatial cooling rate and the other with simultaneous closed-loop
controlled temperature and spatial cooling rate.
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LDED in open-loop.

In the open-loop experiment, a baseline understanding of the LDED process behavior
without the influence of feedback control is established. This provides important insights
into the inherent variability of thermal dynamics and their effects on the microstructure
and material characteristics. The temperature and spatial cooling rate results of the
LDED wall experiment in open-loop are depicted in Figure 7.23.
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Figure 7.23: Temperature and spatial cooling rate results of the five-layer LDED wall
experiment in open-loop.

As depicted in Figure 7.23, the temperature initially increases steadily with each layer
throughout the experiment until the metal melts. This observed increase is attributed
to the nature of the IR camera, which can accurately measure the solidified temperature
but faces limitations when the melt pool expands, leading to a constant value in the

measured temperature as it enters the molten region. Meanwhile, the spatial cooling
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rate shows a slight increase for the first two layers. However, with each subsequent layer,
the spatial cooling rate experiences a notable decrease. This decline can be attributed to
heat accumulation within the deposition, leading to reduced cooling efficiency. The accu-
mulation of heat alters the thermal dynamics, creating a feedback loop where increased

temperature leads to decreased cooling rates, further exacerbating heat accumulation.

The size and shape of the melt pool, as depicted by its edge position, can reveal
intricate details about the thermal behavior and material deposition dynamics that may
not be fully captured by temperature and spatial cooling rate measurements alone. In
Figure 7.24, the position of the melt pool edge at 1200 °C during the corresponding
open-loop experiment is illustrated. As shown in this figure, the melt pool trailing edge
position moves to the left with each subsequent layer, as indicated by the decrease in
horizontal pixel location in the IR image. This observation indicates an expansion of the
melt pool size due to the rapid accumulation of heat during the wall experiment, which

can cause the remelting of previously solidified layers.

Melt Pool Trailing Edge Position at 1200°C
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Figure 7.24: Melt pool edge position at 1200 °C during the five-layer LDED wall exper-
iment in open-loop.

The observation of heat accumulation could promote the formation of larger grains or
dendritic structures due to prolonged exposure to elevated temperatures. Additionally,
the remelting of previously solidified layers between deposition passes can significantly
affect the microstructure of the final part. Remelting introduces thermal cycling and vari-

ations in cooling rates, which can lead to heterogeneous microstructural features such as
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grain boundaries, phase transformations, and residual stresses. Moreover, microstruc-
tural variations induced by remelting can significantly influence material properties, in-
cluding hardness. To gain insights into the effects of remelting on material characteris-
tics, hardness measurements are taken from the three cross sections and are presented in
Figure 7.25. Additionally, corresponding boxplots of the hardness measurements across
deposition heights can be found in Figure C.7 of Appendix C.1.

Vickers Hardness Measurements of the Open-Loop Experiment
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Figure 7.25: Hardness measurements from the three cross sections of the five-layer LDED
wall experiment in open-loop.

The hardness measurements reveal notable differences between the first and subse-
quent layers. The average hardness of the first layer is approximately 465 HV, while the
subsequent layers exhibit an average hardness of around 525 HV. This increase in hard-
ness coincides with a significant decrease in the spatial cooling rate. Therefore, the heat
accumulation became a significant issue by the third layer, indicating remelting of the
second layer and contributed to the hardness disparity. This increase in hardness in the
subsequent layers can thus be attributed to the effects of remelting on the microstructure.
Effective mechanisms for controlling thermal dynamics are therefore crucial to mitigating

these challenges and ensuring consistent material properties.
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LDED with closed-loop controlled temperature.

In the closed-loop temperature control experiment, the laser power is adjusted in real-
time to maintain a consistent temperature at the edge of the melt pool. This approach
allows for an analysis of how temperature control affects the position of the trailing
melt pool edge, as well as heat buildup and its impact on microstructure and material
characteristics. Figure 7.26 presents the temperature and spatial cooling rate results
from the LDED wall experiment with closed-loop temperature control.

Five-Layer Wall Experiment Using SS 431 Powder
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Figure 7.26: Temperature and spatial cooling rate results of the five-layer LDED wall
experiment with closed-loop controlled temperature.

Figure 7.26 shows that during the first layer, the controller maximizes the laser power
to reach the desired temperature setpoint but fails to achieve it due to rapid heat dissipa-
tion from the cold substrate. However, as additional layers are deposited, the controller

effectively maintains the temperature setpoint by continuously adjusting the laser power.
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The spatial cooling rate analysis indicates relatively consistent cooling rates throughout
the process, with a modest decrease observed from the second layer to the final layer.
Despite this minor variation, the overall stability and consistency of the spatial cooling

rate highlight the effectiveness of the temperature control strategy.

In Figure 7.27, the real-time parameter estimation process of the 1D adaptive thermal
model during the experiment is depicted. This figure illustrates how the model parame-
ters are continually adjusted to align with the evolving thermal dynamics of the process.
Notably, as the thermal conditions fluctuate, the model parameters adapt accordingly,
ensuring an accurate representation of the system’s behavior. Moreover, during periods
of process stability, the model parameters exhibit relative steadiness, indicating the ef-
fectiveness of the parameter estimation approach in optimizing the model performance.
This adaptive capability underscores the robustness and versatility of the parameter es-
timation technique in facilitating precise control of the LDED process. Comparatively,
the nonadaptive MPC algorithm utilized in the LHT experiments lacks the capability to
dynamically adjust model parameters based on real-time process conditions. While the
nonadaptive approach may provide satisfactory control under stable operating conditions,
it will lack performance due to evolving process dynamics or disturbances. In contrast,
the adaptive parameter estimation technique used in the AMPC experiments enables the
control system to continuously update its internal model to reflect the current state of the
system, thereby enhancing adaptability and robustness in controlling the LDED process.
Given the inherently complex nature of the LDED process, characterized by variable
material compositions, intricate deposition geometries, and dynamic heat transfer phe-
nomena, the ability to adaptively adjust the model parameters becomes critical. This
adaptive capability allows the control system to respond accurately to changing process
conditions, ensuring optimal performance and consistent part quality across varying op-
erating scenarios. Therefore, the adaptive nature of the parameter estimation approach
represents a significant advancement in control strategy, offering improved stability and

performance over traditional nonadaptive methods.
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Adaptive Model Parameter Estimation
LDED Process with Closed-Loop Controlled Temp.
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Figure 7.27: Real-time parameter estimation of the five-layer LDED wall experiment
with closed-loop controlled temperature.

