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Preface

This thesis, titled "A combined experimental, data-driven, and numerical approach to de-

form thin Ti6Al4V sheets using laser peen forming," represents the culmination of several
years of research conducted at the Department of Laser Processing and Structural As-
sessment, Helmholtz-Zentrum Hereon GmbH. The research was inspired by the growing
demand for advanced forming techniques in high-performance aerospace applications. I
was driven by the challenge of bridging scientific principles with practical engineering
solutions.

The foundation of this work was significantly shaped by project PEENCOR, a collab-
orative effort aimed at developing an autonomous laser peen forming (LPF) process for
forming and straightening aerospace components. The project, conducted in partnership
with FormTech GmbH, ZAL Zentrum für Angewandte Luftfahrtforschung GmbH, and Le-
uphana Universität Lüneburg, played a pivotal role in aligning the research with industrial
requirements. Funded by the Federal Ministry for Economic Affairs and Climate Action of
Germany (BMWK) under the LuFo VI-1 program, Project PEENCOR provided the frame-
work to elevate LPF technology to Technology Readiness Level 4 (TRL 4). This collabo-
rative environment enriched the scope and ambition of this thesis, ensuring its relevance to
both scientific inquiry and practical implementation.

The journey to completing this thesis has been a rich and multifaceted experience.
It began with exploring the fundamental principles of LPF and, gradually evolved into
tackling complex challenges, such as optimizing process parameters, validating numerical
models, and training neural networks for predicting the deformation in the treated region.
Each stage brought a blend of intellectual rigor and creative problem-solving, shaping my
understanding of LPF and its effect on Ti6Al4V, and mathematical computational methods
to optimize the process effectively.

On a personal note, this thesis marks the end of a significant chapter in my life, it
has taught me that perseverance and curiosity are the keys to tackling the unknown. As
I move forward, I carry with me not just the knowledge I’ve gained but also a profound
appreciation for the process of learning itself.
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Abstract

The need for complex-shaped, thin-walled structures has surged in the aerospace industry,
necessitating resilient and dependable manufacturing techniques. Traditional sheet metal
forming (SMF) methods often face challenges such as wrinkling, shearing, and springback,
affecting the quality and precision of formed parts. This thesis explores the optimization
of the laser peen forming (LPF) process, a modern SMF technique that uses high-intensity,
ultra-short laser pulses to deform materials with minimal surface damage. The research
focuses on applying LPF in the aerospace sector to shape sheets to specific geometries and
correct existing deformations, particularly using titanium alloy Ti6Al4V.

This work is driven by the need to reduce part rejections due to non-conformity to target
geometries, tooling and production costs, and CO2 emissions, aligning with industry trends
towards sustainability and automation. As a result, LPF in the present work, is investigated
as a method to produce definite geometries as well as to correct the existing geometries.
The study is structured around three main approaches: experimental investigations, data-
driven methodologies, and numerical simulations.

Experimental investigations focus on identifying optimal LPF process parameters to
achieve desired deformations while maintaining surface integrity. Data-driven methodolo-
gies employ artificial neural networks (ANN) to predict deformations based on process
parameters, enhancing the potential for autonomous forming processes. Numerical simu-
lations using finite element methods (FEM) complement the experimental work, providing
insights into the deformation mechanisms and optimizing process parameters. A simpli-
fied numerical simulation workflow is developed to generate data that accurately represents
experimental deformations for various peening patterns.

The findings demonstrate that LPF can be integrated into automated manufacturing sys-
tems, offering precise control over deformation, high accuracy, and repeatability. The de-
veloped process planning approach with ANN predictions produces desired deformations
in treated regions. This approach is successfully demonstrated on three benchmark cases
involving thin Ti6Al4V sheets: unidirectional deformation, bidirectional deformation, and
the modification of existing deformations in pre-bent specimens using LPF.
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The cellular automata neural network (CANN) approach developed in this study uti-
lizes a convolutional neural network (CNN) to accurately predict peening patterns based on
the deformations in the specimen after LPF. This approach enhances the LPF process, pro-
viding a reliable tool for achieving precise deformations in various applications involving
complex peening patterns.

The research presented in this thesis advances the understanding and application of
LPF for thin-walled Ti6Al4V structures. Experimental investigations identified optimal
LPF process parameters that achieve the desired deformation while maintaining surface
integrity. Numerical simulations using the eigenstrain method validated these findings and
demonstrated the feasibility of applying LPF to more complex geometries. Additionally, a
data-driven approach utilizing an ANN was developed for process planning, enabling the
prediction of deformations for various LPF process parameters. Furthermore, a CNN-based
approach presented the applicability of LPF to achieve target shapes on flat specimens by
predicting the peening patterns. This integrated methodology, combining experimental,
data-driven, and numerical techniques, highlights the potential of LPF as an innovative,
autonomous forming process for aerospace applications, addressing both practical imple-
mentation and theoretical understanding.
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Zusammenfassung

Der Bedarf an komplex geformten, dünnwandigen Strukturen hat in der Luft- und Raum-
fahrtindustrie stark zugenommen, was belastbare und zuverlässige Fertigungstechniken er-
fordert. Traditionelle Blechumformungsverfahren (SMF) stehen häufig vor Herausforderun-
gen wie Faltenbildung, Scherung und Rückfederung, was die Qualität und Präzision der
geformten Teile beeinträchtigt. Diese Arbeit befasst sich mit der Optimierung des Laser-
Peen-Forming (LPF)-Verfahrens, einer modernen SMF-Technik, die hochintensive, ultra-
kurze Laserpulse verwendet, um Materialien mit minimaler Oberflächenschädigung zu
verformen. Die Forschung konzentriert sich auf die Anwendung von LPF im Luft- und
Raumfahrtsektor, um Bleche in spezifische Geometrien zu formen und unerwünschte Ver-
formungen zu korrigieren, insbesondere unter Verwendung der Titanlegierung Ti6Al4V.

Diese Arbeit wird durch die Notwendigkeit getrieben, den Ausschuss von Bauteilen
aufgrund von Abweichungen von vorgegebenen Geometrien, Werkzeug- und Produktion-
skosten und CO2-Emissionen zu reduzieren, im Einklang mit Branchentrends zu Nach-
haltigkeit und Automatisierung. LPF wird daher in der vorliegenden Arbeit als Methode
zur Erzeugung definierter Geometrien sowie zur Korrektur bestehender Geometrien un-
tersucht. Die Studie gliedert sich in drei Hauptansätze: experimentelle Untersuchungen,
datengestützte Methoden und numerische Simulationen.

Die experimentellen Untersuchungen konzentrieren sich auf die Identifizierung opti-
maler LPF-Prozessparameter, um gewünschte Verformungen unter Beibehaltung der zu
erreichen. Datengestützte Methoden nutzen künstliche neuronale Netze (ANN) zur Vorher-
sage von Verformungen auf der Grundlage von Prozessparametern, was das Potenzial
für autonome Umformprozesse erhöht. Numerische Simulationen unter Verwendung der
Finite-Elemente-Methode (FEM) ergänzen die experimentelle Arbeit und liefern Einblicke
in die Verformungsmechanismen sowie die Optimierung der Prozessparameter. Ein vere-
infachter numerischer Simulationsablauf wird entwickelt, um Daten zu erzeugen, die die
experimentellen Verformungen für verschiedene Peening-Muster genau darstellen.

Die Ergebnisse zeigen, dass LPF in automatisierte Fertigungssysteme integriert werden
kann, präzise Kontrolle über Verformungen bietet und hohe Genauigkeit sowie Wieder-
holbarkeit gewährleistet. Der entwickelte Prozessplanungsansatz mit ANN-Vorhersagen
erzeugt die gewünschten Verformungen in den behandelten Bereichen. Dieser Ansatz wird
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erfolgreich in drei Beispielen demonstriert, die dünne Ti6Al4V-Bleche betreffen: unidirek-
tionale Verformung, bidirektionale Verformung und die Modifikation vorhandener Verfor-
mungen in vorgebogenen Proben durch LPF.

Der in dieser Studie entwickelte Ansatz eines “Cellular Automata Neural Network
(CANN)“ nutzt ein “Convolutional Neural Network (CNN)“, zur genauen Vorhersage von
Peening-Mustern basierend auf den Verformungen der Probe nach LPF. Dieser Ansatz
verbessert den LPF-Prozess und bietet ein zuverlässiges Werkzeug zur Erzielung präziser
Verformungen bei verschiedenen Anwendungen mit komplexen Peening-Mustern.

Die in dieser Arbeit vorgestellte Forschung erweitert das Verständnis und die An-
wendung von LPF für dünnwandige Ti6Al4V-Strukturen. Experimentelle Untersuchun-
gen identifizierten optimale LPF-Prozessparameter, die die gewünschte Verformung bei
gleichzeitiger Wahrung der Oberflächenintegrität erreichen. Numerische Simulationen
unter Verwendung der Eigendehnungsmethode validierten diese Ergebnisse und zeigten
die Machbarkeit der Anwendung von LPF auf komplexere Geometrien. Zusätzlich wurde
ein datengestützter Ansatz unter Verwendung eines ANN zur Prozessplanung entwickelt,
der die Vorhersage von Verformungen für verschiedene LPF-Prozessparameter ermöglicht.
Darüber hinaus zeigte ein auf CNN basierter Ansatz die Anwendbarkeit von LPF zur Er-
reichung von Zielformen auf flachen Proben durch Vorhersage der Peening-Muster. Diese
integrierte Methodik, die experimentelle, datengestützte und numerische Techniken kom-
biniert, unterstreicht das Potenzial von LPF als innovatives, autonomes Umformverfahren
für Luft- und Raumfahrtanwendungen und behandelt sowohl die praktische Implemen-
tierung als auch das theoretische Verständnis.
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1
Introduction

1.1 Motivation and research gap

The aerospace industry has recently shown an exceptionally increasing demand for a wide
range of complex-shaped thin-walled structures. The supporting structures of modern air-
craft are almost entirely constructed with thin-walled structures to minimize weight [10].
These supporting structures such as large-scale integrally-stiffened wing panels must pos-
sess a high degree of resilience and dependability, given their critical role in ensuring the
safety and integrity of the aircraft. Low rigidity, complicated shapes, and a propensity to
deform in both directions are some of the intrinsic physical characteristics of thin-walled
structures [12]. Modern commercial aircraft’s contain about 20%-45% of composite mate-
rials. Nevertheless, there is still a large share of materials based on aluminum and titanium
alloys in aircraft production due to their lightweight, excellent corrosion resistance, good
strength, toughness, and compatibility with standard manufacturing techniques [114]. Typ-
ically, thin-walled structures are made of sheet metals which constitute secondary struc-
tures of the aircraft and are manufactured using techniques such as cold forming [8], hot
forming [135], super-plastic forming [70], roll forming [152] and incremental sheet metal
forming (SMF) [155].

Traditionally in different SMF procedures, force is applied to a piece of sheet metal in
order to plastically distort it into the required shape while leaving no material behind. SMF
is a technique that incorporates modern technologies since sheet metal can be twisted or
stretched into a wide range of intricate shapes, complex structures may be built with little

1
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material and high strength as well as good surface quality [77]. The mechanical properties
of sheet metals and the complicated physical phenomena of the process play a significant
role in the applicability of the SMF processes. The quality of formed parts is often affected
by problems such as wrinkling, shearing, and springback [56]. With an increase in the
demand to reduce production costs and carbon dioxide (CO2) emissions (currently at 3%
with a rising trend [86]), the aerospace industry faces the challenge of revolutionizing the
traditional manufacturing processes by automation, intelligent resource management and
incorporation of sustainability concept in the manufacturing supply chain [27]. As a result,
research into processes such as incremental SMF, emphasizes the need to minimize sheet
metal scrap generation to reduce environmental impacts.

SMF processes are distinguished by high productivity, tool-determined component
shape, and increasing net shape precision. SMF tool manufacturing is extremely time and
cost-intensive, and so does not lend itself to considerable product flexibility. New techno-
logical advances in the field of laser optics have given rise to metal-forming technologies
by utilizing the laser beam as a primary tool [45]. Some of the earliest applications of
laser-based forming [81, 159, 45] in the fields of aerospace [104, 165] and ship planking
[138] work on the principle of thermally induced residual stresses in the sheet material. In
contrast to this, a new laser-based forming technique known as laser peen forming (LPF),
which is a derivative of laser shock peening (LSP), is evolving as an innovative modern
manufacturing technology that uses high-intensity laser pulses to deform materials into
complex shapes [60, 66]. The process is based on the principle of shot peening (SP), a sur-
face treatment technique that is aimed to improve the mechanical properties of materials
[123, 170] as well as for sheet metal forming applications [100, 42, 110] by inducing com-
pressive plastic strains on the surface. Literature studies [100, 143, 82] show that the SP
process is extensively used in the aerospace industry for the deformation, straightening, and
correction of components and structures. However, during SP, spherical particles of glass,
ceramics, or metal are guided at high speed onto the workpiece surface and each particle
causes local plastic deformation or pitting on the surface which increases the roughness of
the surface and in some cases damages the surface. Furthermore, blind areas in structures
with complex shapes are difficult to process by SP [147].

LPF has a similar effect compared to SP, but the intensity of surface damage and rough-
ening is significantly minimized. It also enhances the fatigue life of the treated component.
Furthermore, LPF can induce deeper plastic strains in materials in contrast to traditional
shot peen forming which allows for a greater degree of formability in the treated region
[109, 50]. LPF provides precise control over the deformation process since the laser pulses
are ordered, allowing for the production of complex shapes with high accuracy and repeata-
bility. This makes it possible to manufacture parts that would be difficult or impossible to
produce with conventional methods. Since LPF can shape the material to the necessary
geometry without the need for cutting or machining, it can manufacture components with
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little material waste. This yields considerable cost reductions, particularly when working
with costly or difficult-to-machine materials. LPF has been thoroughly investigated for
various materials such as pure aluminum [129, 63], aluminum alloy 2024-T351 [179], ti-
tanium alloy Ti6Al4V [150], and glass-reinforced epoxy laminate aluminum composites
[65]. LPF can be integrated into automated manufacturing systems, which can increase
production efficiency and reduce labor costs. The process can be performed quickly and
efficiently, allowing for high-volume production.

The primary limitation pertains to the economic feasibility of LPF, as it currently
presents a higher financial investment than conventional peen forming. Nonetheless, the
augmented expenses of LPF may be mitigated in specific circumstances, by obviating sup-
plementary manufacturing phases such as abrasion for the enhancement of surface rough-
ness, the elimination of residual debris after processing, interim monitoring operations, and
corrective forming actions that arise from the initial process variability. Further research
into the LPF process is crucial to understand the sources of variability and improving eco-
nomic competitiveness. The application of state-of-the-art experimental techniques, nu-
merical finite element (FE) simulation methods, and data-driven approaches can enhance
the applicability and automatability of LPF. These research efforts can also help optimize
LPF parameters for materials of interest (such as Ti6Al4V in particular), ultimately leading
to the use of the process in industrial applications.

Hence, a research project has been established to conduct research and development for
LPF process optimization. This project, entitled "Development of optimal process param-

eters and identification of an AI-algorithm for autonomous forming and straightening by

Laser Peen Forming", was carried out at Helmholtz Zentrum Geesthacht GmbH (renamed
as Helmholtz Zentrum hereon GmbH in March 2021), Germany and this thesis falls within
the scope of this project. This research project is part of the PEENCOR joint project consor-
tium partnering with FormTech GmbH, ZAL Zentrum für Angewandte Luftfahrtforschung

GmbH, and Leuphana Universität Lüneburg, which aims to develop and demonstrate an
autonomous forming and straightening process using LPF. The developed LPF process
takes into account and complies with all the material specifications of titanium structures
for aviation requirements. The project PEENCOR is intended to raise the LPF technology
to TRL 4. This project is funded by the Federal Ministry for Economic Affairs and Climate

Action of Germany (BMWK) as part of the aeronautics research LuFo VI-1 program (Grant
number: 20Q1920C).

As LPF has the potential to precisely deform thin sheets as well as to be utilized as a
finishing process to straighten parts and structures without compromising the surface qual-
ity, correcting dimensional and shape deviations caused in previous processing steps. The
current study places its emphasis on the identification of viable experimental conditions
for the applicability of LPF to a commonly employed titanium alloy, Ti6Al4V. The cen-
tral innovation of this research lies in the creation of an AI-supported automated process
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framework for the LPF process, which can be employed to deform, straighten, or correct
components and structures. In addition to the experimental work, emphasis was also placed
on numerical finite element (FE) simulations employing various approaches to reduce the
experimental effort by making use of numerically computed data.

1.2 Objectives and approach

This work aims to investigate, develop, and demonstrate an autonomous forming and
straightening process for thin-walled titanium components and structures made from Ti6Al4V
in the aerospace industry using LPF. This goal is achieved by subdividing it into three main
approaches as described below.

• Experimental investigations

A comprehensive feasibility analysis is to be conducted to determine the appropri-
ate process parameters and an investigation of process parameter combinations to
achieve forming or straightening via LPF while preserving the surface quality of the
treated region. This includes identifying the LPF process application spectrum and
limitations. Investigations of the material microstructure by microscopic observation
methods in the treated region are to be performed to quantify and assess the integrity
of the surface. To ensure precise evaluation of deformation in both the treated region
and the entire specimen following LPF treatment, a suitable measurement metric
must be selected. This metric will serve as a quantitative indicator of the degree of
deformation and will play a crucial role in accurately assessing the effectiveness of
the LPF process.