After analyzing the temperature and spatial cooling rate dynamics along with the
real-time parameter estimation process, the next step is to explore the melt pool edge
position at 1200 °C as depicted in Figure 7.28. In this figure, it is evident that for the
first layer, the position of the melt pool edge is notably shifted towards the right in the
IR image. This shift suggests that the melt pool size is relatively smaller compared to
the preferred melt pool size. This observation is consistent with the lower melt pool
temperature observed in Figure 7.26, indicating that the maximum laser power set by
the controller during the first layer is not sufficient to achieve the preferred melt pool
size. As subsequent layers are deposited, the position of the melt pool edge at 1200
°C aligns precisely with the AMPC control position. This alignment underscores the
effectiveness of laser power control in regulating the temperature at the edge of the melt
pool, resulting in a consistent location of the melt pool edge throughout the deposition
process. This consistency in melt pool edge position signifies the stability and precision
achieved through closed-loop temperature control, further highlighting the robustness of

the control strategy in maintaining the desired melt pool trailing edge position.
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Melt Pool Trailing Edge Position at 1200°C
LDED Process with Closed-Loop Controlled Temp.
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Figure 7.28: Melt pool edge position at 1200 °C during the five-layer LDED wall exper-
iment with closed-loop controlled temperature.

Figure 7.29 visualizes the hardness measurements from all three cross-sections of the
five-layer LDED wall experiment conducted under closed-loop controlled temperature
conditions. For a more comprehensive view of hardness distribution within each layer,
corresponding boxplots of hardness measurements across deposition heights are provided
in Figure C.8 of Appendix C.1. The figures reveal that the average hardness of the
first layer is approximately 450 HV, gradually decreasing to around 420 HV in the final
layers. Subtle reductions in hardness are also observed at the boundaries between lay-
ers, likely due to thermal effects associated with the deposition process. When a new
layer is deposited, the heat from the molten material can penetrate into the underlying
layers, causing localized reheating of the previous layer’s surface. This reheating can
induce annealing, leading to reduced hardness. Furthermore, it is important to note
that a sample from the first cross-section was accidentally flipped during preparation,
resulting in hardness measurements closer to the start of the wall, which may explain the
slightly higher hardness values observed in the first cross-section due to higher cooling
rates. Overall, a consistent trend of slight reduction in hardness for subsequent layers is
observed, aligning with the decrease in spatial cooling rate shown in Figure 7.26. This
trend is consistent with existing literature, which indicates that a reduction in cooling
rate leads to decreased hardness [48, 107, 17, 18, 50]. Additionally, the observed reduc-
tion in spatial cooling rate and hardness suggests that incorporating spatial cooling rate

control into the controller could further improve material characteristics and hardness.
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Vickers Hardness Measurements of the Closed-Loop Temp. Control Experiment
Cross Section 1 Cross Section 2 Cross Section 3
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Figure 7.29: Hardness measurements from the three cross sections of the five-layer LDED
wall experiment with closed-loop controlled temperature.

LDED with closed-loop controlled spatial cooling rate.

In the closed-loop spatial cooling rate control experiment, the traveling speed is controlled
in real-time to maintain a consistent spatial cooling rate in the solidified deposition region.
This setup allows for a detailed analysis of how variations in the spatial cooling rate affect
the microstructure and material characteristics. Figure 7.30 displays the temperature
and spatial cooling rate results from this LDED wall experiment. The figure reveals
similar trends to those observed in the open-loop experiment. During the first layer, the
temperature is below the setpoint, while subsequent layers show temperatures above the
setpoint, suggesting rapid heat buildup within the deposition layers, a pattern also seen
in the open-loop experiment. The similarity in temperature trends can be attributed
to the consistent amount of energy added per second in both experiments. In LDED,
the total energy added per second is determined by the energy deposition rate, which
is influenced by the laser power and feed rate, as well as heat dissipation. In both the

closed-loop spatial cooling rate control experiment and the open-loop experiment, laser
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power and feed rate are kept constant throughout the process, meaning the same amount
of energy is deposited per second, regardless of traveling speed. As a result, the heat
buildup within the part remains consistent. Interestingly, the initial layers show effective
control of the spatial cooling rate, achieved by adjusting the traveling speed to meet
the setpoint. However, as the experiment progresses, rapid heat accumulation leads to
a significant decline in the spatial cooling rate, necessitating a substantial increase in
traveling speed to compensate. Consequently, towards the end of the experiment, the
traveling speed becomes nearly three times higher than its initial value. Despite this, the
controller’s ability to adapt the traveling speed quickly is constrained by predefined limits
on its maximum adjustment rate. These constraints are intentionally set to avoid sudden,
large changes in traveling speed that could adversely affect material characteristics, such
as deposition geometry, potentially leading to porosity and defects.

Five-Layer Wall Experiment Using SS 431 Powder
LDED Process with Closed-Loop Controlled VTemp.
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Figure 7.30: Temperature and spatial cooling rate results of the five-layer LDED wall
experiment with closed-loop controlled spatial cooling rate.
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Similar to the open-loop experiment, comparable trends in the melt pool edge position
at 1200 °C are observable in the closed-loop controlled spatial cooling rate experiment, as
depicted in Figure 7.31. With each deposited layer, the melt pool trailing edge position
gradually shifts to the left, again indicative of rapid heat accumulation. However, in
comparison to the open-loop experiment, the melt pool edge position exhibits slightly
greater consistency between the second and fourth layers due to the controller actions.
Nevertheless, this consistency does not deviate from the overarching trend of increasing
melt pool size, attributed to the constant energy deposition throughout the experiment,
as observed in the open-loop scenario. Consequently, this suggests that solely controlling
the cooling rate without addressing the underlying heat buildup may not be sufficient
for effectively maintaining a constant spatial cooling rate.

Melt Pool Trailing Edge Position at 1200°C
LDED Process with Closed-Loop Controlled VTemp.
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Figure 7.31: Melt pool edge position at 1200 °C during the five-layer LDED wall exper-
iment with closed-loop controlled spatial cooling rate.

In Figure 7.32, the hardness measurements from the three cross sections of the five-
layer LDED wall experiment with closed-loop controlled spatial cooling rate are displayed.
Additionally, corresponding boxplots of the hardness measurements across deposition
heights can be found in Figure C.9 of Appendix C.1. Initially, a hardness of around
500 HV is observed, gradually increasing to approximately 560 HV in the final layers.
The initial hardness is lower compared to the open-loop experiment, whereas the final
hardness exceeds that of the open-loop experiment. The lower values observed at the

initial layers compared to the open-loop experiment may be attributed to a reduction in
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remelting, likely due to the higher speeds resulting in less time available for remelting.
Additionally, the higher cooling rates observed in the final layers compared to the open-
loop experiment could be due to a combination of remelting and higher cooling rates
resulting from the higher traveling speeds. These observations further highlight that
solely controlling the cooling rate without addressing the underlying heat buildup is not

sufficient to effectively maintain a constant spatial cooling rate during the process.

Vickers Hardness Measurements of the Closed-Loop VTemp. Control Experiment
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Figure 7.32: Hardness measurements from the three cross sections of the five-layer LDED
wall experiment with closed-loop controlled spatial cooling rate.

In this closed-loop spatial cooling rate control experiment for LDED, the traveling
speed is adjusted in real-time to maintain a consistent spatial cooling rate in the solidified
region of the deposition. This approach shares similarities with the method employed in
LHT experiments, where controlling the traveling speed ensures precise regulation of the
surface temperature and thermal dynamics during LHT. However, the rapid accumula-
tion of heat within the deposition layers presents a notable challenge unique to LDED,
despite similarities in the control method. While the LHT experiments demonstrated
the effectiveness of speed control in achieving uniform hardness, the dynamic nature of

heat transfer and accumulation in LDED processes introduces complexities that demand
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a more comprehensive control strategy. Therefore, addressing underlying heat buildup
necessitates a MIMO control framework. By integrating simultaneous temperature and
cooling rate control, as also mentioned with the LHT experiments, the LDED process
can achieve enhanced thermal stability, ensuring consistent material characteristics across

various process conditions.

LDED with closed-loop controlled temperature and spatial cooling rate.

In the closed-loop controlled temperature and spatial cooling experiment, both laser
power and traveling speed are controlled in real-time to simultaneously maintain a con-
sistent temperature at the edge of the melt pool and a consistent spatial cooling rate in the
solidified region of the deposition. This approach allows for a comprehensive investigation
of their combined effect on the microstructure and material characteristics. Moreover, it
offers insights into how MIMO control can potentially enhance the microstructure and
material characteristics compared to single-input single-output (SISO) control strategies.
The temperature and spatial cooling rate results of the LDED wall experiment with si-
multaneous closed-loop controlled temperature and spatial cooling rate are shown in Fig-
ure 7.33. In this figure, the controller initially struggles to reach the temperature setpoint
during the first layer due to heat dissipation from the cold substrate, which is similar
to the SISO closed-loop temperature control experiment. However, due to the slower
traveling speed during the first layer, the temperature is closer to the setpoint compared
to the SISO temperature control experiment. Furthermore, the controller demonstrates
accurate control over the spatial cooling rate for the first layer. As subsequent layers are
deposited, the controller showcases its advanced capabilities by effectively maintaining
both the temperature and spatial cooling rate at the required setpoints through simul-
taneous control of both the laser power and traveling speed. Notably, the changes in
traveling speed to compensate for spatial cooling rate variations are minimal, indicating
the added benefit of temperature control in reducing heat accumulation. This under-
scores the importance and advantage of employing MIMO control strategies, which offer

enhanced control over the LDED process compared to SISO strategies.
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Five-Layer Wall Experiment Using SS 431 Powder
LDED Process with Closed-Loop Controlled Temp. and VTemp.
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Figure 7.33: Temperature and spatial cooling rate results of the five-layer LDED wall
experiment with closed-loop controlled temperature and spatial cooling rate.

In Figure 7.34, the real-time parameter estimation process of the 1D adaptive thermal
model during the MIMO experiment is depicted. The figure shows the continuous adjust-
ments made to the model parameters to accurately reflect the evolving thermal dynamics,
ensuring precise control of the LDED process. These results reaffirm the effectiveness
of the parameter estimation approach in optimizing model performance and underscore
its robustness and versatility in facilitating accurate control. Notably, in MIMO control
scenarios, where multiple inputs and outputs are interconnected, the adaptability of the
model becomes even more crucial. Without an adaptive model, the dynamics between
different process variables may change over time, leading to inaccuracies and instabil-
ity in the model predictions and control output. However, with an adaptive model, as
demonstrated here, the control system can adapt to these changing dynamics, ensuring

stability and optimal performance even in complex MIMO control scenarios.

167



Adaptive Model Parameter Estimation
LDED Process with Closed-Loop Controlled Temp. and VTemp.
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Figure 7.34: Real-time parameter estimation of the five-layer LDED wall experiment
with simultaneous closed-loop controlled temperature and spatial cooling rate.

Similar to the SISO closed-loop temperature control experiment, comparable trends
in the melt pool edge position at 1200 °C are observable in the MIMO control experiment,
as depicted in Figure 7.35. The melt pool is slightly shifted to the right in the IR im-
age. Nonetheless, this shift is less compared to the SISO closed-loop temperature control
experiment. Moreover, the position of the melt pool edge at 1200 °C during the subse-
quent layers aligns precisely with the AMPC control position. This again underscores
the effectiveness of controlling the temperature at the edge of the melt pool, resulting in
a consistent location of the melt pool edge throughout the deposition process.