• Data-driven methodology

The aim is to develop an effective artificial intelligence (AI) algorithm that can de-
termine the process parameters required for autonomous forming and straightening.
The methodology should focus on testing available machine learning (ML) mod-
els by increasing the complexity of the model and evaluating the learning curves to
ensure optimal performance. Emphasis is placed on ANN models due to their capa-
bility to make more accurate predictions. The ANN is to be created making use of
generated data from the experiments and numerical simulations. The ANN should
be able to identify the relationships between the process parameters and predict the
deformations generated in the treated region via LPF. The effectiveness of the data-
driven methodology must be tested through successful applications involving various
scenarios such as one-dimensional bending, bi-directional deformation, and modifi-
cation of deformation in pre-bent structures. In addition to this, the peening patterns
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are to be precisely predicted to obtain target deformations from flat sheets using
advanced cellular automata neural networks (CANN). These applications serve to
validate the accuracy and reliability of the developed ANN model and showcase its
potential in real-world manufacturing processes.

• Numerical simulation approach

FE simulation models are currently utilized with satisfactory outcomes in identifying
appropriate and efficient LPF process strategies. The FE simulations are to be con-
ducted using specific simulation parameters, including material properties, boundary
conditions, and process variables concerning the existing literature and must be val-
idated with the LPF experiments. A careful meshing strategy is to be employed,
selecting appropriate element types and densities to capture relevant features and
phenomena accurately. To validate the FE simulations, LPF experiments should be
performed according to established methodologies found in the existing literature.
The experimental setup mirrors the simulated conditions, including the equipment
used, experimental conditions, and measurements taken. Validation criteria are es-
tablished to assess the agreement between the simulations and experimental results.
The evaluation measure to asses the simulations is the achieved deformation in the
treated region after LPF in the treated region.

To ensure the accuracy and efficiency of the simulations, simplified numerical FE
approaches should be formulated. These approaches aim to strike a balance between
computational cost and simulation accuracy, producing sufficiently accurate results
that can be utilized for the production of simulation data. The data collected from
the FE simulations, along with the LPF experiments, are then utilized in the develop-
ment of data-driven modeling. By incorporating simplified numerical FE approaches
and utilizing the data collected from the FE simulations and LPF experiments, the
development of data-driven modeling can be enhanced, facilitating improved under-
standing and decision-making in the LPF process.

1.3 Thesis structure

Taking into consideration the stated objectives and approach, a proposed thesis structure
can be delineated. This structure will serve as a framework upon which the thesis is built,
guiding the logical flow and organization of ideas, whose key aspects are described below
and correlations are illustrated in Fig. 1.1.

Chapter 2 provides an overview of the fundamental concepts addressed in this thesis
with reference to the established research. A detailed explanation of LPF, its process pa-
rameters, applications, and limitations are summarized. This chapter outlines a literature
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review of the current research on LPF. After that, the fundamental aspects of the data-
driven methodology are summarized including the theoretical aspects of ANNs and their
applications concerning process development. Then, the prevalent numerical FE simula-
tion modeling approaches for LPF are discussed, outlining the potential advantages and
limitations.

Chapter 3 describes the experimental setup, methodology, and instrumentation used
to conduct the LPF experiments. This chapter includes information on the specimen ma-
terial used, specimen size, sample preparation, LPF process parameters, and measurement
methods after LPF. It includes the details of data-driven approaches developed using AI
and ML algorithms implemented within the scope of this work depending on the avail-
able data from the simulations and experiments. Additionally, the developed data-driven
process planning workflow to determine the optimal process parameters for autonomous
forming and straightening is discussed. It concludes by presenting the numerical simula-
tion approaches adopted in the study using FE software (ABAQUS). It describes the FE
simulation model used, the simulation parameters, and the results of the simulations.

Chapter 4 delves into the implications and significance of the findings in relation to
the established research and the objectives outlined in the thesis. In-depth discussions are
carried out to elucidate the underlying mechanisms and phenomena observed during the
LPF process, offering insights into the influence of process parameters, process limitations,
and potential improvements. The results obtained from both experimental and numerical
approaches are compared and contrasted, highlighting any significant correlations or dis-
crepancies.

This chapter also presents the results derived from the data-driven process planning
methodology. To validate the effectiveness of the proposed methodology, three benchmark
cases demonstrating bending, straightening, and correction by LPF are utilized. The out-
comes of these benchmark cases serve as evidence, showing the capability of the method-
ology to determine optimal process parameters for autonomous forming and straightening.

Furthermore, the results obtained from the numerical simulations are also presented
in this chapter. The advantages and benefits of utilizing simulation data are discussed,
highlighting how such data can complement and augment the experimental findings. The
simulation results are carefully analyzed and compared with the experimental results, en-
abling a comprehensive understanding of the LPF process and its underlying mechanisms.

Chapter 5 summarizes the main findings and notable contributions made by this thesis.
It provides a concise overview of the key results obtained from the experimental investi-
gations, numerical simulations, and data-driven approaches. The chapter emphasizes the
significance of these findings in advancing the current knowledge and understanding of
LPF.

Chapter 6 focuses on outlining the future scope of work and presenting a vision for
the future development of LPF research. This chapter aims to identify potential areas of
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improvement, unresolved issues, and unexplored avenues that can be pursued based on the
findings and limitations of the current study. It offers suggestions and recommendations
for further investigations, experiments, and numerical simulations that can enhance our
understanding of LPF and address existing gaps in knowledge.

Fig. 1.1: This flowchart outlines the structure of a research thesis, detailing the chapters
from introduction and methodology to results, conclusions, and future work.





2
Fundamentals and literature review

2.1 Overview

Since the 1980s, there has been extensive research into the use of high-power laser-induced
shock waves on a target. These investigations were carried out in research facilities in
USA and France until the early 1990s [26, 31, 119]. In recent decades, the process has
been applied as a technique for enhancing material properties, including their resistance
to phenomena such as fatigue [13], wear, as well as corrosion [93], and is now widely
accepted and frequently used in the industry [147] being referred to as laser peening. Laser
peening 1 is a surface processing technique that uses a powerful pulsed laser to induce
plastic strains on the surface, which generate residual compressive stresses in materials
and components (see Fig. 2.1).

The process involves heating the surface of the material with a short-time and high-
power laser beam, creating a rapidly expanding plasma state, which generates high-pressure
shock waves that cause local plastic deformation of the material below the surface [26, 31,
36]. The pressure generated during the process is in the order of 2 - 10 GPa within a shock
wave duration of 20 - 100 ns as observed in the work of Clauer et al. [26]. The shock wave
produces deformation at a strain rate higher than 106 s−1 [119]. When the pressure ex-
ceeds the Hugoniot elastic limit (HEL) of the metal, this mechanical shock wave deforms
the material plastically and also produces compressive residual stress in the material [106].

1Note that laser peening is often referred to as laser shock processing or laser shock peening (LSP) in
several literature studies.

9
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Fig. 2.1: Schematic of laser peening process: the specimen surface is covered with a
protective overlay. This layer vaporizes, forming plasma on the surface. The expanding

plasma induces pressure waves into the specimen. Confinement of plasma with a
transparent overlay increases the intensity of the induced pressure waves.

The efficiency of laser peening can be improved by incorporating a transparent overlay,
which acts as a confinement medium. This confinement medium restricts the plasma gen-
erated and prolongs the duration of the plasma pressure and increases its maximum value
[55, 137]. Water is typically used as a confinement medium due to its cost-effectiveness;
however, other alternatives are being researched as water may not always be feasible due
to the complexity of the treated region or the possibility to achieve a laminar flow. Early
studies conducted by Hong et al. [55] investigated the effect of transparent overlays on the
duration and maximum value of plasma pressure. More recently, acrylate-based polymers
and cross-linked polydimethylsiloxane have been developed as alternative confinement me-
dia, generating comparable plasma pressure to water [20]. Additionally, the aqueous gel
has shown promising results as another potential confinement medium as demonstrated in
the work of Zhang et al. [174].

Ablative overlays, also known as protective overlays, are used to cover the surface
of the treated region to protect the surface from the heat effects of the generated plasma
and to enhance the energy absorption from the laser pulses. Frequently used protective
overlays for laser peening are black paint [167], and metal foils such as aluminum [136]
or stainless steel [132]. The application of protective coatings affects plasma properties,
plasma pressure, and the resulting induced shock waves [116] which affect the induced
plastic strains. Adhesion of the protective overlay to the target material is a significant
challenge that may affect mechanical shock wave transmission. Additionally, high pulse
energies or multiple laser pulses may cause damage to the protective coating, particularly
in the case of thin foils, resulting in an inconsistent laser peening process.

The specimen or beam is re-positioned relative to each other and the process is re-
peated, creating a treated region with indents. The induced plastic strains on the surface
of a component have the propensity to cause bending or deformation, thereby offering the
potential to shape thin sheets to a desired contour by means of precise control of process
parameters and treatment regions. This idea has led to the development of forming by laser
peening.
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This chapter provides a brief explanation of the fundamentals and summarizes the cur-
rent state of the art concerning laser peen forming. The following section 2.2 presents an
overview of the process, and schematics of the experimental setup based on the literature
followed by an analysis of the application to various materials. Later in section 2.3, the cur-
rent trends for numerical simulation of the process are discussed. The chapter concludes
by highlighting the recent developments in data-driven methodologies for various appli-
cations in section 2.4 and their contributions to efficient understanding and optimization
of processes concerning manufacturing in general and emphasizing their application to the
development of the laser peening process.

2.2 Laser peen forming

LPF is a derivative of the laser peening process, utilizing a short-pulsed laser to induce
shock waves into the specimen, thereby mechanically forming it [113, 66]. LPF can be
applicable to accurately bend flat sheets to a desired shape as well as to modify or re-
pair existing components of high value. During LPF, the surface of the material interacts
with the pulsed laser beam for an extremely short duration of time (in the order of a few
nanoseconds), in which the shock waves are directed into the specimen. These shock waves
mechanically distort the top surface and the surrounding material elastically accommodates
the misfit strain, generating compressive residual stresses in the near-surface region after
LPF treatment [179].

(a) convex bending

(b) concave bending

Fig. 2.2: Effect of the depth of induced plastic strains after LPF resulting in (a) convex
bending, and (b) concave bending relative to the direction of the laser beam.

Theoretical frameworks depending on the depth of induced compressive stresses, namely
the stress gradient mechanism and the stress bending mechanism were formulated to ex-
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plain the bending phenomena of sheet metal specimens when they are subjected to local-
ized plastic strains after LPF [63]. In the case of a specimen held with a cantilever fixation
as shown in Fig. 2.2, the sample exhibits convex or concave bending relative to the direc-
tion of the laser beam depending on the LPF process parameters. In convex bending mode,
the laser-induced plastic strains are confined within a thin layer beneath the top surfaces
whereas, in concave bending, the plastic strains penetrate all the way through the thickness
of the specimen.

Convex bending reportedly occurs at low laser intensities and thick sample material
as observed by Pence et al. [113]. During LPF, the laser-induced shockwaves generated
by the laser propagate through the specimen, resulting in plastic deformation of the near-
surface region of the specimen in the direction of the thickness. However, due to the
surrounding material, this plastic deformation is confined, resulting in tensile stress along
the transverse direction. After the dissipation of the shockwave, the surrounding material
readjusts to the misfit plastic strain resulting in bending away from the direction of the laser
beam [63, 113].

Conversely, in thin specimens, concave bending is commonly observed due to the
shockwave generated by the laser penetrating the entire thickness of the specimen. This re-
sults in plastic deformation that extends through the thickness of the treated region, result-
ing in a bending moment that enables the specimen to bend toward the laser beam. In some
instances, deep drawing can also be observed in the treated region due to the same effect
[63, 107]. Taking advantage of the beneficial effects of both convex and concave bending
during LPF, it is apparent that the LPF technique has the potential to be a viable method
for executing forming operations that involve intricate components and contours. For rea-
sons summarized in Table 2.1 with respect to the process characteristics and limitations,
LPF offers several advantages over traditional SMF as well as the shot peen forming meth-
ods. LPF outperforms conventional forming methods as it eliminates spring-back, without
requiring any hard tooling or external forces. Furthermore, LPF enables the bending of
materials in both concave and convex directions without the need for any setup modifica-
tions as reported by Hu et al. [63]. Notably, as LPF is a purely mechanical process, the
target material is unaffected by undesirable residual stresses that may be induced by heat,
resulting in forming, and no microstructural degradation of the material is observed.

The work of Gariépy et al. [44] suggests that shot peen forming is already widely
used industrially for shaping complex, gentle-curvature parts such as supercritical wing
designs [14, 124], integrated stiffened panels [161], and aerodynamic breaks [110]. It is
a viable process for shaping ductile metallic materials, including aluminum alloys, steel,
and titanium alloys used in the aerospace industry. As a result, since LPF offers more
advantages and flexibility when compared to shot peen forming, this makes it worthwhile
exploring the applicability as it has the potential to sustainably revolutionize manufacturing
thin-wall structures in the aerospace industry.
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2.2.1 LPF process parameters

Many researchers have expressed interest in improving the efficiency of the LPF process
by investigating different experimental process setups [66] and exploring various process
parameters [63, 65, 113, 129]. Optimal LPF process parameters were identified through ex-
periments involving parameter variations [132]. Typical process parameters investigated in
the existing literature include laser energy, number of peening sequences, overlap between
two consecutive laser pulses, area of the focus size, and the thickness of the material.

Definitions of process parameters

To ensure consistency, this study adopts the following specific definitions and terminology
of LPF process parameters that are commonly used in literature but may differ from those
used in some publications.

Area of the laser spot (A f ): Area of the laser beam perpendicular to the direction of
the laser beam, measured at the focal point of the laser optic (for a square laser optic, it
is defined by the length of the side (d)). It is important to note that when the laser beam
and target surface are not perpendicular, the focus size and the area that is irradiated at the
target may differ.

Angle of attack 2 (α): refers to the angle formed by the axis of the incident laser beam
and an axis along the surface normal to the base plate as shown in Fig. 2.3 below. For
a certain angle of attack α , the area of the spot size (A f ) at the laser focus is affected,
as the length of the spot (d) is enlarged. The enlarged length (w) can be computed as:
w = d/cos(α).

Fig. 2.3: Schematic defining angle of attack (α) during LPF. The length of the spot size
(w) at focus increases as the beam is projected over a larger distance on the specimen

caused by the rotation of the specimen.

Laser energy (EL): is the laser pulse energy.
2Please note that the definition is explained assuming a square laser optic. Mathematical equations will

change in case of a circular optic
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Laser optic area (AL): The area of the laser optic used in the setup of the laser system.
Laser pulse width (τ): The entire duration of a single laser pulse.
Frequency ( f ): The number of laser pulses applied per second.
Idealized laser power density (Io): The ratio of laser energy (EL) and the product of

the laser spot size and the laser pulse duration (τ) full width at half maximum (FWHM)
calculated as:

Io =
EL

A f × τFWHM
. (2.1)

It should be noted that the actual laser power density I(t) of a laser pulse is a function
of the entire duration of the laser pulse (t).

Overlap (δscan, δstep): The overlap (δ ) in the either scanning or stepping direction
describes in percentage, the coverage between any two consecutive laser pulses measured
by the size of the laser spot along that direction. The overlap in scanning direction (δscan)
and stepping direction δstep according to Fig. 2.4 can be calculated as:

δscan =

(︃
1− w′

w

)︃
×100, (2.2)

and
δstep =

(︃
1− d′

d

)︃
×100. (2.3)

Fig. 2.4: Definition of overlap between two consecutive laser pulses along the scanning
direction and stepping direction. The numbers indicate the order in which laser pulses are

applied.

Number of peening sequences (n): denotes the repetition rate of a peening pattern
applied to a particular region of interest. A pattern is formed by ordering laser pulses
in two principal orientations, namely the scanning and the stepping direction. Some of
the possible peening patterns are shown in Fig. 2.5. A combination of the direction of
application of the laser pulses and overlap together generates complex patterns3.

3The peening patterns indicated in Fig. 2.5 are studied in this work. Greater flexibility in creating more
patterns is possible however currently this is limited due to the point-to-point (PTP) programming constraints
of the KUKA industrial robot while carrying out this study.
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Fig. 2.5: Different patterns formed by the combined ordering of the laser pulses with an
overlap in scanning direction and stepping direction. Patterns 1 and 2: have no overlap
however, in pattern 1, a unidirectional ordering of pulses can be seen whereas pattern 2

has a zig-zag ordering of pulses. Patterns 3, 4, and 6 indicate the effect of overlap. Pattern
5 is similar to 1 however, the unidirectional ordering of pulses is repeated four times per

row.

In a general context of the laser system, experiments reported in the work of Berthe
et al. [16] showed that, for a laser power density varying from 2-5 GW/cm2, the maximum
pressure of induced shock waves increases linearly however, above 5 GW/cm2 a saturation
is reached due to plasma breakdown. The shape of the laser pulse also affects the induced
shock waves. The temporal shape of the pressure pulse is observed to have high intensity
over a short width for a short-width laser pulse however, for a Gaussian laser pulse, the
corresponding temporal profile of the pressure pulse exhibits a gradual rise to a maximum
and relaxes over more than twice the width of the laser pulse [30]. The shape of the laser
spot can be controlled by modifying the angle of attack, it is evident that increasing the
angle of attack increases the laser spot area (Fig. 2.3) and hence reduces the surface laser
power density however, increases the processing rate.