Melt Pool Trailing Edge Position at 1200°C
LDED Process with Closed-Loop Controlled Temp. and VTemp.
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Figure 7.35: Melt pool edge position at 1200 °C during the five-layer LDED wall exper-
iment with simultaneous closed-loop controlled temperature and spatial cooling rate.
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The figures presented in Figure 7.36 showcase hardness measurements obtained from
three cross sections of the five-layer LDED wall experiment conducted under closed-
loop controlled temperature and spatial cooling rate conditions. Corresponding boxplots
detailing hardness measurements across deposition heights can be found in Figure C.10 of
Appendix C.1. Examination of these figures reveals a remarkable consistency in hardness
values, averaging around 460 HV across all three cross sections and deposition layers.
Additionally, slight reductions in hardness at layer boundaries, similar to those in the
SISO closed-loop temperature control experiment, are observed. This is likely caused by
localized reheating of the previous layer’s surface, which induces annealing. Nonetheless,
the consistency in hardness throughout the manufactured wall highlights the importance
of maintaining a consistent temperature and spatial cooling rate throughout the process
via real-time control of laser power and traveling speed. Moreover, the stability and
uniformity achieved during the process, enabled by the MIMO control capabilities and
the adaptive nature of the AMPC algorithm, underscore the unique advantages of this

control technique over traditional methods.

Vickers Hardness Measurements of the Closed-Loop Temp. and VTemp. Control Experiment
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Figure 7.36: Hardness measurements from the three cross sections of the five-layer LDED
wall experiment with closed-loop controlled temperature and spatial cooling rate.
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Comparative analysis of all four LDED experiments

In this subsubsection, a comparative analysis of the four LDED wall experiments is
conducted. The analysis focuses on several key aspects: analyzing melt pool images from
each layer to understand the melt pool dynamics; evaluating height measurements to
assess the influence of process parameters on the final part; and examining the mean
hardness across deposition height to provide a comprehensive comparison of the four

experiments.

A detailed comparison of melt pool evolution across deposition layers for all four
LDED experiments is provided in Table 7.12. The table presents cropped images from
the IR camera, showcasing the melt pool of each layer for the four LDED wall experi-
ments. Moreover, each image includes a vertical red line indicating the melt pool trailing
edge position at 1200 °C, corresponding to the same position presented in the previous
figures. Upon analyzing these red lines across the four experiments, a consistent trend
emerges, mirroring the observations from the images displaying the melt pool position
in previous subsections. Notably, in the open-loop experiment, the trailing edge position
shifts progressively to the left with each layer, indicating a significant heat buildup over
time. Similarly, this trend is observed, though to a lesser extent, in the spatial cool-
ing rate control experiment, suggesting again a high degree of heat accumulation. In
contrast, both the closed-loop temperature control and MIMO temperature and spatial
cooling rate control experiments exhibit a stable melt pool trailing edge position after the
first layer. This consistency shows a successful mitigation of heat accumulation, resulting

in minimal variation in the melt pool position throughout subsequent layers.
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Table 7.12: Comparison of melt pool evolution across deposition layers for all four LDED
Experiments.

Open-Loop T Control VT Control T+VT Control

Layer 1

Layer 2

Layer 3

Layer 4

Layer 5

Upon comparing the brightness of the melt pool trailing edge across the experiments,
a notable observation emerges. Experiments conducted with constant laser power exhibit
a significantly brighter trailing edge, signifying significant heat accumulation within the
deposition and also a reduction in cooling rate. Moreover, alongside the increase in
brightness, the whole melt pool size increased as well. This expansion in melt pool size
could have implications for the height of each layer deposited. A wider melt pool in
LDED can cause the layer height to be reduced. When the heat causes the melt pool to
widen, the same amount of material is spread over a larger horizontal area. As a result,

there is less material available to build up the height of the deposited layer. Therefore,

171



the height of each layer may decrease due to the widening of the melt pool. Moreover,
the increased melt pool size also causes previous layers to remelt, affecting their material
properties. This has been observed in experiments with excessive heat buildup from
constant laser power, as shown in the hardness measurements discussed earlier. This
underscores the critical relationship between process parameters, heat management, and
resulting material properties. The excessive heat accumulation not only influences the
geometry of the deposited layers but also has tangible effects on material characteristics,
such as hardness. Therefore, addressing issues related to heat buildup is essential for
achieving desired material properties and ensuring the overall quality of the additive

manufacturing process.

While the melt pool widens in experiments where temperature is not controlled, lead-
ing to heat buildup and subsequent issues such as reduced layer height and material
remelting, experiments with temperature control exhibit a contrasting effect. In these
controlled experiments, the melt pool width tends to narrow with each subsequent de-
position layer, while the position of the melt pool trailing edge remains consistent across
deposition layers. This narrowing is most likely attributed to the characteristics of the
Gaussian laser beam of the LMP setup used in the experiments. Gaussian beams typi-
cally have a higher energy density at the center, gradually tapering off towards the edges.
Therefore, reducing the laser power effectively diminishes the energy at the sides of the
deposition, resulting in a narrower melt pool width. This phenomenon indicates that the
observed narrowing of the melt pool width in experiments with temperature control is
most likely attributed to the inherent characteristics of the Gaussian laser beam rather
than solely to temperature control. Moreover, the use of a lateral nozzle in the LMP
setup further amplifies this effect. With reduced energy at the sides of the deposition,
the powder may not be effectively melted at the edges, contributing to the observed
narrowing of the melt pool width. The lack of melting of the powder is evident in the
images by the bright spots alongside both sides of the deposition, which are not visible
in the experiment without laser power control. These bright spots indicate areas where
the powder has not fully melted, further highlighting the impact of laser power control
on the melt pool width and deposition quality.
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Height measurements have been taken from the four experiments utilizing digital im-
age correlation (DIC), a non-contact optical technique for measuring surface deformations
and displacements. With DIC, precise measurements of the deposition height at various
locations along the deposition length are achieved, boasting an accuracy of approximately
0.01 mm. Figure 7.37 illustrates the deposition height measurements across the deposi-
tion length for all four five-layer LDED wall experiments. In comparison, the open-loop
experiment exhibits an average layer height of 4.9 mm, while the temperature control
experiment achieves a slightly higher average layer height of 5.4 mm. Conversely, the
experiment with only spatial cooling rate control demonstrates the lowest layer height,
averaging 4.2 mm. This reduction in layer height compared to the open-loop experiment
is mainly attributed to a substantial increase in traveling speed, leading to reduced mate-
rial deposition per unit length. Significantly, the MIMO control experiment achieved the
highest average height of 4.8 mm, outperforming the others and showing the achievement
of effective controlling the temperature and spatial cooling rate simultaneously. Further-
more, it is intriguing that despite the smaller melt pool associated with the Gaussian
beam characteristics, both experiments with temperature control still achieved a higher
average layer height compared to the experiments with a constant later power. This
indicates that factors beyond just melt pool size, such as precise control over tempera-
ture gradients and deposition parameters, play crucial roles in determining the final layer
height.