The parameter space for LPF is highly variable, consisting of numerous laser param-
eters, such as laser energy, pulse duration, spot size, frequency, and overlap. In addition
to these laser parameters, peening patterns also play a significant role in determining the
feasibility of achieving the desired deformation in the treated region during LPF. As a re-
sult, the effects of these parameters and their combinations on the achievable bending for
different types of materials are summarized in Table 2.2 with the help findings of from the
literature. It was observed from the literature that, the deformation in specimens after LPF
is broadly dependent on the parameters of the laser system (such as laser power density,
number of peening sequences, overlap, and laser spot size), the material properties (includ-
ing the thickness of the specimen), and the plasma confinement strategy (i.e. the type of
protective and transparent overlays)[169].
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Alternative methods of LPF

LPF can be performed with a femtosecond laser as reported by Sagisaka et al. [129] for
forming micro-parts. The feasibility of LPF with this laser is limited to small treatment
regions since the irradiated area is relatively smaller when compared to traditional LPF
applied to larger parts. LPF on micro-parts uses femtosecond and picosecond lasers having
a laser pulse duration in the order of 10−5 to 10−2 ns. Sagisaka et al. [130] demonstrated
LPF on pure titanium micro-parts, observed convex deformations in the treated region and
produced complex geometries by treating the specimen on both sides, however, noticed a
high degree of process variability upon LPF at the edges of the specimen.

Localized heat-assisted LPF was demonstrated in the work of Hu et al. [61] to increase
the effect of bending in the case of Ti6Al4V sheets. In this approach, a continuous wave
fiber laser is employed in conjunction with LPF to treat the targeted area. LPF is applied on
the surface while simultaneously heating the specimen from beneath. As a result of laser
heating, there is a local generation of compressive plastic strains in the near-surface region
(beneath the specimen) due to elevated temperatures, and thus the specimen bends towards
the laser beam [46]. Furthermore, convex bending occurs as a result of the compressive
stresses generated near the top surface of the specimen, which is caused by LPF. Therefore,
LPF with assisted laser heating increases the arc height in the treated region [61]. On
the other hand, the application of heat may have adverse effects by causing defects, such
as surface-near small cracks, that can negatively impact the fatigue and ductility of the
material. Therefore, it is crucial to regulate temperature effects to minimize damage in
heat-assisted LPF.

The two aforementioned types of LPF do not deviate significantly from the fundamental
LPF process. Rather, they demonstrate LPF implementation in conjunction with another
process or with distinct laser systems, specifically for sub-millimeter scale applications,
resulting in the emergence of novel processes. The experimental methods used to study
LPF demonstrate the feasibility of the process and its applicability to a range of metallic
materials. However, highly complex shapes or components with intricate geometrical fea-
tures may be challenging to treat effectively via LPF. Nevertheless, LPF offers its ability
to induce plastic strains in the surface which are beneficial for bending and modification
of deformation of thin-walled structures. Efforts in investigating the influence of process
LPF process parameters can reduce process variability and increase the repeatability of the
process.
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2.2.2 Direct and inverse problem of LPF

The effective use of LPF in various applications requires knowledge of the appropriate
LPF process parameters, treatment region, and peening pattern, which pose two primary
challenges as illustrated in Fig. 2.6. These challenges can be addressed through experi-
mental methods, numerical simulations, and data-driven approaches. The direct or forward
problem involves determining the resulting shape of a specimen after being treated with
specific LPF process parameters over a defined region. This problem can be solved using
the design of experiments to identify optimal process parameters for achieving the desired
deformation in the specimen, or through robust numerical finite element simulations [39].

Fig. 2.6: The two main problems concerning LPF. The direct or forward problem involves
determining the deformation of the component after processing with a given set of process

parameters and the peening pattern corresponding to the region treated. The inverse
problem deals with the identification of appropriate process parameters and the region to

be opened for obtaining a target deformation.

On the other hand, the inverse problem in LPF involves determining the peening pa-
rameters, region to be treated, and the peen pattern to achieve a desired target shape from
a given initial shape. In other words, it requires finding the optimal peening process that
will deform the component into the desired shape. The inverse problem in LPF presents
additional challenges, as it may involve multiple combinations of LPF process parameters
that can result in achieving a desired deformation. For example, it is possible that different
combinations of laser power density and number of peening sequences can produce the
same deformation in the treated region. This could mean that high laser power with fewer
repetitions may have a similar effect as low laser power with more repetitions of the treat-
ment. Therefore, determining the optimal combination of process parameters and peening
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pattern to achieve a specific target shape requires careful consideration of the interplay
between different parameters and their effects on the material response, which adds com-
plexity to the inverse problem in LPF. Nevertheless, by setting constraints on factors such
as material properties, the geometry of the specimen, and process parameters, the solution
space can be narrowed down to identify the optimal combination of process parameters
and peening patterns that will result in the desired target shape. A study by Hu et al. [60]
reported the use of eigen-moment as an intermediate variable to quantify the bending de-
formation due to LPF process parameters. Similarly, an inverse problem in the context of
shot peening was solved using ANN with high accuracy and low computation time [141].
However, this approach required large data based on numerical FE simulations.

2.3 Data-driven approaches

Experimental approaches are vital in the study of LPF process concerning thin-walled
structures, however, they can be both time and money-intensive. Fundamental studies
concerning LPF have focused on numerical simulations, which have been successful in
reducing experimental efforts, although it must be remembered that these models are built
on assumptions and simplifications of reality. Nonetheless, limitations in numerical mod-
els still exist in terms of the lack of specific material parameters, the complexity of their
implementation, and the fundamental trials concerning the stability and reproducibility of
FE-based numerical approaches. For the aforementioned limitations, it is necessary to rec-
ognize the importance of using data-driven models to improve the applicability of existing
numerical and experimental methods.

Data-driven models are classified into three types to serve different purposes: white-
box models, grey-box models, and black-box models. White-box models are completely
transparent models based on physical and mathematical correlations. These models are
formulated with the use of simplifying assumptions that reduce complexity however this
results in a lack of accuracy in estimating the desired effect. In the context of SMF, white-
box models are limited to simple load cases, such as the estimation of bending processes.
The underlying reasons are due to the mathematical descriptions and analytical methods
used in these models, which lack the ability to capture the complexity of more advanced
SMF processes accurately [158]. In spite of the limitations, they can be utilized for the
development of numerical process simulations using FE methods. A hybrid modeling ap-
proach combining physical and empirical knowledge constitutes grey-box models. On the
other hand, black-box models are built exclusively based on the input-output data collected
during the process and do not consider prior knowledge about the process [92]. Stochastic
or physically-based methods, as well as self-learning algorithms, can be used to determine
the relationships between inputs and outputs in data-driven models. While these models
are highly accurate in predicting process outcomes and have fast response times, they may
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lack transparency and the ability to gain knowledge from the data [92].
The importance of a model in SMF should be initially identified (i.e. model selection)

according to the purpose and applications in order to create a data-driven model. In a study
by Volk et al. [158], relevant purposes for data-driven modeling for SMF are broadly under-
stood in terms of process design, process control, troubleshooting, process safety, operator
training, and environmental impact. Models that describe SMF, as depicted in Fig. 2.7,
should possess the capability to make precise predictions regarding the process outcomes
across all its working parameters with a fast response time, ensuring safe operation during
process execution. The models created are often aimed to solve a specific task within the
defined limits and hence the degree of flexibility has low significance. Model-based analy-
ses and optimization (referred to as knowledge in Fig. 2.7) have high importance and offer
a greater understanding of the phenomena during the process.

Fig. 2.7: Schematic of the importance of a trained model concerning SMF process with
characteristic features against the expectations from it classified into three levels adopted

from the study by Volk et al. [158].

The process of creating a data-driven model involves several fundamental steps as de-
scribed in Fig. 2.8. This includes data acquisition, transformation, modeling, monitoring,
and maintenance.

Data acquisition

In the case of SMF, the quality of the product is dependent on product geometry, material
parameters, and various process parameters. The first step in the development of a data-
driven model involves product and process data collection [160]. Various sensors, such
as pressure, temperature, speed, and position sensors, are employed in SMF processes to
capture real-time status information pertaining to different physical actions and effects.
These sensors are utilized to observe and monitor the functioning of the forming machine
or tool (as in LPF) [80, 151, 176].

Data transformation

The collected data must be cleaned ensuring the quality of information is preserved. Fea-
ture engineering is a critical aspect of a data-driven model that aims to extract valuable
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Fig. 2.8: Schematic representation of principle steps in creating a data-driven model for
SMF [88].

information from the cleaned data [35]. It involves the process of selecting, creating,
reducing, and transforming features to enhance the predictive power and generalization
capabilities of the model.

A study by Bellman [15] demonstrates the challenge in data-driven modeling, high-
lighting the importance of reducing the dimensionality of the model and indicating that
data-driven models tend to perform well in low-dimensional regimes. As the dimensional-
ity (i.e. the number of input features) increases, the complexity of models grows exponen-
tially, limiting their generalizability [35]. Additionally, when an advanced data acquisition
process is employed, redundant features may be included in the data space, which adds
no meaningful information to the model but significantly increases computational require-
ments for the learning algorithm. Therefore, feature reduction techniques are utilized to
decrease dimensionality, eliminate noise, and remove redundancy from the data while pre-
serving relevant information.

Data transformation also involves either normalizing or scaling the features to ensure
they have a consistent range or distribution. This step is crucial when using models that are
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sensitive to the magnitude of the features. Common techniques include min-max scaling,
z-score normalization, or logarithmic scaling [5]. Furthermore, the generation of mean-
ingful features can also be achieved by transforming generic inputs into dimensionless
inputs which improves the performance and generalization of the model [85]. The works
of Huber and Tsakmakis [68], Huber et al. [67] showcased a hybrid approach to predict the
material properties of thin film substrates. Buckingham’s Pi theorem [72] and empirical
scaling laws were used to transform the input features and outputs. The work of Bakarji
et al. [9] shows the applicability of these laws using physical problems such as a bead on
a rotating hoop, a laminar boundary layer, and Rayleigh-Benard convection and observed
that they enhance the generalization and learning ability of ML models. Bock et al. [18]
further demonstrated the effectiveness of physically normalizing inputs and outputs based
on Buckingham’s Pi theorem in enhancing predictions made by an ANN. This normaliza-
tion technique led to a reduction in prediction errors and an improvement in the model’s
generalization capabilities.

Modeling

In recent times, data-driven approaches have played a crucial role in SMF, laser peening,
and laser-based forming, creating more accurate models that can better predict the behav-
ior of materials and their response to different forming conditions [88, 52]. In this context,
the goal of this section is to understand the requirements for data-driven modeling ap-
proaches and their application to various forming processes. A comprehensive review of
the literature is discussed in the following section addressing the advancements, applica-
tions, limitations, and challenges involving the applicability of data-driven approaches in
the field of SMF.

The features that influence the quality and output of SMF processes are process pa-
rameters, material properties, and the geometry or shape of the component. The modeling
requirement for SMF often entails a complexity that necessarily involves combining several
inputs to predict the desired output. Data-driven modeling approaches (especially black-
box models) for SMF address this complexity by combining experimental data and FE sim-
ulations to predict various outputs of interest [32, 40]. These outputs can include forming
defects (e.g., wrinkling, tearing) [4, 1], material parameters [22], bend angles [48, 40], die-
punch parameters [51], and the optimization of incremental SMF parameters [43, 54, 149].
Black-box modeling approaches have become essential in achieving high prediction per-
formance without the requirement of developing specific mathematical functions. These
approaches are primarily categorized based on their significance into regression models,
classification models, and deep neural network models. Table 2.3 summarizes the use
cases for black-box models developed in the literature for SMF. Regression-based machine
learning (ML) techniques have been implemented in these studies focusing on predicting
quantitative parameters, such as angles and thickness after forming. On the other hand,
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classification models have been utilized to address qualitative aspects, including surface
quality and failure limits of SMF processes.

In addition to data-based methods, SMF also requires the prediction of geometrical
features and shapes based on the processing parameters. Convolutional Neural Networks
(CNNs) have revolutionized formed shape prediction through their ability to effectively
process and analyze visual data [91]. CNNs are utilized to identify and classify defects
such as wrinkling, tearing, and surface cracks in formed metal sheets [139, 73, 53]. Low
et al. [91] utilized CNNs to predict geometric errors in die-less single-point incremental
forming, achieving promising accuracy.

Monitoring and maintenance

Once a model successfully fulfills the desired performance standards, it is deployed either
within the production environment or integrated into the SMF process at a laboratory scale.
This deployment enables continuous monitoring of the workpiece, starting from its raw
material stage all the way to the quality inspection stages [89]. Liewald et al. [88] presented
the development of a real-time ML model implementation for predicting tool health during
SMF which showcases the need for monitoring these models. Effective monitoring and
maintenance of ML models utilized in SMF play a pivotal role in guaranteeing their peak
efficiency.
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2.4 Numerical simulation methods

The challenges associated with experimental testing procedures in the context of LPF are
the costs and time required for conducting physical experiments, complexities in simulta-
neous control of all process parameters, and limitations in capturing detailed process dy-
namics. Nevertheless, numerical FE process simulations have emerged as a valuable tool
in overcoming these limitations, offering a cost-effective and efficient means to study and
optimize the LPF process. In the present section, a detailed review of state-of-the-art con-
cerning numerical process simulations of LPF is presented, highlighting their significance
in advancing process understanding and optimization efforts. The numerical simulations
should primarily address the following aspects of the LPF process:

1. Determination of appropriate pressure generated on the surface of the specimen cor-
responding to the parameters of the applied laser pulse. Furthermore, due to the short
duration of the pressure pulse, the propagation of the induced shock wave must be
simulated as a short pressure with a certain spatial and temporal distribution.

2. The response of material changes rapidly due to the transient nature of loading and
thus the material model must account for high strain rates generated during the pro-
cess.

3. The induced plastic strains in LPF-treated regions for relatively large specimens must
be determined efficiently since simulating every single laser pulse is computationally
impractical. Thus, the numerical simulation approach must be scalable to various
large geometries.

Modelling plasma pressure and the pressure pulse

Determining appropriate plasma pressure is essential to predict the achievable bending in
the treated region during LPF however, it is challenging due to the transient nature of the
pressure pulse and the characteristics of the generated plasma. Literature studies show that
plasma pressure depends on laser parameters [36, 37] and the confining medium [28, 26].
The duration of the pressure pulse is approximately 2-3 times larger than the applied laser
pulses having a pulse width of 10-100 ns as reported in the work of Peyre and Fabbro
[119]. The plasma pressure is defined as a function of time t and space (x,y) as p(x,y, t).
Nevertheless, the pressure pulse can be simplified by assuming that it has uniform spatial
distribution. Fabbro et al. [36] presented an analytical approach for a one-dimensional case.
This approach considers the plasma pressure evolution as a three-step process; (1) within
the laser pulse duration, the plasma generated induces a pressure pulse, (2) the plasma
continues to exert pressure as it cools adiabatically after the laser pulse duration, and (3) as
the plasma recombines, the heated gas expands adding momentum to the induced pressure.
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The plasma pressure evolution for a one-dimensional case, assuming a constant laser power
density (EL) is derived as:

p = 0.1

√︄(︃
αp

2αp +3

)︃
×EL ×Z, (2.4)

where p is expressed in the units of kbars, EL is in the unit of GW/cm2, αp is a con-
stant representing the thermal energy fraction of the total internal energy of the generated
plasma, and Z is the acoustic impedance of the confining medium. Although this model
has gained widespread acceptance and validation in the literature [64, 118], it only pro-
vides a one-dimensional solution and does not consider the spatial distribution of the pres-
sure pulse. Nevertheless, works of Zhang and Yao [172] [173] report improved plasma
pressure models, considering complex interpretations of the interactions between the laser
pulse with the confining medium and the spatial distribution corresponding to a Gaussian
laser pulse. Wu and Shin [166] report a self-closed thermal model considering electron-
ion, electron-atom, and photo-ionization interactions of the generated plasma for a water-
confined regime.

In addition to these plasma pressure modeling approaches, various shapes of the tem-
poral pressure function p(t) are proposed in the literature for performing numerical FE
simulations [21, 146, 75, 120]. The works of Brockman et al. [21] and Spradlin et al. [146]
report a triangular temporal pressure pulse for a laser pulse having a width of 20 ns at
FWHM. Sticchi et al. [147] and Berthe et al. [17] modeled the pressure pulse based on ex-
perimental measurements using a velocity interferometer system for any reflector (VISAR)
doppler velocimetry. Keller et al. [75] reported a generic shape of the pressure pulse de-
fined by three independent parameters namely, the duration of the pressure pulse, the time
at which the induced pressure reaches a maximum, and the maximum value of the induced
pressure. In a recent numerical study by Pöltl et al. [120], the pressure pulse is modeled
with a sharp linear raise followed by exponential decay, considering two primary charac-
teristics of the laser pulse which account for short rise time followed by relaxation. These
different approaches offer flexibility in modeling the pressure pulse induced by laser pulses
with varying characteristics, such as pulse width, rise time, and relaxation.