DIC Height Measurements of All Four Wall Experiments
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Figure 7.37: DIC deposition height measurements across deposition length for of all four
five-layer LDED wall experiments.
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In Figure 7.38, the mean hardness measurements across the deposition height for all
four five-layer LDED wall experiments are depicted. This figure provides a comprehen-
sive overview of the material properties throughout the deposition process. Observing the
lines in the figure, it can be noted that the initial hardness of the open-loop experiment
is similar to that of both experiments with temperature control. However, after the first
layer, there is a significant increase in mean hardness, consistent with previous observa-
tions. This increase aligns with the lower layer heights and extreme heat accumulation
observed, which can lead to remelting, which can significantly alter the material proper-
ties and increase the hardness. Therefore, it can be concluded that remelting is indeed
the cause of the increase in hardness observed in subsequent layers. Similar reasoning
can be applied to the spatial cooling rate control experiment. The mean hardness of
this experiment also shows a significant increase compared to the two experiments with
temperature control. Additionally, similar heat accumulation was observed, indicating
an increase in hardness due to the presence of remelting. In contrast, the mean hardness
of the temperature control experiments gradually reduces at higher depositions. This re-
duction coincides with a slow decrease in cooling rate previously observed in each layer,
which reduces the hardness. On the other hand, the mean hardness remains relatively
constant throughout the deposition height in the MIMO control experiment. This con-
sistency highlights the effectiveness of MIMO control in maintaining uniform material
properties, further underscoring its significance.

Mean Vickers Hardness of All Four Wall Experiments
Mean Hardness Values Across Deposition Heights from All Three Cross Sections
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Figure 7.38: Mean hardness measurements from the three cross sections of all four five-
layer LDED wall experiments.
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Concluding Remarks

The comparative analysis of the four LDED experiments provides crucial insights into
how process parameters affect melt pool dynamics, layer height, and material properties.
The trends observed underscore the importance of controlling the thermal dynamics to
prevent issues such as heat accumulation and remelting, which can significantly influence
final material characteristics. Additionally, the superiority of MIMO control in maintain-
ing uniform material properties throughout the deposition process is evident, highlighting
its role in ensuring consistent part quality in LDED. This research not only deepens the
understanding of the LDED process but also emphasizes the critical role of advanced

control strategies, like MIMO, in improving process stability and product reliability.

The advancements demonstrated in this study, especially in MIMO model-based con-
trol, represent a significant improvement over traditional SISO and error-based control
methodologies. While non-adaptive approaches may falter in maintaining stability dur-
ing evolving process dynamics, the adaptive nature of MIMO control facilitates real-time
adjustments in response to changing conditions, thereby ensuring robustness and reli-
ability in controlling intricate LDED processes. Furthermore, MIMO control offers a
holistic solution compared to SISO methods by considering multiple inputs and outputs
simultaneously. Thereby, enabling real-time control of multiple process features ensures
improved consistency in material characteristics within LMP processes. Moreover, the
integration of numerical models further enhances the efficacy of MIMO control by pro-
viding a more accurate depiction of the dynamic behavior of the LDED process. This
adaptive numerical approach enables precise correlation and adjustment of multiple pro-

cess variables, leading to notable improvements in control performance and part quality.

However, despite these advancements, several limitations and areas for future research
emerge. The observed inconsistencies in material characteristics, particularly regarding
the reduced deposition width with each layer due to the reduction in laser power, un-
derscore the need for further investigations using alternative laser setups. Additionally,
while height measurements were taken, deviations in height were observed, indicating the

need for direct height control. In addition, it is important to acknowledge that adjusting
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the process traveling speed directly affects the layer height, a factor that has not been
thoroughly investigated. To ensure a uniform layer height, direct control of other process
parameters, such as powder feed rate, is required. Consequently, controlling additional

process parameters beyond temperature and spatial cooling rate becomes necessary.

Furthermore, while the 1D adaptive model has been validated for multiple feedstock
materials, the current AMPC algorithm has only been validated for one feedstock mate-
rial. Moreover, the AMPC algorithm is only validated for one LMP process with a single
deposition geometry, Therefore, the AMPC algorithm requires further validation across
various systems, processes, materials, and deposition geometries to comprehensively as-
sess the potential and limitations of this process control methodology. Moreover, the
current research focuses on simultaneous control of two process parameters, yet numer-
ous other factors such as powder feed rate, layer thickness, layer spacing, travel direction,
and material composition significantly impact final material characteristics. Integrating
more process parameters and models into the MIMO AMPC algorithm is essential to

further improving the consistency of the material characteristics.