Material model

After modeling the pressure pulse, it is necessary to accurately predict the effect of the
pressure pulse on the target material and record the material response. This is primarily
challenging because of the transient nature of the laser peening processes (10-200 ns) and
the high magnitude of the induced pressure (2-10 GPa). As a result, the material model
involved in the FE simulations should be able to record the material behavior correspond-
ing to this transient nature. Studies show that materials processed by laser peening are
subjected to significantly high strain rates in the order of 10−6 s−1.
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Numerical FE simulations concerning laser peening are widely prevalent in literature
with respect to investigating the induced compressive residual stresses [118, 148] however
for LPF, the focus is on investigating the deformation in the treated region [59]. In a study
reported by Amarchinta et al. [6] to investigate the effect of different non-linear material
models for simulating the effect of peening, results showed that the Johnson-Cook (JC)
model consistent results with the experiments for laser peening as well as LPF [59]. The
JC material model describes the yield stress (σY ) as:

σY =
[︂
AJC +BJCε

nJC
pl,eq

]︂[︃
1+CJC ln

(︃
ε̇ pl,eq

ε̇ pl,eq,0

)︃]︃
[1− [T ∗]mJC ] , (2.5)

where εpl,eq is the equivalent plastic strain, ε̇ pl,eq is the plastic strain rate, and T ∗ is
the homologous temperature. ε̇ pl,eq,0 is the reference strain rate used to determine JC
parameters. AJC, BJC, CJC, nJC and mJC are experimentally determined JC parameters.
As laser peening is often regarded as a purely mechanical process [119], the influence
of temperature is neglected in the material model [6, 59]. Therefore, the temperature in
equation 2.5 is neglected. The numerical simulations performed in this work rely on the
material properties and JC parameters available in the existing literature [87]. For Ti6Al4V,
the elastic and JC material parameters are tabulated below.

Table 2.4: JC material parameters and physical material properties of Ti6Al4V used for
FE simulation of LPF [87]

Density (ρ),
[g/cm3]

Young’s modulus
(E), [MPa]

Poisson’s ratio (ν),
[-]

Yield strength AJC,
[MPa]

4.47 108500 0.33 728.7
Strain hardening
coefficient (BJC),
[MPa]

Strain hardening
exponent (nJC), [-]

Strain rate hard-
ening coefficient
(CJC), [-]

Reference strain
rate (ε̇ pl,eq,0),
[s−1]

498.4 0.28 28 × 10−3 10−5

Approach for simulating LPF

Numerical FE simulations have proven to be highly effective tools in predicting the defor-
mation behavior of specimens treated via LPF [59]. Understanding the transient response
of the material during LPF is challenging due to the short time scale, the high strain rates
that are applied on the target surface, and the complicated dynamic material response to
reach a steady state. Explicit FE solvers are primarily used to effectively solve problems
of transient nature on a short time scale [108]. During experimental conditions, there is
a significant interval of time between two consecutive laser pulses however, it is compu-
tationally not feasible to simulate this with every single laser pulse on a specimen due to
the extremely large time step. As a result, simulating LPF on specimens only with explicit
FE solvers is not possible. Nevertheless, literature studies of numerical FE simulations
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concerning LPF are developed by simulating the process in a two-step approach (see Fig.
2.9): The first step is to simulate the transient response of the material for the duration
of the induced pressure pulse during LPF by an explicit FE solver, and the second step
involves transferring the stress and strain fields of the explicit simulation into an implicit
solver following a static relaxation [59, 64].

Fig. 2.9: Schematic illustration of LPF using FE simulation. The explicit regime is used
to stimulate the pressure pulse that induces a dynamic response in the material, which is

then transferred to the ABAQUS static FE solver. The plastic strains and residual stresses
at equilibrium are calculated in the static regime. Post-processing of the plastic strains

allows for comparison of the deformations from the simulation. Although residual stresses
can also be computed, the deformation in the specimen is of primary interest for LPF.

This approach is highly effective for specimens with small treatment areas. However,
the computational cost of this method increases significantly when the number of applied
laser pulses rises, as the explicit regime requires more time as well [120, 2]. As a result, it
may not be feasible for simulating LPF on specimens with large treatment regions. Never-
theless, the computational efforts can be reduced by simulating LPF using the Eigenstrain
approach.

In general, a solid subjected to external mechanical loading experiences a change in
shape often referred to as elastic and inelastic deformations. Eigenstrain is a term used to
describe inelastic deformation that remains in a solid after the removal of an external load.
The term eigenstrain (ε∗) is introduced by Mura [102], used to define the internal stresses
that arise in bodies without any external forces or surface constraints. The only type of
eigenstrain generated by LPF is the plastic strain and hence the total strain (ε) in a material
is the sum of elastic strain (εel) and eigenstrain (ε∗).

The eigenstrain methodology has been validated as a highly effective technique for
quantifying deformation in specimens processed with LPF [60]. This approach enables the
incorporation of the cumulative effects of multiple laser pulses on large specimens while
maintaining computational efficiency [2, 58, 120]. The eigenstrain approach for LPF em-
ploys a linear elastic model, with the input of the eigenstrain due to the applied laser pulses
to compute the deformation and residual stress in the specimen however, disregarding the
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influence of peening pattern. In general FE simulations, the eigenstrain field (ε∗) can be in-
troduced as a pseudo-thermal strain field (α) which is expressed as a product of the tensor
of the thermal expansion coefficients and the change in temperature (∆T ) as follows:⎛⎜⎝εxx εxy εxz

εyy εyz

εzz

⎞⎟⎠=

⎛⎜⎝αxx αxy αxz

αyy αyz

αzz

⎞⎟⎠×∆T, (2.6)

where the thermal expansion coefficient tensor (α) contains six independent compo-
nents (along the principal directions x, y, and z) which can be replaced by the induced
plastic strains due to the applied laser pulse. By assuming that ∆T = 1, the strain field
problem can be solved by a thermo-mechanical FE analysis. However, it remains cru-
cial to acquire eigenstrains that are specific to the region of interest in order to ensure an
accurate simulation of deformations in the LPF-treated region. The eigenstrain approach
using ABAQUS explicit and static FE solvers is schematically shown in Fig. 2.10 with an
example of a cantilever beam fixed at the left edge and a laser pulse applied from above.
The primary inputs to the explicit solver are the parameters of the pressure pulse, material
properties, and boundary conditions. A dynamic stress state of the specimen is obtained at
the end of the explicit simulation, which clearly constitutes the plastic and elastic affected
regions due to the induced shock wave.

Now, the eigenstrains (ε∗) resolved along the depth are evaluated by an averaging
scheme [75] at the integration points of the FE model where the pressure pulse is applied.
These eigenstrains are transferred to the initial geometry in the static solver as thermal co-
efficients (pseudo-thermal strains). For the static solver, necessary boundary conditions,
material properties, and the initial geometry of the specimen are provided as inputs. It is
crucial to note that the initial temperature of the sample is increased by 1K during the relax-
ation step to ensure that ∆T = 0. Thus, the static solver solves this as a thermo-mechanical
FE analysis, and the global deformation in the specimen is computed.
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Fig. 2.10: Schematic of the steps in the eigenstrain approach using ABAQUS explicit and
static FE solvers.

In a numerical study by Pöltl et al. [120], a three-step FE simulation strategy is applied
to simulate the global deformation after a large-scale LPF. This approach involves simu-
lating laser peening on a relatively small specimen, then transferring the eigenstrains by
assuming the periodicity of strains in representative volumes to a large geometry, followed
by computing stresses, strains, and global deformation as a thermo-mechanical FE simula-
tion. On the other hand, deriving eigen-moment as an intermediate variable for numerical
FE simulations to describe the bending deformation after LPF with respect to the process
parameters was also found to be consistent with the experimental results to produce com-
plex shapes [62, 60].

Numerical simulation approaches (as summarized in Table 2.5) have been successfully
applied for LPF to understand the underlying mechanics considering the laser pulse pa-
rameters as well as physical process parameters and predict the global deformation after
peening for different materials. Initially, smaller treatment regions were simulated using
explicit and implicit solvers. However, simulating the effect of every single laser pulse
proved to be computationally infeasible.
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As a result, the simulation methodologies focused on computing the plastic strain in-
duced due to the applied laser pulses in a representative cell and transferring them onto the
treatment region of the target specimen (i.e. the eigenstrain approach), which has proved to
be very effective for large-scale simulations. Despite the successes, there remain challenges
in numerical simulations, such as the accuracy of the determined JC material parameters
used in the material model due to the experimental limitations in performing mechanical
testing at a high strain rate. Additionally, the eigenstrain approach is dependent on the
assumption of the periodicity of the plastic strain field in the plane of the treated surface.

2.5 Summary and conclusions

The fundamentals chapter provides a comprehensive overview of LPF, its principles, and its
application in material processing to mechanically deform materials, typically metal sheets,
into desired shapes. LPF process involves several critical steps, beginning with surface
preparation, where protective overlays, such as black paint or metal foils, are applied to the
surface of the material to enhance energy absorption and protect against heat effects during
the plasma evolution.

The laser-induced shock waves cause the material to bend or deform, and the direc-
tion and extent of deformation can be controlled by adjusting process parameters such as
laser power density, pulse overlap, and the number of pulses. An increase in laser power
densities increases the degree of bending but may reach a saturation point where further
increases do not enhance deformation. Pulse overlap is another factor, with greater over-
lap between laser pulses resulting in increased bending angles or arc radii. Additionally,
material thickness affects the bending behavior, with thicker materials exhibiting different
deformation characteristics and critical thickness thresholds impacting whether the defor-
mation is convex or concave.

Data-driven approaches have emerged as essential tools in enhancing the accuracy and
predictive capabilities of models utilized in various forming processes, including SMF,
laser peening, and laser-based forming. These methodologies, particularly black-box mod-
els, utilize experimental and FE simulation data to forecast outcomes such as forming
defects, material parameters, bend angles, and die-punch parameters. The principal ad-
vantage of data-driven models resides in their superior predictive performance, achieved
without the necessity for explicit mathematical formulations, ensuring versatility and effi-
ciency.

Data-driven models are generally categorized into regression models, classification
models, and deep neural network models. They serve to complement experimental meth-
ods and numerical simulations by utilizing the different forms of data as input and generat-
ing desired output, as a result, enhancing the applicability and reliability of existing tech-
niques. Current trends in the literature highlight the application of data-driven techniques
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for shape conformity and defect identification, as well as a shift towards hybrid models
that integrate physical material properties, process parameters, and empirical knowledge
to achieve greater accuracy and insight.

Some of the advanced ML and AI models also facilitate continuous monitoring, main-
tenance, and optimization of forming processes, thereby ensuring safety and operational ef-
ficiency. Previous literature studies show that data-driven approaches significantly enhance
predictive accuracy, model efficiency, and process optimization, establishing themselves as
indispensable components in the realm of SMF.

Numerical simulations are pivotal in advancing the understanding, optimization, and
application of LPF. Utilizing FE models, simulations offer several key advantages, such
as enabling detailed predictions of the material response to laser-induced shock waves
without the extensive need for physical experiments. This approach not only conserves
time and resources but also facilitates the exploration of a broader range of parameters and
conditions that might be impractical or costly to test experimentally. Numerical simulations
complement experimental methods by providing a deeper insight into the internal stress
and strain distributions within materials, which are often difficult to measure directly. This
capability allows for the validation and refinement of theoretical models and experimental
findings, leading to a more comprehensive understanding of the LPF process.

The literature reveals a trend in integrating data-driven approaches with numerical sim-
ulations to enhance predictive accuracy and process efficiency. ML and ANN techniques
are increasingly employed to analyze simulation data, predict process outcomes, and op-
timize parameters, reflecting a significant shift toward hybrid modeling approaches. This
integration leverages the strengths of both numerical simulations and data-driven methods,
leading to more robust and reliable methodologies for LPF. These advancements under-
score the importance of numerical simulations in developing effective LPF strategies and
improving the overall efficiency of the process.

Consequently, the devised methodology in this thesis leverages these data-driven ap-
proaches, combining them with experimental and simulation data to create a robust frame-
work for modeling LPF.
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Methodology and approach

3.1 Experimental techniques and material

The experimental techniques and materials used in the LPF process are described in this
section. The provided information highlights the critical aspects of the LPF process, in-
cluding the experimental setup and the technical details of the used laser system.

3.1.1 LPF experimental facility

The experiments described in this study were conducted at the LSP facility located at
Helmholtz Zentrum Hereon GmbH in Geesthacht, Germany. The LSP facility, as depicted
in Fig. 3.1, is equipped with a stationary Q-switched Nd: YAG pulsed laser system and
an industrial KUKA robot. The pulsed laser system ensures consistent and accurate laser
output, which is crucial for achieving desired effects during the peening process. The robot
offers flexibility and precision, allowing for the positioning and movement of a wide range
of specimens with different sizes and shapes.

The laser system, produced by QUANTEL, operates within an energy range of 0.5 J to
5 J. The laser pulse frequency is 10 Hz, and the pulse width can be toggled between 10 ns
and 20 ns however, only 20 ns pulse is used in this work. The laser pulse has a Gaussian
temporal profile with the above-mentioned pulse width near FWHM. The laser beam has
a square cross-section with a homogenized beam profile at focus. Additionally, the cross-
section of the laser beam can be adjusted at focus, offering options of 1×1, 3×3, and 5×5

35



36 Chapter 3. Methodology and approach

mm2. The present study explores the entire functional regime of the laser energies and
available optic sizes to identify suitable laser parameters for LPF.

Fig. 3.1: The LSP facility consists of a laser system and an industrial robot. The pulsed
laser beam is illustrated by a red dotted line originating from the laser system. A water jet
is employed to serve as a transparent overlay. Additionally, a cross jet of pressurized air is

utilized for safeguarding the laser optics against foreign particles, process-induced
plasma, and splashing water from the specimen during the peening process.

In all experiments, a transparent overlay is achieved by utilizing a laminar water flow
generated by the water jet. The specimen is typically covered with black tape, or a metal
foil, commonly made of materials such as aluminum or stainless steel. To protect the optics
from splashing water and process-induced plasma, a cross jet of pressurized air is directed
near the nozzle where the laser pulse is emitted from the laser system.

3.1.2 Experimental setup

In the present work, the experimental setup for LPF is realized using the above facility as
shown in Fig. 3.2. The optical system of the laser was protected from back reflection by
rotating the specimen around the X-axis at an angle of 25◦. As a result, each laser spot
had a spot size of 1.1 × 1 mm2 for a 1 mm2 optic. Optic sizes of 3 mm2 and 5 mm2 were
also investigated with a similar configuration. To serve as a sacrificial overlay, a stainless
steel foil or an aluminum foil of 50 µm thickness was utilized. A stream of water jet was
employed to generate laminar water flow over the specimen, creating a transparent overlay.
The size of LPF specimens is 80 × 20 mm2, with a treated region as indicated in Fig. 3.3.
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Fig. 3.2: Experimental setup of LPF process, in which the specimen is covered with a
stainless steel sacrificial overlay and with a laminar flow of water (created by water jet) as

a transparent overlay. Surface ablation of the sacrificial overlay during the process
generates plasma.

Fig. 3.3: Schematic of the clamped specimen. One edge of the specimen is clamped and
the specimen moves relative to the laser beam generating, a zig-zag peening pattern.

3.1.3 Experimental methodology

Using the experimental setup described in this section, the LPF process parameters and
their combinations are classified into three parameter sets (as outlined in Table. 3.1) which
are investigated in this work. The studied parameters are laser energy, number of peening
sequences, overlap, and the type of sacrificial overlay. Furthermore, two types of peening
patterns as indicated in Fig. 3.4 are investigated and the deformation after LPF in the
treated region is observed.

The experiments were conducted utilizing three parameter sets in Table 3.1. The out-
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Table 3.1: The LPF experiments in this study were categorized into distinct parameter
sets, determined by the different combinations of process parameters examined

Process Parameters Constant/Varied Range Unit
Parameter Set 1 Laser energy Varied 0.5 – 5.0 J

Overlap (scan/step) Varied 0/0 – 50/50 %
Number of peening sequences Constant 1 –

Type of overlay Varied Aluminum, Stainless steel –
Parameter Set 2 Laser energy Varied 0.5 – 5.0 J

Overlap (scan/step) Constant 0/0 %
Number of peening sequences Varied 1 – 4 –

Type of overlay Varied Aluminum, Stainless steel –
Parameter Set 3 Laser energy Varied 0.5 – 5.0 J

Overlap (scan/step) Varied 0/0 – 50/0 %
Number of peening sequences Varied 1 – 4 –

Type of overlay Constant None –

Fig. 3.4: The two types of peening patterns correspond to the LPF-treated regions
investigated in this work.

comes of these experiments, presented in Chapter 3 (section 4.1), led to the determination
that parameter set 3 successfully attained the desired deformation in the treated region
while maintaining the surface quality in the treated region after LPF. Consequently, the
process parameters associated with parameter set 3 were selected for further investigation
to understand the relationship between the process (i.e. laser parameters and robot move-
ments), and the resulting property relationship (i.e. deformation after LPF).

Table 3.2: LPF process parameters and their ranges to generate an experimental design
matrix. LPF experiments corresponding to these parameters were performed to study the

process property relationship

Input Parameter Symbol Range Levels Units
1 Laser energy EL 1.8 - 3.1 4 J
2 Number of peening sequences n 1 - 4 4 -
3 Thickness of the specimen T 1, 2 2 mm

Output Parameter Symbol Range Levels Units
1 Deformation in treated region D(x) - - mm

The investigation of the relationship between process and property can be accom-
plished through systematic experimentation. To optimize resource utilization and maxi-
mize knowledge gained, the development of an effective experimentation strategy is essen-
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tial. Statistical methods, such as the design of experiments (DOE) are a valuable approach
in this process [99, 19]. In this approach, the process parameters are treated as indepen-
dent factors (inputs), while the deformation in the treated region serves as the dependent
parameter, referred to as the response (output) as shown in Table. 3.2. Each experiment
is formulated by systematically varying the inputs across the levels defined in the parame-
ter space. The total number of experiments depends on the number of factor levels being
investigated [99].