Importantly, addressing these limitations and executing the outlined future research
steps are crucial to unlocking the full potential of MIMO AMPC in advanced manu-
facturing processes and achieving complete consistency and repeatability in the material
characteristics. Furthermore, while this research focuses on laser-based processes, similar
methodologies can be applied to other processes with a concentrated energy source, such
as electron beam processes, electric arc processes, and plasma arc processes. By con-
ducting further investigations into alternative setups, validating the AMPC algorithm
across diverse systems and deposition geometries, integrating additional models and pro-
cess parameters into the control algorithm, and extending the methodology to a broader
range of manufacturing techniques, including welding, cladding, additive manufacturing,
and other processes, the full capabilities of the MIMO AMPC for enhancing the quality
and reliability of advanced manufacturing processes can be achieved. Moreover, the de-
velopment and implementation of MIMO AMPC algorithms will not only contribute to
advancing the field of advanced manufacturing but also pave the way for the widespread

adoption of advanced manufacturing across various industries.
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7.3 Chapter Summary

This chapter presents the results of experiments conducted to validate the thermal dy-
namic models and MPC algorithms developed in the preceding chapters. The aim is to
assess their effectiveness, reliability, and practical utility in improving process stability
and ensuring consistent material properties. Initially, the results and discussions of ex-
periments assessing the real-time thermal dynamic prediction capabilities of developed
thermal models in both LHT and LDED processes are presented. First, the predictive ac-
curacy of non-adaptive and adaptive 2D thermal models in LHT are compared, revealing
that while the non-adaptive model demonstrates improved accuracy compared to existing
models in literature, the adaptive model significantly improves accuracy by dynamically
adjusting parameters in real-time, particularly mitigating errors caused by heat accu-
mulation. Second, the 1D adaptive thermal model is evaluated across four experiments
with different deposition materials. Despite the complexity of the thermal dynamics in
LDED, the adaptive model is able to effectively track real-time thermal dynamic changes,
closely matching process measurements. Overall, these findings underscore the poten-
tial of adaptive thermal models for enhancing prediction accuracy in LMP processes and

broader applicability, including their suitability for model-based control applications such
as MPC.

Subsequently, the results and discussions of experiments assessing real-time thermal
dynamic control in both LHT and LDED processes using MPC algorithms. With the
LHT experiments, the peak temperature control for consistent microstructure under var-
ious conditions is analyzed. These experiments include single-track experiments with
stepped setpoint temperatures and variations in substrate thickness, as well as multi-
track experiments. The MPC algorithm effectively controls peak temperatures, achieving
consistent hardness and hardening depth, as validated through microscopy and hardness
measurements. With the LDED experiments, four experiments were conducted, including
open-loop and closed-loop temperature control, closed-loop spatial cooling rate control,
and simultaneous closed-loop temperature and spatial cooling rate control. Comparative

analysis of these experiments revealed insights into melt pool dynamics, layer height, and
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material properties. Observations indicate that the experiments that included temper-
ature control exhibit stable melt pool dynamics and consistent layer heights compared
to a reduced layer height with the experiments using constant laser power. However,
the experiments that included temperature control showed a narrowing of the melt pool
width due to the Gaussian laser beam characteristics, leading to a reduced melt pool
width. In contrast, using constant laser power results in wider melt pools, reducing
layer heights and material remelting, which increases hardness. Moreover, SISO temper-
ature control is not enough to achieve uniform material properties. Whereas the MIMO
control experiment demonstrated superior performance in maintaining uniform material

properties.

This MIMO AMPC approach marks a significant improvement over traditional non-
adaptive, SISO, and error-based control methodologies by enabling real-time control of
multiple process features, facilitating real-time adjustments in response to changing con-
ditions, and improving the efficacy of MIMO control due to the integration of numerical
models. Therefore, the implementation of MIMO AMPC is critical in ensuring consistent
material characteristics in parts manufactured with LMP processes. Nonetheless, limi-
tations and areas for future research are identified. These include the need for further
investigation into alternative laser setups, direct control of process parameters affecting
layer height, validation of the AMPC algorithm across different materials and process
geometries, and integration of additional process parameters into the control algorithm.
Addressing these will enhance the consistency and repeatability of material characteristics
in LMP processes and pave the way for widespread adoption of advanced manufacturing

processes in various industries.
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Chapter 8

Conclusions and Future Work

8.1 Conclusions

The primary objective of this research was to develop an adaptive model predictive control
(AMPC) algorithm designed for real-time control of thermal dynamics in laser material
processing (LMP) processes. This approach aims to indirectly control the microstructure
through real-time monitoring, prediction, and control of the thermal dynamics. Through
systematic development and integration of adaptive thermal models and model predictive
control (MPC) algorithms, this study has successfully developed and implemented an
AMPC algorithm, demonstrating its effectiveness, including multi-input multi-output
control, in enabling consistent microstructure throughout the manufactured part in LMP

processes. The conclusions and contributions of this work are summarized as follows:

e A two-dimensional (2D) adaptive thermal model was developed for real-time pre-
diction of peak temperature and spatial cooling rate during the laser heat treatment
(LHT) process. This model, which is based on a numerical approach, surpasses the
accuracy and adaptability of models found in existing literature, thereby marking
a significant advancement in the field. Experimental results using two different ma-
terials demonstrate the model’s impressive prediction accuracy, with average peak

temperature and spatial cooling rate prediction errors of only +0.8 % and +5.2 %,
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respectively. Notably, the average peak temperature prediction error is within the
thermal camera’s accuracy of =1 %, underscoring the model’s reliability. Moreover,
the average spatial cooling rate prediction error falls within an acceptable range
that has negligible effects on material properties. The developed adaptive thermal
model showcases both exceptional accuracy and computational efficiency, render-
ing it highly suitable for real-time AMPC applications. Furthermore, its ability
to effectively address thermal dynamic changes in real-time enhances its utility in
ensuring consistent and high-quality parts in LMP processes. This model, there-
fore, stands as a testament to the potential of numerical models in revolutionizing

real-time prediction and control in advanced manufacturing processes.

Building on the success of the prior 2D model, a novel one-dimensional (1D) adap-
tive thermal model was developed to precisely predict and control thermal dynam-
ics during laser-directed energy deposition (LDED) processes. Leveraging insights
gleaned from the prior 2D model, this innovative approach represents a signifi-
cant leap forward in precision, adaptability, and computational efficiency. Exper-
imental results across four distinct deposition materials demonstrated remarkable
precision in predicting temperature and spatial cooling rate, with temperature pre-
dictions consistently falling within the +1 % accuracy range of infrared camera
measurements across all four experiments. Moreover, spatial cooling rate pre-
dictions demonstrate exceptional alignment with thermal measurements, with a
maximum prediction error of just 2.78%. This level of precision is a testament to
the model’s superior predictive capabilities. These advancements position the 1D
adaptive thermal model as a valuable tool for optimizing LDED processes, offer-
ing enhanced predictive capabilities, computational efficiency, and suitability for
real-time control applications such as AMPC. This model, therefore, stands as a
significant contribution to the field of numerical models for real-time prediction and

control applications.
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e An MPC algorithm, utilizing a 2D numerical model, has been developed for real-
time peak temperature control in LHT. This algorithm is designed to achieve con-
sistent hardness during the LHT process, thereby enhancing the quality and re-
liability of the final product. The MPC algorithm was able to eliminate process
disturbances and accurately follow the reference trajectory for all experiments. As
a result, most experiments resulted in a constant hardening depth and hardness
value. In addition, experiments showed that controlling the peak temperature at
specific setpoints results in specific local hardness and hardening depth, underscor-
ing the precision and adaptability of the developed MPC algorithm. Therefore, the
developed MPC algorithm has been found to be extremely effective and, at the
same time, computationally efficient for real-time peak temperature control dur-
ing LHT. Moreover, the integration of computationally efficient numerical models
with advanced control strategies represents a revolutionary approach for optimizing
the material characteristics LMP processes, paving the way for more reliable and

efficient production of high-quality components.

e An AMPC algorithm, which incorporates an 1D numerical model, has been de-
veloped for real-time simultaneous control of temperature and spatial cooling rate
in LDED to achieve consistent material characteristics in the manufactured part.
By building upon the insights gained from previous models and control strate-
gies developed for LHT, this innovative method allows for the precise control of
several process parameters simultaneously. Experimental validation confirms the
AMPC algorithm’s efficacy in maintaining stable melt pool dynamics, consistent
layer heights, and uniform material properties during the deposition process. The
integration of the 1D adaptive thermal model further enhances its predictive ac-
curacy and enables dynamic adjustments to evolving process conditions. These
advancements signify a major shift in process control methodologies for LMP pro-
cesses, offering unprecedented levels of process stability and reliability in producing
high-quality parts. Consequently, the AMPC algorithm has the potential to revo-
lutionize the advanced manufacturing industry, given its unique capability to guar-

antee uniformity and consistency in the material characteristics of LMP processes.
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In summary, this research has achieved significant advancements in the field of process
control in LMP. The development and integration of adaptive thermal models and MPC
algorithms have enabled precise control over thermal dynamics, resulting in consistent
material characteristics in LMP processes. Specifically, a 2D adaptive thermal model was
developed for real-time prediction of peak temperature and spatial cooling rate during
the LHT process, showcasing exceptional accuracy and computational efficiency. Subse-
quently, a novel 1D adaptive thermal model was introduced for precise prediction and
control of thermal dynamics in LDED processes, demonstrating remarkable precision and
enhancing predictive capabilities. Moreover, an MPC algorithm utilizing a 2D numerical
model was developed for real-time peak temperature control during LHT, significantly
improving the consistency of microstructure and quality of processed samples. Notably,
an AMPC algorithm employing a 1D numerical model was developed for simultaneous
control of temperature and spatial cooling rate in LDED, revolutionizing process con-
trol methodologies by offering unprecedented levels of control, stability, and reliability.
Moreover, the versatility and simplicity of the AMPC methodology extend its applica-
bility beyond LMP processes, facilitating adoption in various advanced manufacturing
processes utilizing concentrated energy sources such as electron beam, electric arc, and
plasma arc processes. The scalability of the AMPC methodology underscores its po-
tential to revolutionize advanced manufacturing by ensuring consistent and reproducible

material characteristics in manufactured parts across the entire industry.
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8.2 Future Work

To advance this work and further enhance the performance, versatility, and scalability
of the AMPC methodology outlined in this study, the following recommendations are
proposed:

e Broader Validation Across Systems: The current validation of the AMPC
algorithm has been limited to a single material and process configuration. However,
to comprehensively evaluate its robustness and generalizability, it is essential to
extend validation efforts beyond these constraints. This includes validating the
algorithm across a broader range of systems, processes, materials, and deposition
geometries representative of diverse advanced manufacturing scenarios. Conducting
a much wider validation study enables a deeper understanding of the algorithm’s
performance under various operating conditions. This comprehensive validation
approach is crucial for ensuring that the AMPC algorithm remains effective and
reliable across a wide spectrum of real-world manufacturing environments, thereby
enhancing its practical utility and applicability in the advanced manufacturing

industry.

e Enhance Predictive Models: Continuously refining and expanding the predic-
tive models underlying the AMPC algorithm is crucial for enhancing its accuracy,
adaptability, and predictive capabilities across diverse process conditions and mate-
rials. While refining the existing 1D numerical model to better capture the intricate
thermal dynamics of LMP processes remains essential, expanding the model to in-
corporate additional process variables can provide deeper insights into the complex
relationships between various process parameters. This holistic approach to model
refinement and expansion will not only improve the algorithm’s predictive capabil-
ity and accuracy but also open the door to the simultaneous control of multiple
parameters in advanced manufacturing processes, improving process stability and
thereby enhancing the consistency of the material characteristics of parts manufac-

tured with advanced manufacturing processes.
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¢ Expand Control Capabilities: While the AMPC algorithm demonstrates effec-
tive simultaneous control of temperature and spatial cooling rate, there is potential
to enhance its capabilities further by integrating additional process parameters into
the control framework. Examples of such parameters include material feed rate,
layer spacing, layer thickness, and travel direction, among others. Incorporating a
wider range of process variables into the AMPC algorithm would not only optimize
the complete set of material characteristics but also improve overall process stabil-
ity and repeatability. Moreover, the possibility of accommodating a broader range
of process variables distinguishes the AMPC methodology from traditional control
methods, underscoring its adaptability and effectiveness in optimizing advanced

manufacturing processes.
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Appendix A

Laser Heat Treatment Process

Parameters

A.1 Thermal Dynamic Predictions in LHT with a
2D Adaptive Thermal Model

Table A.1: The process parameters of the five different LHT experiment cases conducted
with the carbon steel substrate.