In this case, a full factorial DOE without replicates is chosen since it facilitates exam-
ining all possible combinations of the input factors. This comprehensive approach helps in
understanding the main effects of each input factor and their interactions with the output.
Additionally, a full factorial design provides a basis for statistical analysis. The collected
data can be analyzed to determine the significance of each input factor and its interactions,
aiding in the optimization of the LPF process. The results obtained from a full factorial
design are generally more reliable and informative compared to a limited or partial set of
experiments [99, 7]. As a result, the total number of experimental conditions is calculated
as 4× 4× 2 = 32, representing various unique combinations of the input levels. In each
experimental condition, the corresponding output, which refers to the deformation profile
in the treated region, is measured respectively. Apart from these experiments, an additional
set of ten validation experiments is conducted. These validation experiments are carried
out by randomly selecting parameter sets from the defined parameter space. The purpose
of these experiments is to provide data for validating the data-driven models that will be
developed within the scope of this work.

3.1.4 Material: Ti6Al4V

Ti6Al4V is a highly utilized titanium alloy, constituting approximately 60% of total ti-
tanium production [114]. The primary characteristics of Ti6Al4V include a favorable
strength-to-weight ratio, exceptional resistance to corrosion, and stability at high temper-
atures. These properties designate Ti6Al4V as a vital material for structural components.
Its applications are reported to be in aircraft engines, turbine blades, and other relevant
areas [171]. Ti6Al4V is a two-phase (α +β ) alloy that possesses a noteworthy character-
istic in terms of its balance of material properties. Utilizing components made from this
alloy extends to various applications, including chemical processing equipment, surgical
implants, marine hardware, and automotive applications, where temperatures reach up to
400 ◦C [114, 164].

Due to its extensive use in structural contexts, there is considerable interest in the
formability of Ti6Al4V. Typically, multiple machining processes are required to obtain
a functional part from titanium or its alloys. However, Wang and Rahman [163] reported
that machining Ti6Al4V poses a significant challenge in the aerospace industry. Addition-
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ally, Ti6Al4V exhibits limited formability at room temperature, making conventional SMF
processes at this temperature difficult to execute [8]. Given the conventional difficulties en-
countered in SMF when processing Ti6Al4V alloy, there is a need to explore the suitability
of the LPF process to this material for SMF as well as distortion correction, considering its
diverse applications across various industries. Additionally, the selection of this particular
material for the study is primarily motivated by its alignment with the objectives of the
PEENCOR joint research project, as highlighted in Chapter 1.

The material used in this study was hot-rolled commercial-grade AMS 4911 Ti6Al4V
sheets. The size of the specimens used for the LPF experiments is 80 × 20 mm2 with
thicknesses of 1 mm, 2 mm, and 3 mm. The dimensions of the LPF treated region are 20 ×
20 mm2. For validation of numerical simulations, specimens of size 100 × 50 mm2 with a
thickness of 1 mm are used.

3.1.5 Deformation measurement

After LPF treatment, the specimens deform in the peened region. To measure the defor-
mation in the peened region resulting from LPF, a non-contact linear displacement optical
laser triangulation sensor (optoNCDT 2300) was utilized. A deformation profile refers to
a curve appearing on the section plane perpendicular to the sample’s surface width (refer
to Fig. 3.5(a) and (b)). This profile is obtained by averaging measurements taken at five
equidistant positions across the specimen’s width by the following equation:

D(x) =
1
5

5

∑
i=1

Pi(x), (3.1)

where, D(x) is the averaged deformation profile and Pi(x) is the measured deformation
profile at position i as indicated in Fig. 3.5(a).

The error bars on the exemplary specimen in Fig. 3.5(c) demonstrate that the ob-
served standard deviation of the averaged deformation values is minimal, indicating uni-
form bending across the specimen’s width. To reduce the margin of error in the measured
deformation, a second-order polynomial is fit to the data, and the deformation values from
the approximated function are used. Furthermore, a coordinate transformation is applied
to rotate the obtained deformation profile, ensuring that the fixed end remains horizontal
(see Fig. 3.5(c)).

The measurement technique mentioned above demonstrates reliability, rapid data ac-
quisition, efficient data pre-processing, and user-friendliness when applied to specimens
exhibiting uniform bending across their entire width. However, when dealing with de-
formed specimens subjected to intricate peening patterns, more advanced measurement
methods, such as 3D scans, are necessary to obtain a point cloud representing the deformed
shape.
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Fig. 3.5: (a) The deformation of a representative specimen is measured following LPF. (b)
The graph displays the deformation profile (D(x)) measured and averaged across the

specimen’s length. (c) To align the fixed end parallel to the X-axis, a coordinate
transformation is employed to rotate the profile. The error bars in red indicate the

standard deviation of the averaged deformation profile within the peened region (x = 30.0
to 50.0 mm).

In this study, a 3D scanner named HandySCAN 3D manufactured by Creaform was
employed to scan the deformed specimens. The accompanying software facilitated the
export of the scans into a mesh format (.stl mesh file) with a resolution of 0.2 mm. The
obtained data is post-processed using Meshlab [25].

3.1.6 Surface characterization of the treated region

Surface characterization of the treated region resulting after LPF is of critical importance
for evaluating the effectiveness of the process to ensure surface quality in the treated re-
gion. To gain further insights into the structural changes induced by LPF, the surface of
the peened region was meticulously examined using analytical microscopic characteriza-
tion techniques. Scanning electron microscopy (SEM) was employed in conjunction with
energy dispersive X-ray spectroscopy (EDX) using a Jeol JSM-6490LV microscope and
an EDAX Genesis system, respectively. The influence of LPF process parameters on the
microstructural features and elemental composition of the treated area is investigated. Ad-
ditionally, a comprehensive investigation of the surface roughness of the specimens under
parameter sets 2 and 3 was carried out utilizing a Keyence VKX 1000 laser confocal micro-
scope. This thorough examination facilitates comprehending the influence of LPF process
parameters affecting the surface roughness of the peened region.
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3.2 Data-driven methods

The optimization of the LPF process is necessary for the precise production and shap-
ing of thin-walled structures. Traditional experimental and simulation approaches have
been fundamental in understanding LPF, but are constrained by resource, time, and cost-
intensive nature poses challenges for implementation. As a result, data-driven models are
to be developed (as they are proven to be promising alternatives for SMF [158]), leverag-
ing data from numerical simulations and LPF experiments to enhance the applicability of
LPF. The present work aims to develop a robust methodology for the application of vari-
ous data-driven models in optimizing the LPF process. By analyzing the input and output
process parameters from experimental data, valuable insights into the complexities of LPF
are obtained, and efficient solutions can be devised for process design, control, and trou-
bleshooting. The simulation data, which can be validated/fitted to the experimental data,
is also used to utilized to develop data-driven models, which reduce the need for gener-
ating large experimental datasets. The tools and methods used for developing data-driven
models are explained in this section.

3.2.1 Artificial neural networks

ANNs represent abstract computational tools inspired by the functionality of biological
neurons. These networks are utilized to comprehend complex data by identifying underly-
ing trends and patterns. The simplest form of an ANN, described by McCulloch and Pitts
[96], is called a perceptron, consisting of a single input layer and an output node. In this
study, a fully connected, feed-forward neural network is employed to create the data-driven
models. This network architecture comprises a multi-layer perceptron model with an input
layer, one or more hidden layers (the number of which was determined during hyperpa-
rameter tuning of the ANN), and an output layer. In a feed-forward network, the outputs of
one layer serve as inputs to the next layer, progressing from inputs to outputs in a forward
direction. The mathematical formulation of a feed-forward ANN is elaborated below.

Assuming there are n number of inputs represented by a vector I (Eq. 3.2). Hence, the
input layer is:

I = [i1, i2, i3, . . . , in]. (3.2)

If this neural network comprises p1, p2, . . . , pk units within each of its k hidden layers,
the vector representations of these outputs, as denoted by h1,h2, . . . ,hk, possess dimension-
ality that aligns with p1 through pk. Consequently, the quantity of units within each layer
is referred to as the dimensionality of that specific layer. Then, the weights of connections
from the input layer to the 1st hidden layer (h1, in Eq. 3.3) are represented by matrix W1

whose size is n× p1 in the form of:
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h1 = f
(︁
WT

1 I
)︁
, (3.3)

where, f is a non-linear activation function. Similarly, the weights between the rth hidden
layer and the (r + 1)th hidden layer are denoted by the matrix denoted by Wr with the
dimensionality of pr × pr+1. The recursive equation of input from rth hidden layer to
(r+1)th hidden layer can be formulated as:

hp+1 = f
(︁
WT

p+1hp
)︁

∀p ∈ {1,2, . . . ,k−1}. (3.4)

If the number of outputs (m) are denoted by a vector Y, then the corresponding output
layer contains m nodes and the final matrix Wk+1 has a dimension of pk ×m which can be
represented as:

Y = [y1,y2,y3, . . . ,ym] = g
(︁
WT

k+1hk
)︁
. (3.5)

where, g is a linear activation function of the output layer in case of regression tasks.
ANNs can be trained to predict non-linear relationships between inputs and outputs

by adjusting weights to minimize an error function using the back-propagation algorithm
outlined by Rumelhart et al. [128]. Initially, a training instance, also known as batch size,
representing the number of samples from the training dataset, is inputted into the neural net-
work, initiating forward computations across the layers with an initial set of weights. Sub-
sequently, the back-propagation algorithm utilizes the chain rule of differentials to compute
error gradients as the sum of local gradient products of different connections from a node to
the output. The weights corresponding to individual neurons of the ANN are then adjusted
to minimize the computed error. This adjustment is achieved by controlling the learning
rate of the ANN, a critical tuning parameter that determines the step size at each itera-
tion towards minimizing the loss function. An adaptive learning rate is implemented using
available optimizers such as Adam, a popular open-source Python implementation from
the Keras library [24]. Finally, the ANN is trained with all available instances from the
training dataset. The weights at each neuron are iteratively adjusted to minimize prediction
error, and a model with the best weights is retained after the training process.

The performance of the ANN significantly relies on both the quantity and quality of the
data used for training, validation, and testing. However, it’s critical to prevent over-fitting.
A well-known approach, called "Early Stopping," regulates the number of iterations based
on a specified performance criterion [168], typically MSE. During each training iteration,
prediction performance is assessed using a validation dataset kept strictly unknown to the
ANN. Early stopping halts the training process and restores the best weights acquired when
the performance criterion is met on the validation dataset. Additionally, understanding the
impact of variables or hyperparameters, which define the ANN’s architecture, on perfor-
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mance and generalization is vital. In this study, hyperparameters such as the number of hid-
den layers, neurons in each hidden layer, learning rate, and activation function type were
simultaneously varied using random-search-based Python implementations using Keras-
Tuner [111].

Model performance is assessed by the MSE and the determination coefficient (R2)
which are defined as:

MSE =
1
n

{︄
N

∑
i=1

(yi − ŷi)
2

}︄
, (3.6)

R2 = 1− ∑
N
i=1 (yi − ŷi)

2

∑
N
i=1 (yi − ȳ)2 , (3.7)

where, yi represents the true value, ŷi is the predicted value and ȳ is the mean of true values.
The parameter N is the size of the dataset. These statistical indicators were computed
based on model predictions versus the true values corresponding to training, validation,
and testing datasets.

3.2.2 Description of experimental and numerical simulation datasets

Selecting the right input parameters for the LPF process is crucial for establishing a de-
pendable and resilient data-driven model, utilizing the available experimental and physics-
based numerical data. The studies by Huber et al. [67] and Bock et al. [18] provide valuable
insights into addressing this challenge through physical normalization techniques, leverag-
ing Buckingham’s Pi theorem. By identifying key physical quantities involved in the LPF
process, such as process parameters and material constants, and deriving relevant variables
from them, meaningful normalization of inputs and outputs can be obtained (see Fig. 3.6).
This not only reduces prediction errors but also enhances the model’s generalization capa-
bilities, as demonstrated by previous research. Therefore, a similar physical normalization
strategy has been applied to the considered LPF process parameters, and corresponding
dimensionless inputs and outputs are obtained.

Considering the LPF process-related parameters, such as laser energy (EL), number
of peening sequences (n), and thickness of the LPF specimen (T ), is crucial due to their
significant influence on the deformation within the treated region [132]. Additionally, in-
corporating other experimental process parameters, such as the area of the cross-section of
the focused laser beam (A f ) and the duration of the laser pulse (τ), is important for a com-
prehensive understanding of the process, although they are not varied in the experiments.

Moreover, material parameters such as Young’s modulus (E), density (ρ), and the wave
speed (C =

√︁
E/ρ), which represents the speed of transverse propagation of shockwaves

through the specimen during LPF, are considered. Including these material properties helps
encapsulate the effects of the material on the deformation process.

The output variable, the deformation profile D(x) in the peened region, is influenced
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Fig. 3.6: Illustration of the LPF process with the considered experimental process
variables, material properties, and the derived parameters which provide relevant physical

information to the data-driven model.

by these process parameters and material properties. Incorporating all relevant input and
output variables into the developed data-driven model is essential for ensuring its robust-
ness and generalizability. This enables the model to account for various factors that affect
deformation in the LPF-treated region, making it capable of generating predictions across
different materials and processing conditions.

While the inputs and outputs governing the LPF process are clearly defined, they can-
not be directly employed to construct a data-driven model due to the lack of direct physical
correlation between input quantities and outputs. Therefore, it is necessary to convert the
actual inputs and outputs into dimensionless terms, referred to as dimensionless inputs and
outputs, utilizing the Buckingham Pi theorem. This transformation facilitates improved
generalization of the developed data, as evidenced by previous findings [18, 68, 85]. The
underlying principles of Buckingham’s Pi theorem and its application to LPF process pa-
rameters are elucidated in Appendix A. The experimental dataset comprises a set of 52 ex-
periments and the simulation data comprises 88 simulations which are divided into training
testing and validation sets as shown below.

3.2.3 Data scaling

The original data distribution shape is preserved while constraining it to a specific value
range. A min-max scaling was employed on both inputs and outputs. This approach proves
advantageous when dealing with outliers or variations in scale within the data. By scal-
ing them to fit within the range of [−1,1], this normalization process facilitates effective
learning by the ANN and ensures numerical stability throughout the training process. The
scaling operation was executed through the following equations:
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(a)

(b)

Fig. 3.7: Illustration of the (a) experimental and (b) simulation datasets that are
considered in this study.

Vstd =

{︃
V − vmin

vmax − vmin

}︃
, (3.8a)

Vs =Vstd(Vmax −Vmin)+Vmin, (3.8b)
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where Vs represents the scaled value of the input or output, V is the original value, vmin

and vmax are the minimum and maximum values in the scaled entity, Vmax and Vmin are the
minimum and maximum values in the feature range. (available in scikit-learn library [112]
as ’MinMaxScaler’).

3.2.4 Hyperparameters of ANN

The essential hyperparameters of an ANN include the number of neurons and hidden lay-
ers, learning rate, batch size, epochs, activation function types, and optimizer choices. In
this study, two separate ANN’s are trained on experimental and simulation data, featuring
two hidden layers activated by sigmoid function, each containing six neurons (which were
determined by an automated random search process by varying the above-mentioned pa-
rameters to a certain range until satisfactory learning is achieved by the ANN). The output
layer employs a linear activation function, appropriate for continuous output prediction
(such as the deformation in the LPF-treated region). Evaluation of model performance
during training relies on the MSE as the loss function. This error is gradually minimized
via weight adjustments facilitated by the gradient descent optimization technique, a widely
adopted method for finding the local minimum of differentiable convex functions, eluci-
dated by Ruder [127].

An adaptive learning rate enhances training performance, leveraging the Adam op-
timizer with a preset learning rate of 0.001, while other optimizer parameters maintain
default settings [78]. Given the modest dataset size, a batch size of 1 is chosen, prompting
weight updates after each presentation of a sample to the ANN during the training. The
training process spans 1000 epochs, with preemptive measures against overfitting insti-
tuted through early stopping mechanisms. Specifically, monitoring of model performance
during training incorporates a patience value of 250 epochs and a minimum tolerable im-
provement threshold (δ ) of 10−3. Patience denotes the number of epochs without observed
enhancement in the prediction metric on the validation set, beyond which the training halts.
Meanwhile, δ signifies the minimum change in MSE required to qualify as an improve-
ment; thus, an MSE change less than δ for two consecutive epochs signifies no advance-
ment. The ANN implementation in this investigation is realized within a Python frame-
work, leveraging open-source libraries such as Scikit-learn and Keras (ref. [112, 111]).

3.2.5 Data-driven process planning for LPF

The process planning for LPF involves solving an inverse problem, aiming to identify the
precise process parameters necessary to achieve the desired deformation in the treated re-
gion. This inverse nature often yields multiple solutions, given the potential for various
combinations of LPF parameters to yield identical deformations. The approach proposed
by Hu et al. [57] introduces a hybrid numerical and experimental process planning method,
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leveraging the eigenmoment as an intermediary variable linking LPF parameters to re-
sultant deformations. This methodology was tested in crafting a target geometry with a
saddle-shaped profile.

This study aims to devise a process planning approach based on predictions derived
from a trained ANN and apply it to effect one-dimensional bending and correction of de-
formation in thin sheets using LPF. As this approach is formulated based on experiential
data, the necessity for additional numerical simulations is eliminated. The possibility of
multiple solutions can be avoided by defining a range of constraints, influenced by pro-
cess parameters such as laser energy and the number of peening sequences applied in the
treated areas. For example, depending on the application, it may be required to restrict the
number of peening sequences to uphold specimen surface integrity. Conversely, a lower
laser energy setting might be preferred for precise correction purposes. Thus, adapting
LPF process planning to account for such physical constraints becomes necessary in real
scenarios, and hence justifies the definition of constraints.

A data-driven approach to process planning is realized, as depicted in Fig. 3.8, across
various applications that require obtaining a specific deformation profile either from flat
specimens or those already curved to a certain extent. The primary aim of this method is
to utilize the predictive capabilities of a trained ANN while adhering to predefined pro-
cess constraints. The proposed workflow encompasses an initial profile, a target profile, a
trained ANN, an optimizer, and input process constraints, each serving distinct functions
elaborately explained below.

An ANN undergoes training to predict deformation within the treated region based on
specific combinations of experimental parameters within the process parameter domain.
Subsequent validation and testing against unknown datasets. As a result, a well-trained
ANN is obtained with the capability to predict deformation within the treated region, on
various combinations of process and material parameters, including laser energy, peening
sequences, and specimen thickness. A comprehensive database encapsulating all conceiv-
able process parameter permutations within the confines of the parameter space corre-
sponding to the training dataset is compiled. Consequently, the ANN predicts a deforma-
tion profile for each unique process parameter combination, thereby generating a repository
housing deformation profiles for all potential parameter configurations.

The initial profile (Di) and target profile (Dt), measured along the specimen’s span (x) to
be processed, are acquired as illustrated in Fig. 3.8. The deviation in deformation between
these initial and target profiles is calculated as ∆D(x) = Di(x)−Dt(x), representing the
disparity to be corrected by LPF to achieve the target profile. Subsequently, the ∆D(x)

profile undergoes discretization into smaller units along the span of the specimen, essential
for identifying localized deformations or curvatures. The length of the discretization step
(Ds) is chosen based on the nature of the ∆D(x) profile, thus varying depending on the
complexity of the peened profile. Naturally, the discretization step size is not constrained
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Fig. 3.8: The flowchart illustrates the data-driven LPF process planning, showcasing the
integration of ANN-generated predictions for shaping initial deformation to a target

deformation. The initial phase involves acquiring deformation profiles for both the initial
specimen shape and the desired deformation target. Subsequently, the ∆D profile,

representing the disparity between these two profiles, is computed. This ∆D profile is then
segmented into distinct sections, and the corresponding arc radius for each segment is

determined. Leveraging the arc radius as a pivotal parameter, the optimizer endeavors to
identify process parameters conducive to the desired deformation profiles while

accommodating external process constraints. A peen-and-measure cycle is initiated to
iteratively reduce ∆D until the requisite target deformation is attained within the specified

tolerance threshold. [131]

to a constant value and must be adjusted accordingly.
While a constant value of Ds suffices for peening specimens with compound curvatures,
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structures with intricate curvatures necessitate varying discretization step sizes across the
span. Following the discretization of the ∆D profile into ’k’ parts, each discretized segment
of size Ds.k (refer to Fig. 3.8) can be mathematically represented as follows:

∆Dk(x) := {x,∆D(x)} ,∀x ∈ [Ds,(k−1),Ds,k). (3.9)

Every discretized segment ∆Dk(x) within the ∆D profile indicates the localized varia-
tion in deformation between the initial and target deformation profiles, requiring correction
via LPF. Corresponding to each discretized unit ’k’, the ∆Dk(x) profile is approximated us-
ing a circular fitting function to derive the arc radius (Rk), as depicted in Figure 3.9

Fig. 3.9: The discretization of the ∆D profile, defined as ∆D(x) = Di(x)−Dt(x), involves
partitioning the profile into smaller segments. Here, Di represents the initial profile, Dt

denotes the target profile, and Ds.k signifies the discretization step size for the kth segment
of the profile. [131]

The approach involves employing the least squares fitting method of circles to the dis-
cretized data (i.e., {x,∆D(x)}) for each of the ’k’ discretized units, following the method-
ology outlined in the study by Chernov and Lesort [23]. A circular fit is chosen due to
the observation that all predicted deformation profiles can be accurately approximated by
a circular arc. By fitting circular arcs to the discretized ∆Dk(x) profiles, corresponding arc
radii Rk are derived, as depicted in Fig. 3.9. Subsequently, the arc radius (Rk) is utilized to
construct a deformation profile (Dk(x j)), as demonstrated below:

∆Dk(x j) =

⎧⎨⎩−Rk −
√︂

R2
k − x2

j if∆Dk(x j)≤ 0

−Rk +
√︂

R2
k − x2

j if∆Dk(x j)≥ 0.
(3.10)

where, x j denotes the position along the length of the peened region, similar to the predicted
output generated by the ANN. Consequently, the discretized ∆Dk(x) profiles undergo trans-
formation into interpretable deformation profiles.

Reasonably selecting the discretization of the ∆D(x) profile allows for the peening of
realistic target shapes without further optimization. However, employing an excessively
small discretization step size can introduce deviations from the desired profile due to ac-
cumulated errors and escalate the number of processing steps required (see Fig. 4.14).
Conversely, choosing a large discretization step size might lead to erroneous interpreta-
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tions, especially when approximating utilizing a circular fit. Ideally, the discretization step
size (Ds) should adapt to the characteristics of the ∆D(x) profile, which vary depending on
the specific profile under consideration.

The current process planning approach employs an iterative method where the number
and length of discretization are strategically determined based on the characteristics of the
∆D(x) profile, aiming to minimize the number of segments and maximize the length of each
segment. The strategy for selecting the size Ds,k of the kth discretized part of the ∆D profile
generally leans towards larger discretization step sizes whenever possible. This recom-
mendation ensures optimal processing by significantly reducing processing time through
minimizing required peening cycles. Consequently, it not only enhances operational effi-
ciency but also substantially contributes to conserving energy resources.

During the initial iteration, each discretized segment of the deformation profile under-
goes approximation using a circular fitting function as outlined previously. The discretiza-
tion step size for a segment of the deformation profile is evaluated based on the quality of
fit, utilizing the R2 value (set to be greater than 0.99) and the arc radius of the fit. The arc
radius of the fit for each discretized unit should fall within the minimum and maximum
achievable arc radii within the defined process parameter space.

A large arc radius value suggests a flat region that requires no LPF treatment; however,
it could also indicate that the discretization step size is excessively small, necessitating a
reassessment of the deformation profile by incrementally increasing the step size. In such
cases, the discretization step size for each segment is manually adjusted in small increments
until a satisfactory fit is achieved while ensuring the arc radius remains within the desired
bounds. This iterative approach proves advantageous as it allows for the adjustment of
the number of discretizations and the length of each segment, thereby reducing processing
steps. Upon successful discretization of the ∆D(x) profile, the processed deformation data
along with the corresponding fit data is provided as an input into the optimizer.

The optimizer, based on the two-sample Kolmogorov-Smirnov (KS) test as described
by Simard and L’Ecuyer [142] and implemented using the Scipy library [156], is em-
ployed to assess whether the estimated profiles (Dk(x)) align with the deformation profiles
predicted by the ANN within the database. A two-sample KS test is conducted for each
discretized profile and the predicted deformation profile from the database. The KS test
may identify multiple matches of the Dk(x) from the database of predicted deformation
profiles, as different combinations of process parameters may result in the same deforma-
tion. However, such situations can be avoided by restricting the search criteria based on
physical and process constraints. For example, a physical constraint can be defined by fil-
tering the database of deformation profiles (D(x)) based on input process parameters like
the material thickness (T ) being peened.

In this study, LPF process constraints refer to limitations or boundaries that must be
followed for the process to operate correctly and generate dependable deformation in the
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treated area. The current research has specific limitations for the process; for instance,
the laser energy should not exceed 3.0 J, and the number of peening sequences should
not exceed four. This is because higher laser energy damages the sacrificial overlay, and
increasing peening sequences beyond four doesn’t significantly enhance deformation in
Ti6Al4V sheets [132]. For practical applications, it might be preferable to have operational
constraints on process parameters such as laser energy (EL) and the number of sequences
(n), which can further reduce the occurrence of multiple matches of Dk(x). The optimizer
provides an index of the deformation profile from the database that matches the formu-
lated deformation profile (Dk(x)). This index serves as a key to identify the corresponding
process parameters. Through this approach, a suggested set of LPF process parameters is
found for each discretized profile as an output from the optimizer.

3.2.6 Cellular automata neural network

In the present work, a cellular automata neural network (CANN) adapted from Mordv-
intsev et al. [101], in which a convolutional neural network (CNN) is used as a tool to
predict the peening pattern on a flat sheet given the curvature of the sample (ref. Appendix
D) computed from the deformation of the specimen as an input. Using this information,
CANN learns rules that enable each cell to classify itself into the correct peening pattern,
indicating whether it is peened or not. CANN inherently considers both local and global
interactions in the curvature data, enabling it to propagate information across the entire
image and achieve global awareness. This is crucial since deformation in one direction
affects the deformation in the other direction, as deformation in a flat specimen is a 2D
problem. Additionally, unlike traditional ANNs, CANN preserves the dimensions of the
input data throughout processing, making it advantageous for tasks where retaining spatial
information is crucial.

The CANN processes input channels iteratively, which include curvature along differ-
ent axes (x and y, typically representing the length and the width), the multiplication of
curvatures, and the distance to the edge of the specimen. The smallest unit of distance is
1 mm which is equal to the side size (d) of the laser spot. The curvature values are in the
order of 10−5 and as a data scaling operation, the curvature data is multiplied by an order
of 105 (the influence of this scaling on training is shown in Fig. F.1 in Appendix F).

To ensure adequate information for pattern generation, a 5-channel input image may
not suffice. For instance, when a peen induces stresses that propagate through the sample,
it can affect the peen pattern forming further away. To address this, each cell is provided
with more information by expanding the channels to 16, a value chosen empirically. This
expansion allows information to propagate from one end of the sample to the other. The
resulting 16-channel image, with the first 5 channels representing the input data, is referred
to as the seed image or Ho.
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To ensure adequate information for pattern generation, in this work, 8 channels for the
seed were found to be sufficient as the peening patterns were not overly complex. Out
of these, 5 channels represented the dataset input, while one channel was reserved for the
predicted peening pattern, and the remaining two were used to propagate other relevant
information. The seed image, denoted as Ho, is passed to the model, which consists of 2
CNN layers. The first layer takes the nearest neighbors of each cell, along with the cell
itself, using a 3 × 3 filter as its input. It then processes this information through a dense
neural network, resulting in an image with 128 channels (an empirically chosen value)
instead of the original 16 channels. At the border of the image, it assumes the same values.
The second layer is a 1 × 1 filter CNN, which only considers the cell itself (without its
neighbors) and passes the 128 values through another dense neural network to create a
delta image, ∆i, of the same dimensionality as the input. This delta is then added to Ho to
create H1. This iterative process is repeated multiple times, allowing the model to converge
towards the target pattern.

The size of the model can be calculated using the formula:

PCNN = (CCNN ×F2
CNN +1)×OCNN (3.11)

where PCNN represents the parameters in one layer, CCNN represents the number of chan-
nels, FCNN represents the size of the filter and OCNN represents the number of output values.
As a result, for the first layer: 1168 = (8 × 32 + 1) × 16; and for the second layer: 136 =
(16 × 12 + 1) × 8. Combining these, the total number of parameters is 1304. Fig. 3.10
depicts this architecture and model for one iteration.

Fig. 3.10: The architecture of the model processes an input image Hi with 8 channels
using two convolutional layers. First, a 3x3 CNN converts it to a 16-channel image,

followed by a 1x1 CNN that produces an 8-channel delta ∆i. Adding ∆i to Hi results in the
updated image Hi+1.
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Training the CANN involves running it for multiple steps, calculating the loss at the
end of each iteration, and using back-propagation through time to adjust the weights. The
optimizer used in this process is Adam [78], which is an industry-standard. The number
of iterations must be carefully chosen to ensure that the pattern has enough time to be
generated or that the effect of the current update rules becomes significant. However, too
many iterations should be avoided as it can lead to increased memory usage and training
time. The loss is computed by taking the MSE between the target pattern and the grown
pattern at the end of each iteration.

When training the network, all weights and biases are adjusted, affecting all input chan-
nels. However, the target pattern relies on the 5 dataset input channels, which must remain
unchanged to prevent the model from forgetting or altering its target over multiple itera-
tions. There are two ways to preserve these input channels: either by freezing the weights
and biases that affect the input channels, setting them to zero after each gradient appli-
cation, or by outputting only the 3 dynamic channels and concatenating them with the
original 5 fixed input channels for the next iteration. While the first method was initially
implemented, the second method is more efficient as it involves fewer parameters to train
(1219 compared to 1304). Although this difference is marginal, reducing the number of
channels in Hi or the middle layer is generally more effective. This approach is utilized
to ensure that the essential input channels remain unaltered, allowing the model to consis-
tently target the correct peening patterns throughout the training process. The dataset of
the peening patterns used for training the CANN is shown in Appendix F (see Table F1).
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3.3 Numerical simulation of LPF

This section focuses on simulating the LPF process in order to obtain the deformation of the
specimen after LPF. The simulation is carried out using FE analysis and adopts the eigen-
strain approach, which is explained in section 2.4 of Chapter 2. The discussion includes
simplifications made to the numerical model using the eigenstrain approach. The simula-
tion of the LPF process involves several challenges, such as determining the appropriate
plasma pressure, capturing the material response at high strain rates using relevant material
properties, calculating induced plastic strains, and transferring these strains from a source
geometry to a target geometry. In addition, a simplified simulation strategy is developed
to produce sufficiently accurate simulations, which are crucial for developing data-driven
models. This strategy aims to strike a balance between computational efficiency and sim-
ulation accuracy. The workflow for the simplified approach includes validation with LPF
experiments to ensure the reliability of the simulations.

Furthermore, emphasis on the challenges with regard to validation and the shortcom-
ings in validation are discussed. Moreover, the focus is on the challenges related to valida-
tion and its associated limitations. The post-processing of the output obtained from the FE
analysis, which can be compared to the LPF experiments, is also addressed.

3.3.1 Aspects of FE model

The present study utilizes the eigenstrain method as the basis for the FE model, aiming
to effectively simulate LPF [2, 63, 59]. To conduct the numerical simulation of the LPF
process, the commercial software ABAQUS/Explicit and ABAQUS/Standard (v6.24) were
employed. Additionally, all the pre-processing, automation, and post-processing for data
analysis are performed using publicly available standard libraries implemented in Python
(v3.8). The simulations were carried out on nodes in an HPC cluster at Helmholtz Zentrum

Hereon equipped with a 24-core 2.1 GHz Intel Xeon Scalable Platinum 8160 processor.
The components corresponding to FE simulations are schematically represented in Fig.
3.11.

• Geometry: The study considers two specific geometries: a “source geometry” where
laser pulses are applied to compute the corresponding eigenstrains and a “target geom-
etry” where these computed eigenstrains are imported to observe the resulting deforma-
tion. The dimensions of the source geometry are 50×50 mm2, while the target geometry
has measurements of 80×20 mm2, with a thickness of either 1 mm or 2 mm, depending
on the specific sheet thicknesses being investigated. In this study, a series of 25 laser
pulses are applied along the right edge of the source geometry, as depicted in Fig. 3.12.
The selection of the edge of the source geometry is based on its suitability for investigat-
ing the eigenstrains that arise specifically at the edges following the application of the



56 Chapter 3. Methodology and approach

Fig. 3.11: Schematic representation of components in numerical simulation of LPF
process.

laser pulse. The simulated peening pattern is similar to the one used in the LPF experi-
ments. The FE model employed in this study does not incorporate a sacrificial overlay,
as it assumes that the deformation resulting from LPF is solely a mechanical effect. Con-
sequently, the model disregards any heating effects that may arise from the ablation of
the sacrificial overlay.

For each pattern, assuming periodicity of the plastic strain field in the peening plane (the
XY-plane), the source geometry pattern is divided into four equally shaped rectangular
patches at the corners (NE, NW, SE, SW), a central patch (C), and four edge patches (N,
E, W, S). The eigenstrains in these regions are extracted based on a volume-weighted
scheme (according to [120]) onto the target geometry.

• Material model: For the numerical simulations, the LPF process is considered a purely
mechanical process, and the underlying heat effects are neglected. The simulations were
performed using the JC material model (Eqn. 2.5) without the temperature term and the
material constants (Table 2.3) for the model are obtained from literature [87].

• Boundary conditions: The boundary conditions include the type of clamping for the
geometries used in the simulations. For the source geometry, the base of the specimen
is fixed whereas for the target geometry, an edge of the geometry is clamped similar to
the clamping shown in Fig. 3.3 and the length of the clamped region is 10 mm (also
indicated in Fig. 3.12).

• Type of elements and meshing: For the source geometry, the FE model incorporates
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Fig. 3.12: The source and target geometries used for simulating the LPF process in 1 mm
thick sheets.

7.6×105 nodes (7.26×105 elements) when considering a 1 mm thick sheet, and 1.5×
106 (1.45× 106 elements) nodes when considering a 2 mm thick sheet. These nodes
collectively comprise an eight-noded brick element with reduced integration (C3D8R) of
linear order. In the region where laser pulses are applied, the element size is set to 50×
50×50 µm3, which is deemed adequately small to achieve a mesh-independent solution,
as confirmed through a convergence study (similar mesh resolution was reported in the
work of Keller et al. [75] for the source geometry).