Expt Case | Speed [mm/s] | Power [W] | Time [s]
CS Vi1 Vo V3 P1 P2 P3 tl tz

Const 2.92 400

Ustep 2.92 208 1.25]| 350 25 50

— 2.02 1.25 350 72

Pitep 2.92 300 350 400 | 17 34

Pramp 2.92 300 400 35
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Table A.2: The process parameters of the five different LHT experiment cases conducted

with the stainless steel substrate.

Expt Case | Speed [mm/s] | Power [W] | Time [s]

SS ‘ Vi Vo V3 ‘ P, P, Pj ‘ ty to
Const 2.92 300

Ustep 2.92 2.08 1.25]| 300 25 50
Uramp 2.92 1.25 300 80
Pitep 2.92 300 350 400 |17 34
Pramp 2.92 300 400 35

219



Appendix B

Laser Heat Treatment Experiments
Results

B.1 Real-Time Thermal Dynamic Prediction Exper-
iments Results with a CS Substrate

220



LHT Process M easurements and Adaptive Model Predictions
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Figure B.1: Real-time peak temperature and cooling rate comparison between the 2D
adaptive thermal model predictions and the LHT process measurements during the C'onst
experiment with a carbon steel substrate.
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Figure B.2: Real-time parameter estimation during the C'onst experiment with a carbon
steel substrate.
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Figure B.3: Real-time peak temperature and cooling rate comparison between the 2D
adaptive thermal model predictions and the LHT process measurements during the Pramp
experiment with a carbon steel substrate.
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Figure B.4: Real-time parameter estimation during the P,mp experiment with a carbon
steel substrate.
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Py, Experiment with a CS Substrate
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Figure B.5: Real-time peak temperature and cooling rate comparison between the 2D
adaptive thermal model predictions and the LHT process measurements during the Py
experiment with a carbon steel substrate.
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Figure B.6: Real-time parameter estimation during the Py, experiment with a carbon
steel substrate.
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Ustep Experiment with a CS Substrate
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Figure B.7: Real-time peak temperature and cooling rate comparison between the 2D
adaptive thermal model predictions and the LHT process measurements during the vgep
experiment with a carbon steel substrate.
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Figure B.8: Real-time parameter estimation during the vy, experiment with a carbon
steel substrate.
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B.2 Real-Time Thermal Dynamic Prediction Exper-

iments Results with an SS Substrate

LHT Process M easurements and Adaptive Model Predictions
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Figure B.9: Real-time peak temperature and cooling rate comparison between the 2D
adaptive thermal model predictions and the LHT process measurements during the C'onst
experiment with a stainless steel substrate.
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Figure B.10: Real-time parameter estimation during the C'onst experiment with a stain-
less steel substrate.
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Figure B.11: Real-time peak temperature and cooling rate comparison between the 2D
adaptive thermal model predictions and the LHT process measurements during the Pamp
experiment with a stainless steel substrate.

226



Adaptive Model Parameter Estimation
P,amp Experiment with an SS Substrate
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Figure B.12: Real-time parameter estimation during the P,nm,p experiment with a stainless
steel substrate.
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Figure B.13: Real-time peak temperature and cooling rate comparison between the 2D
adaptive thermal model predictions and the LHT process measurements during the vyamp
experiment with a stainless steel substrate.
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Adaptive Model Parameter Estimation
Uramp Experiment with an SS Substrate
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Figure B.14: Real-time parameter estimation during the vy,m, experiment with a stainless
steel substrate.

LHT Process M easurements and Adaptive Model Predictions
Ustep EXperiment with an SS Substrate
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Figure B.15: Real-time peak temperature and cooling rate comparison between the 2D
adaptive thermal model predictions and the LHT process measurements during the vgep
experiment with a stainless steel substrate.
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Adaptive Model Parameter Estimation
Ustep Experiment with an SS Substrate
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Figure B.16: Real-time parameter estimation during the vy, experiment with a stainless
steel substrate.
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Appendix C

Directed Energy Deposition

Experiments Results

C.1 Real-Time Thermal Dynamic Prediction Exper-

iments Results

230



LDED Process Measurements and Adaptive Model Predictions
Single-Track Experiment Using IN 625 Powder
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Figure C.1: Real-time temperature and spatial cooling rate comparison between the 1D
adaptive thermal model predictions and the L-DED process measurements during the
experiment with Inconel 625 powder.
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Figure C.2: Real-time parameter estimation during the experiment with Inconel 625
powder.
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LDED Process Measurements and Adaptive Model Predictions
Single-Track Experiment Using H13 TS Powder
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Figure C.3: Real-time temperature and spatial cooling rate comparison between the 1D
adaptive thermal model predictions and the L-DED process measurements during the
experiment with H13 Tool Steel powder.
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Figure C.4: Real-time parameter estimation during the experiment with H13 Tool Steel
powder.

232



LDED Process Measurements and Adaptive Model Predictions
Single-Track Experiment Using SS 431 Powder
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Figure C.5: Real-time temperature and spatial cooling rate comparison between the 1D
adaptive thermal model predictions and the L-DED process measurements during the
experiment with Stainless Steel 431 powder.
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Figure C.6: Real-time parameter estimation during the experiment with Stainless Steel
431 powder.
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C.2 Vickers Hardness Measurements of the LDED
Wall Experiments

Vickers Hardness of the Open-Loop Experiment
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Figure C.7: Boxplot with the Hardness measurements across deposition heights from the
three cross sections of the five-layer L-DED wall experiment in open-loop.

Vickers Hardness of the Closed-Loop Temp. Control Experiment
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Figure C.8: Boxplot with the Hardness measurements across deposition heights from the

three cross sections of the five-layer L-DED wall experiment with closed-loop controlled
temperature.
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Vickers Hardness of the Closed-Loop VTemp. Control Experiment
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Figure C.9: Boxplot with the Hardness measurements across deposition heights from the

three cross sections of the five-layer L-DED wall experiment with closed-loop controlled
spatial cooling rate.

Vickers Hardness Box Plot of the Closed-Loop Temp. and VTemp. Control Experiment
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Figure C.10: Boxplot with the Hardness measurements across deposition heights from the

three cross sections of the five-layer L-DED wall experiment with closed-loop controlled
temperature and spatial cooling rate.
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