The target geometry comprises 2× 105 nodes (1.8× 105 elements) for the 1 mm thick
sheet and 3.8× 105 nodes (3.6× 105 elements) for the 2 mm thick sheet. The chosen
element size is 0.3×0.3×0.1 mm3.

• Pressure pulse model: The induced pressure (p(t)) due to the plasma during LPF is
modeled as a temporal pressure load acting on the surface of the specimen. The actual
pressure distribution also has a spatial resolution along the specimen surface. Although
the pressure distribution across the specimen surface possesses spatial variation, this
study assumes a constant spatial resolution due to the utilization of a square focus that has
been observed to generate uniformly distributed energy at the focus [74]. The pressure
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pulse used for modeling the pressure pulse in this study is similar to the work of Keller
et al. [75].

Fig. 3.13: The temporal distribution of the pressure pulse used in the numerical
simulations. The pulse reaches maximum amplitude at 20 ns, followed by a relaxation

phase until 200 ns.

The temporal distribution of the pressure pulse, denoted as p(t), remains consistent
across all simulations. It is determined using the smooth step definition in ABAQUS
Explicit, as described in the ABAQUS software 6.14 user manual. The pressure pulse
(Fig. 3.13) is characterized by three key parameters: the total duration of the pulse (t),
the maximum pressure-induced (Pmax), and the time (tm) at which the pulse reaches its
maximum pressure. The total duration of the pressure pulse (t) is assumed to be 200
ns which agrees with the experimental observations from the literature [118, 117], for
applied laser pulses that have a with of 10-20 ns at FWHM. The time at which the in-
duced pressure reaches a maximum value is assumed to be 20 ns. The maximum value
of induced pressure (Pmax) is varied from 1000 MPa to 6000 MPa. After each applied
pressure pulse a relaxation time of 50 µs. In the FE model, the maximum pressure
value is modified based on the experimentally measured deformation in the treated area
following LPF.

• Peening patterns: The peening patterns, also referred to as peen patterns, serve as visual
indicators of the treated region on the specimen. In the case of a typical specimen, LPF
treatment can be applied to both surfaces. These peening patterns can be effectively
represented as images, illustrating three possible outcomes: forward peening, backward
peening, or no peening (unpeened). The dimensions of the peen pattern image, measured
in pixels, correspond to the dimensions of the specimen in millimeters. In cases where
the specimen undergoes peening on only one surface, the peening pattern is selected as
a black-and-white image. In this representation, the treated region is depicted in white,
while the unpeened region is depicted in black. The peening pattern in the form of an
image is then transferred to the FE mesh which can be processed by ABAQUS.
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• Pre-processing: In order to set up an accurate simulation, a comprehensive pre-processing
procedure is undertaken. The pre-processing involves the simulation of both the source
geometry and the target geometry to determine the deformation after LPF.

• Source geometry: The process begins with conducting ABAQUS/Explicit simulations
on the source geometry, as shown in Fig. 3.12. The simulations involve varying the
maximum pressure (Pmax) and the number of peening sequences (n). At the end of the
explicit simulation, the dynamic stress state of the material is obtained. A simulation
using ABAQUS/Standard is performed by importing the stress state of the material after
peening, to ensure that the stresses reach an equilibrium state after relaxation. Once the
static simulation is completed, a volume-weighted averaging scheme according to the
literature [75, 120], is employed to compute the plastic strain tensors resolved along the
thickness of the specimen. The extracted strain tensors are transferred to the peened
region of the target geometry as eigenstrains.

• Target geometry: The simulation of the target geometry involves several steps for accu-
rate analysis. Initially, the nodes and elements corresponding to the target geometry are
extracted from the ABAQUS input file. Subsequently, the element centers for all nodes
are computed. To ensure accurate depth-dependent analysis, the elements of the target
geometry are resolved along the thickness. The extracted plastic strains are applied from
the source geometry to the target geometry, node sets, and element sets are created ex-
clusively at each depth through the thickness of the geometry. This is necessary because
the extracted plastic strain from the source geometry is depth-dependent.

As a result, the extracted plastic strain from a specific depth in the source geometry
must be applied as an eigenstrain in the corresponding depth of the target geometry. The
peening pattern image (as shown in Fig. 3.14) is utilized to classify the elements based on
whether they are peened on the top surface, peened from the bottom surface, or remain
unpeened. However, since the mesh density in the FE model is higher than the pixel
density of the peen pattern image, an initial scaling process is performed to match the
mesh density while accounting for aliasing. The elements corresponding to each element
set are mapped to the pixel index of the scaled peen pattern image. By using the pixel ID,
which represents the state of peening, as a mask for the element ID, the element sets can
be further classified into subsets indicating whether a particular element is peened from
above, peened from below, or remains unpeened. All classified element sets are assigned
depth-resolved plastic strains, which are extracted from the source geometry.

• Simulation and post-processing: After completing the simulation using the ABAQUS
Standard solver, the output deformation data is extracted from all the nodes in the top
surface of the target geometry. The extracted deformation data provides a detailed un-
derstanding of the material response for different peen patterns at specified LPF process
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Fig. 3.14: Schematic illustration of the mapping process of an exemplary peening pattern
onto the FE mesh of the target geometry. Within the peen pattern image, different regions
are designated by the color of the pixel: the blue region represents the peening treatment
applied to the top surface, the brown region signifies the peening on the back surface, and

the white region represents the unpeened area. Through the pre-processing script, the
peen pattern is transferred onto the FE mesh of the target geometry. This script prepares

the input file for subsequent processing using the ABAQUS/Standard solver.

parameters. Simulations in this work are performed using the simulation parameters
described below.

3.3.2 Validation with experiments

The simulations performed in this study are validated with the LPF experiments by deter-
mining the maximum pressure (Pmax) of an applied pulse which produces identical defor-
mation in the treated region while maintaining an equivalent number of peening sequences
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Table 3.3: Parameters of the pressure pulse and peening sequences for simulation of LPF
using the eigenstrain approach

Input Parameter Symbol Range Levels Units
1 Max pressure Pmax 1000 - 6000 11 MPa
2 Number of peening sequences n 1 - 4 4 -
3 Thickness of the specimen T 1, 2 2 mm

Output Parameter Symbol Range Levels Units
1 Deformation in treated region D(x) - - mm

as in the LPF experiment for a Ti6Al4V sheet. The primary challenge of the simulation is
the determination of the appropriate induced plastic strain tensor using an equivalent pres-
sure pulse for an applied laser pulse. The simulation of the LPF (see Fig. 3.15) process
can be interpreted as a function that associates pressure pulse parameters and the number
of peen sequences with eigenstrains and, subsequently, relates these eigenstrains to the de-
sired deformation in the target geometry for specific material properties and thickness. The
induced eigenstrains are a function of applied pulse parameters and process parameters as:

εi j = g(Pmax,n,T ), (3.12)

where n is the number of peening sequences, and T is the thickness of the specimen. In
addition to this, the equivalent max pressure (Pmax) for simulations should be obtained by
solving an inverse of function defined as:

D = f (εi j) = f (g(Pmax,n,T )) (3.13)

where D represents the induced deformation due to the eigenstrains (εi j) in the treated
region (i, j = 1,2 or 3 indicating the principle directions).

By recognizing the inherent functions (as in Eqn. 3.12 and 3.13) that govern the re-
lationship between pressure pulse parameters, the number of peening sequences, and the
resulting induced deformations in the treated region, data-driven approaches can be lever-
aged to approximate them. Specifically, this work utilizes two different ANNs to effec-
tively predict the eigenstrains and deformation in the treated region, given the pulse pa-
rameters as inputs. The first ANN aims to solve the direct problem represented by the Eqn.
3.12 and the second ANN approximates the Eqn. 3.13. This approach offers significant
advantages over traditional analytical methods, as it simplifies the process of solving the
direct problem. By training and validating the ANNs using simulation data encompassing
a wide range of input combinations, a robust data-driven simulation framework capable
of generalizing well to all possible combinations in the defined parameter space is gen-
erated, reducing the need for individual simulations corresponding to each experimental
LPF process parameter combination. Once the ANNs are successfully trained, they can be
utilized to generate a comprehensive database of deformation profiles for all conceivable
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Fig. 3.15: Schematic of simulation of LPF using an equivalent pressure pulse, number of
peen sequences, and thickness of the specimen as inputs and deformation in the target
geometry as an output. Upon solving the inverse functions of f and g the equivalent

pressure pulse can be obtained.

simulation parameter combinations. This database serves as a valuable resource containing
a wide range of deformation patterns in the treated region corresponding to various input
maximum pressures and peening sequences. Subsequently, this database can be effectively
searched to find the deformation profile and its corresponding simulation parameters that
best match the deformations obtained from actual LPF experiments. This search process
enables us to identify simulation parameters that yield results consistent with experimental
data.

In contrast, solving the inverse problem, which aims to obtain the equivalent maximum
pressure (Pmax) for simulations to match experimental results, can be a time-consuming and
challenging task. Inverse problems are often ill-posed, meaning that there can be multiple
solutions that lead to the same experimental outcome. In the context of LPF, there can be
multiple combinations of process parameters (Pmax,n) that can produce similar eigenstrains
leading to identical deformation in the treated region [60]. This ambiguity in the solutions
makes the inverse problem more intricate and resource-intensive to solve, as it requires
meticulous exploration of the parameter space and careful consideration of various factors
influencing the results. Nevertheless, by employing the data-driven approach to approxi-
mate the direct functions, the strenuous effort required to solve the inverse problem can be
avoided. This can be accomplished by comparing the deformation profile obtained from
the actual experiment with the predicted deformation profiles in the database, and a mean
squared error (MSE) is computed for every potential match. The deformation profile with
the minimum MSE is assumed to be the best fit, and its corresponding maximum pressure
is extracted from the database. This procedure allows the identification of the simulation
parameters that closely replicate the experimental outcomes, effectively validating the sim-
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ulations against experimental data however, the maximum pressure in the simulation does
not explicitly represent the plasma pressure during the process.

The simulation data with inputs: maximum pressure and the number of peening se-
quences according to Table. 3.3 for each thickness of the specimen and the corresponding
output deformation is set up accounting for 176 simulations for each ANN. This simulation
data will be used to determine the direct functions by training ANNs, which can effectively
predict the eigenstrains and deformation in the treated region, given pulse parameters as
inputs, however, the real inputs are converted into dimensionless inputs using dimensional
analysis for better generalization. Once the ANNs are successfully trained, validated, and
tested to approximate the direction function, they can be employed to create a comprehen-
sive database. This database will encompass eigenstrains and deformations in the treated
region for all conceivable input maximum pressure and the number of peening sequences
within the predefined parameter space. The purpose of this database is to determine the
appropriate maximum pressure (Pmax) of the pressure pulse, which produces necessary
eigenstrains thereby, deformation in the treated region that matches the LPF experiments
corresponding to a specific parameter set. This approach facilitates the possibility of elim-
inating the strenuous simulation effort required for validation with experiments.

3.3.3 Simplified predictive numerical model for LPF

In the present study, there has been a significant emphasis on numerically simulating LPF
and validating the results with experiments using the Eigenstrain approach, as discussed in
earlier sections. Furthermore, an effort has been made to explore the possibility of simpli-
fying the simulation process while still achieving sufficiently accurate results. This model,
devised to streamline computational efficiency and mitigate complexity, is meticulously
designed to replicate bending phenomena resulting in a flat specimen after LPF.

In the model, the deformation of the sample is visualized through the concept of beam
bending, a familiar phenomenon where stresses within the material lead to bending as
shown in Fig. 3.16. Specifically, the model focuses on the distribution of compressive
and tensile stresses across the cross-section of the sample. After LPF, the surface of the
material typically exhibits compressive stresses, while tensile stresses are present deeper
within the material and the intensity of the stresses might not be equibiaxial.

The model simulates bending behavior using ABAQUS, enabling the definition of ini-
tial stresses within the material. It is presumed that each peening action induces biaxial
residual stresses in both in-plane directions, thus affecting the overall deformation. This
assumption aligns well with the symmetrical nature of the peening process and the assumed
isotropic properties of the material.

The material parameters used in the simulation were consistent with those in the Eigen-
strain approach, ensuring continuity in the modeling approach (Table. 2.4). The workflow
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Fig. 3.16: Difference in the residual stress profile through the cross-section of the
specimen after LPF compared with the stress profile in a beam bending problem and a

simplified FE model. Instead of a linear continuous stress gradient, the FE model assumes
a simplified stress field consisting of three elements with discrete stress steps.

of the simplified FE simulation model is illustrated in Fig. 3.17. The simulation begins
with the creation of a finite element mesh representing the geometry of the sample. The
peening pattern on the sample is translated to the FE mesh. This mesh was then deformed
based on the specified initial stresses to mimic the effects of peening. The resulting de-
formed mesh was analyzed to generate height, providing a quantitative understanding of
the deformation (ref. Appendix D).

To validate the simulation results, a comparison was made with experimental defor-
mation data obtained by 3D scanning the sample after LPF. An MSE value is computed
based on the difference in height maps between the actual deformation and the simulated
deformation data. The model iteratively adjusts the initial stress values using Bayesian
optimization to minimize the MSE between the simulated and experimental height maps.
This iterative process continued until a satisfactory level of agreement was achieved (ref.
Appendix C).

Furthermore, the model addressed edge effects, where deviations between experimental
and simulated results were observed near the edges of the sample. Although attempts were
made to mitigate these effects through adjustments in stress profiles, the focus remained
on optimizing the simulation accuracy within the sample’s central region. Additionally,
the model underwent mesh grid testing to determine the optimal resolution for accurate
simulation results. Through this testing, it is confirmed that a mesh grid density of 3 linear
elements per millimeter across the thickness of the specimen adequately met the required
level of accuracy. This resulted in a total of 53,667 linear C3D8R elements covering the
entire specimen, striking a balance between computational efficiency and modeling preci-
sion.
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Fig. 3.17: Illustration of the workflow for simplified FE model for stimulating LPF.
Initially, a peening experiment with predefined parameters produces a deformed specimen,
which undergoes 3D scanning using a Creaform HandySCAN 3D scanner. From the scan
results, height and curvature maps are derived. Subsequently, the peening pattern image is
overlaid onto corresponding elements in the FE simulation. An initial stress value is then

assigned to the treated region, and height and curvature maps are generated. The MSE
indicating the disparity between the FE simulation and experiment is computed. Through

iterations, the Bayesian optimizer fine-tunes the applied stress value to minimize the
MSE, progressively enhancing accuracy until reaching the desired tolerance level. [133]
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3.4 Summary and conclusions

The methodology chapter of this thesis outlines a comprehensive approach to investigating
LPF and its optimization through systematic experimentation, data-driven modeling, and
numerical simulation approaches. The chapter describes the experiments conducted using
three parameter sets, with combinations of considered LPF process parameters and an ob-
jective to determine the most effective combination in achieving the desired deformation
in the treated region while maintaining surface quality. The experimental study employs
a full factorial DOE approach to systematically vary the input factors such as laser en-
ergy, number of peening sequences, and specimen thickness to examine their effects on the
deformation of the treated region. Various measurement techniques, including line-based
profile measurement and 3D scanning, were used to obtain accurate deformation profiles,
while surface characterization was performed using optical microscopy, SEM, and EDX to
analyze microstructural changes.

After completing the experimental phase, the collected data were thoroughly analyzed
to draw meaningful conclusions. The study employed data-driven approaches to model the
intricate relationships between LPF process parameters and deformation outcomes. ANNs
were the primary tools used for this purpose. These ANNs were trained and validated
using the experimental data, enabling the prediction of deformation patterns based on var-
ious parameter sets. The learning approach leveraged by ANNs is particularly effective
in handling the non-linear and multi-factorial nature of the LPF process, offering signif-
icant improvements in predictive accuracy. The trained ANN based on the experimental
data is used as a tool to develop a process planning methodology to demonstrate the us-
ability of the ANN predictions to obtain desired deformations via LPF. The application of
this process planning approach was tested on benchmark cases to validate its effectiveness.
These benchmark cases involved specific scenarios representative of potential industrial
applications of LPF. Furthermore, a CANN is trained to predict the peening pattern using
the deformation of the specimen as an input. This enables the prediction of the peening
patterns to obtain complex deformations on a flat specimen.

This chapter also encompasses numerical simulations to validate and complement the
experimental and data-driven approaches. The simulations utilized the eigenstrain ap-
proach, which simplifies the representation of plastic deformation induced by LPF. Ad-
ditionally, a simplified predictive numerical model to predict deformation after LPF is de-
veloped, to enable the generation of sufficiently accurate data that can be used to create a
CANN model to predict the peening patterns for LPF. By comparing the simulated defor-
mation profiles with experimental results, the validity and reliability of the computational
models were confirmed. These simulations provide detailed insights into the LPF process,
facilitating the prediction of deformation profiles and aiding in the fine-tuning of process
parameters.
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This methodology was applied to study and optimize the LPF process to obtain and
correct deformations in thin Ti6Al4V sheets. The systematic investigation of LPF process
parameters and the development of data-driven models significantly enhance the ability to
control deformation outcomes accurately. The ANN prediction integrated process plan-
ning approach not only improves the efficiency and precision of the LPF process but also
provides a scalable solution for practical applications. The results and findings from these
investigations are discussed in the following chapter. The subsequent chapter delves into
a detailed analysis of the outcomes, offering insights into the practical implications and
potential applications of the optimized LPF process. This detailed exploration ensures that
the theoretical concepts and practical findings are well-connected and aligned, providing a
robust foundation for future research and application in the field of laser peening.





4
Results and discussion

The results and discussion chapter present the comprehensive findings of this research,
which aimed to advance LPF process as an innovative technique for fabricating thin-walled
Ti6Al4V structures in the aerospace industry. This chapter explores three essential aspects
of the study, each contributing valuable insights and outcomes to the overall goal of devel-
oping an autonomous forming and straightening process using LPF. These aspects include
experimental investigations and process parameter studies, numerical simulations utilizing
the eigenstrain method, and data-driven methodologies for process optimization as well as
process planning.

The experimental investigations identify optimal LPF process parameters for the de-
sired deformation without compromising surface quality. Numerical simulations based on
the eigenstrain method validate experimental findings. Data-driven techniques are tested,
and an ANN-based process planning approach is presented and validated on benchmark
cases of deformation and correction applications. The challenge of finding optimal peen-
ing patterns using a simplified modeling approach with CANN is discussed. This chapter
integrates experimental, data-driven, and numerical simulation findings, providing com-
prehensive insights into the potential of LPF and its challenges.

This chapter brings together the experimental, numerical, and data-driven findings, pro-
viding comprehensive insights into the potential and challenges in the application of LPF.
The successful integration of these three aspects highlights the innovative and interdisci-
plinary approach taken in this research.

69
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4.1 Impact of LPF process parameters on deformation and
surface quality

The experimental investigations delve into the identification of an optimal LPF process
parameter window that achieves the desired deformation without compromising the surface
quality of the peened region. By systematically varying laser energy, overlap, sacrificial
overlay, and the number of peening sequences in various parameter sets as shown in Table
3.1, insights into the influence of these parameters on deformation and surface integrity
were obtained.

4.1.1 Effect of overlap and laser energy on LPF

The investigation of LPF process parameters in parameter set 1 included varying laser
energy, overlap, and the type of sacrificial overlay. In these experiments, both sacrificial
overlays, namely aluminum and stainless steel foils, were found to be destroyed during the
peening process, even at an overlap as low as 10/10. This failure of the sacrificial overlay
resulted in imperfect peening, leading to surface damage in the peened region. Several
factors may have contributed to this outcome, such as poor adhesion of the overlay with
the specimen surface, air entrapment between the overlay and the specimen, or overlap
that caused multiple laser shots in close proximity. Despite taking precautions to avoid air
entrapment or poor adhesion between the sacrificial overlay and the specimen, the overlay
still experienced breakage during peening at the lowest laser energy, as depicted in Fig.
4.1. This indicates that the failure is predominantly influenced by the overlap parameter.

Fig. 4.1: Effect of overlap (50/50) on sacrificial overlay at a laser energy of 1.8 J for (a)
Aluminium foil and (b) stainless steel foil. (Reprinted from [132]).

During the peening process with high overlap, the top surface of the sacrificial overlay
experiences multiple shock waves with extremely high magnitudes in a short period [17].
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The energy from the laser vaporizes the near-surface region of the sacrificial overlay, mak-
ing it thinner, which could be a contributing factor to its fracture (also reported in [123]).
Additionally, the intense shock wave propagation may have caused cracks in the sacrificial
overlay. Based on the above findings from parameter set 1, it becomes evident that having
an overlap during the LPF process with a sacrificial overlay is not recommended.

In the case of parameter set 2 (ref. Table 3.1), the laser energy is varied without over-
lap with the goal of identifying the maximum energy that sacrificial overlay can sustain
without getting damaged. Initially, aluminum foil with a thickness of 50 µm was used as a
sacrificial overlay for peen-forming Ti6Al4V. However, it was found that even at the lowest
laser power density within this parameter set, the aluminum foil was damaged, rendering
it unsuitable for the experiments. As a result, all further experiments were carried out us-
ing stainless steel foil as the sacrificial overlay. The experiments with stainless steel foil
demonstrated that it could withstand laser energies ranging from 0.5 J to 3.1 J (refer to Fig.
4.2(a) to Fig. 4.2(e)). As a result, a safe working range for laser peening of Ti6Al4V sheets
without causing surface damage in the treated region was identified without any overlap,
using stainless steel foil as the sacrificial overlay.

Fig. 4.2: Impact of laser energy on stainless steel sacrificial overlay in the treated region
at (a) 1.8 J (b) 2.1 J (c) 2.7 J and (d) 3.1 J (Reprinted from [132]).
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4.1.2 Impact of peening sequences and laser energy on deformation
in the treated region - using a sacrificial overlay

Significant deformation in the treated region was achieved by varying the laser energy
within the range of 1.8 J to 3.1 J, ensuring no overlap (parameter set 2). Stainless steel was
utilized as a sacrificial overlay for these experiments. The number of peening sequences
was increased from 1 to 4, as illustrated in Fig. 4.3. This investigation encompassed
specimens with thicknesses of both 1 mm and 2 mm.

These LPF parameters yielded a distinctive deformation phenomenon where the peened
region exhibited convex curvature, diverging away from the laser source (also observed in
[63]). The convex deformation is attributed to the intensified local plastic deformations
through the thickness of the specimen, caused by increasing the number of peening se-
quences. Consequently, an observable cumulative effect manifests as an amplified defor-
mation phenomenon across the peened area.

Fig. 4.3: Influence of peening sequences(n) on deformation at a laser energy of 3.1 J using
stainless steel as a sacrificial overlay for (a) 1mm, and (b) 2 mm thick specimens. The

region indicated inside the red square is treated by LPF. (Reprinted from [132]).

The arc radius measured in the peened region decreases with an increase in the laser
energy and the number of peening sequences (see Fig. 4.4). Furthermore, a saturation
in arc radius can be observed with increasing the number of peening sequences in the
treated region (also reported by [63]). This outcome is attributed to the increase in laser
energy causing a significant increase in local plastic strains through the specimen within
the peened area. A study by Pence et al. [113] demonstrated comparable convex defor-
mation behavior during an experimental investigation aimed at comprehending the impact
of process parameters on post-LPF deformation. The plastic strains generated within the
treated area lead to compressive residual stresses near the surface. Consequently, a tensile
strain emerges along the lateral direction, instigating an outward deformation moment that
manifests as concave deformation [63].
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Fig. 4.4: Measured arc radius in the LPF-treated region for different laser energies and the
number of peening sequences in (a) 1mm, and (b) 2 mm thick Ti6Al4V sheets.

The successful application of LPF utilizing a stainless steel foil as a sacrificial overlay,
allowed for the controlled generation of various arc radii within the treated area by varying
laser energy and the number of peening sequences. However, a notable limitation is the
eventual saturation of arc radii after a certain number of peening sequences which could
potentially restrict the maximum achievable arc radii across the treated region. Addition-
ally, the experimentation process is labor-intensive and time-consuming due to the need
to remove the sacrificial overlay after each peening sequence. Consequently, it becomes
imperative to explore the impact of LPF process parameters in the absence of a sacrificial
overlay, and the ensuing discoveries are presented in the following section.

4.1.3 Effect of laser energy, peening sequences, and overlap - without
sacrificial overlay

In experiments corresponding to the parameter set 3, all the key process parameters influ-
encing the LPF process were varied to understand their influence on deformation in the
treated region. In this particular parameter set, the absence of a sacrificial overlay was de-
liberate due to the previous findings indicating that the sacrificial overlay sustains damage
when peening involves overlapping. The omission of a sacrificial overlay in LPF allows
for a more comprehensive exploration of the combined effects arising from alterations in
laser energy, overlap, and the number of peening sequences, all impacting the resulting arc
radius in the treated region. Nevertheless, it should be noted that the surface quality of the
treated region experiences an impact due to the peening process as shown in Fig.4.5, which
involves surface ablation.

Investigating overlap in the treated region: The LPF experiments were conducted on 1
mm thick Ti6Al4V sheets at a laser energy of 3.1 J. These trials encompassed three differ-
ent levels of overlap in the scanning direction: no overlap, 25% overlap, and 50% overlap,
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Fig. 4.5: Deformation obtained within the peened area following LPF in the absence of
the sacrificial overlay. The presence of a blackened surface signifies the development of

an oxide layer within the treated region. (Reprinted from [132])

and the number of peening sequences varied from 1 to 4. An evident trend emerged as
shown in Fig. 4.6, wherein an increase in overlap led to enhanced deformation within the
peened area compared to lower overlap conditions. As the overlap increases, the effec-
tive number of laser shots per unit area within the peened region also rises. Consequently,
this leads to higher induced local plastic strains, and subsequently increasing global defor-
mation. This observation aligns well with the findings of Luo et al. [94], who reported a
similar correlation between increasing overlap ratios and higher levels of induced plastic
strains within the peened region.

Fig. 4.6: The influence of overlap (%scan/%step) on arc radius in Ti6Al4V specimens of
1 mm thickness after LPF process at a laser energy of 3.1 J, progressively increasing the

peening sequences.

Additionally, for the specimen treated with 50% overlap and only one peening se-
quence, the arc radius closely resembles that of specimens treated with 0% overlap and
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two peening sequences. This similarity in arc radii arises since, while processing with
50% overlap, two shots per unit area are effectively applied to 95% of the peened region
which is similar to having two peening sequences. The remaining 5% near the edges re-
ceive a single shot per unit area. As a result, performing LPF at higher levels of overlap
and fewer peening sequences yields deformation results comparable to those achieved with
lower overlap percentages but a higher number of peening sequences.

Higher overlap ratios with fewer peening sequences present a notable technological
advantage. This strategy could lead to reduced process times, as the efficient utilization of
laser shots over a larger area reduces the need for numerous repetitions.

4.1.4 Deformation in the peened region - LPF with and without a sac-
rificial overlay

A notable contrast in deformation within the treated region was evident for the same laser
energy and number of peening sequences, between instances where no sacrificial over-
lay was employed during the LPF process and situations involving the use of a sacrificial
overlay, as illustrated below (Fig. 4.7).

Fig. 4.7: The influence of sacrificial overlay on arc radius within the LPF processed area
for 1 mm thick Ti6Al4V specimens at a laser energy of 3.1 J with varied peening

sequences without an overlap.

In cases over one peening sequence, the achieved deformation without the presence of
an overlay is notably reduced by approximately 60% when compared with the deformation
achieved through LPF employing stainless steel as a sacrificial overlay. The increase in
deformation can be attributed to the fact that the induced shock pressure is higher when a
sacrificial overlay is used, which results in greater plastic deformation [38].
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4.1.5 Impact of LPF process parameters on surface characteristics of
the peened region

The surface of the peened region, achieved through LPF, exhibits unique characteristics
determined by the chosen combinations of process parameters. A crucial factor impacting
surface quality is the incorporation of a sacrificial overlay during the LPF process. When
considering samples processed using LPF with a sacrificial overlay, the chemical compo-
sition of the peened region remained unaffected. However, the impact of laser shots led
to the formation of micro-indentations as shown in Fig. 4.8(a, c). On the other hand, the
peened region lacking a sacrificial overlay displayed indications of both surface re-melting
and oxidation (Fig. 4.8(b)).

Fig. 4.8: Impact of LPF process parameters on the surface quality of the peened area in
specimens treated at 3.1 J following four peening sequences: (a) using a sacrificial

overlay, (b) without a sacrificial overlay. (c) Measurement of surface micro-indents on
peened regions treated at 1.8 and 3.1 J with a sacrificial overlay, considering different

peening sequences. (Reprinted from [132])

Each micro-indent formed corresponds approximately to the cross-sectional area of the
utilized laser shot as indicated in Fig. 4.8 and the height of these indents is proportionally
influenced by the laser energy. A transition from 1.8 to 3.1 J in laser energy resulted in
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distinct micro-indents with well-defined characteristics, featuring an average height range
of 2.5 to 4 µm. These trends align closely with the observations derived from surface
topography investigations on the peened region for materials such as TiAl alloy [122] and
LY2 alloy [175].

In accordance with the ISO 4288:1998 standard, the surface roughness of the unpeened
region and the peened region in LPF specimens from parameter sets 2 and 3 were mea-
sured. The roughness of the base material was 0.84 µm. Fig. 4.9 illustrates the roughness
value, denoted as Ra (µm), of the peened region in LPF specimens under various laser
energies as well as peening sequences with and without the incorporation of a sacrificial
overlay. Notably, an observable trend emerged wherein the roughness of the peened sur-
face increased after LPF without a sacrificial overlay in correlation with higher laser energy
and an escalating number of peening sequences. Conversely, when applying peening with
a sacrificial overlay, there is no substantial increase of roughness within the peened re-
gion. This observation suggests that utilizing LPF with a sacrificial overlay is suitable for
applications that prioritize superior surface quality.

Fig. 4.9: Surface roughness in the peened region after LPF (a) with and (b) without a
sacrificial overlay.

A similar trend emerged, wherein an increase in the overlap corresponded to a signif-
icant escalation in roughness within the peened region [132]. This rise in roughness is
primarily attributed to the intensified processes of surface ablation and re-melting, both
stemming from the impact of multiple high-overlap laser shots [134, 29, 47].

With a comprehensive examination of macroscopic surface attributes, a detailed explo-
ration of the surface characteristics and chemical composition is performed in the treated
region due to the observed surface oxidation and ablation after LPF without using a sacri-
ficial overlay. Both the untreated and treated regions of an LPF-processed specimen were
subjected to SEM and EDX analyses. The chemical profiles at specified locations are il-
lustrated in Fig. 4.10. A marked disparity in surface topography between the peened and
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unpeened regions was observed, as indicated in region 1 of Fig. 4.10(a) and Fig. 4.10(b).

Fig. 4.10: SEM and EDX analyses of the unpeened region and peened region of LPF
processed specimen without a sacrificial overlay at a laser energy of 3.1 J (a) Unpeened

region (b) Peened region (c) EDX spectra of region 1 in the unpeened area (d) EDX
spectra of the region 1 in LPF area

Notably, the presence of an oxide layer was affirmed by comparing the EDX spectra
from the marked area 1 of the unpeened region with that of the peened region. Spectral
data acquired from the unpeened and peened regions, showcased in Fig. 4.10(c) and Figure
4.10(d), distinctly reveal the presence of key elements. Specifically, strong signals associ-
ated with titanium are evident, represented by the Lα1 and Lα2 lines at approximately 0.45
keV, as well as a robust Kα1 line at 4.51 keV. Furthermore, peaks corresponding to alu-
minum (Kα1) and vanadium (Kα1) are discernible at 1.48 keV and 4.95 keV, respectively.

The appearance of elements such as silicon (Si) and iron (Fe) may be attributed to
surface contamination originating from prior manufacturing processes. Intriguingly, the
spectra obtained from the peened region closely resemble those from the unpeened region.
Nevertheless, a notable disparity arises in the form of a significant upsurge in the oxygen
peak intensity at 0.52 keV in the peened region’s spectrum (Fig. 4.10(d)). This heightened
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oxygen (O) presence is indicative of pronounced surface oxidation within the peened re-
gion, a consequence attributed to direct plasma ablation at the target surface during LPF in
the absence of a sacrificial overlay.

In addition to the formation of an oxide layer in the treated region, while peening
without a sacrificial overlay, micro-cracks were also observed. The length of these micro-
cracks typically ranges from 1 to 2 µm at the near-surface region in the oxide layer formed
after the peening process as indicated in Fig. 4.11. The appearance of micro-cracks may
result from the rapid re-melting and vaporization of the surface during each laser pulse.

Fig. 4.11: Near surface region of the (a) unpeened specimen, and (b) the peened specimen
without a sacrificial overlay at 1.8 J after one peening sequence without an overlap.

The LPF experiments, both with and without a sacrificial overlay, clearly reveal dis-
tinct surface features within the peened region. Increasing laser energy and peening se-
quences resulted in greater bending in the treated region. The peened region exhibited
micro-indentations of varying heights (2-5 µm), with no significant chemical damage ob-
served on the surface. LPF with a sacrificial overlay is advantageous as it eliminates the
need for additional surface processing. However, it involves the removal and application
of the sacrificial overlay in the treated region for every peening sequence.

In contrast, LPF without a sacrificial overlay led to surface oxidation and micro-crack
formation on the specimen’s peened region. To achieve significant bending, more overlap
and peening sequences were needed, but this compromised surface quality. The peened
area had increased roughness, and EDX analyses revealed a 1.5 µm oxide layer. Post-
processing may be required to achieve the desired surface quality. These micro-cracks
were primarily confined to the near-surface regions of the specimen.
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4.2 Data-driven approaches: predicting deformation and
process planning

Various data-driven techniques are tested using the data acquired from the LPF experi-
ments and their performance is evaluated. A data-driven process planning approach using
ANN to predict deformation induced by LPF is presented and validated using benchmark
cases of deformation and correction applications. The challenge of finding optimal peening
patterns, using a simplified modeling approach with an ML-based cellular automata neu-
ral network (CANN) is presented. The results and implications of this pattern prediction
endeavor are discussed in the context of potential advancements and limitations.

4.2.1 Performance of ANN trained on data from LPF experiments

This section discusses the outcomes of the ANN, trained using experimental data. Through-
out the training process, the MSE metric was calculated for both the training and validation
datasets after each epoch. The graphical representation of the performance metric derived
from the training and validation data across the epochs is referred to as the learning curve.
Learning curves play a crucial role in comprehending the model’s development during
training and identifying behaviors such as underfitting or overfitting. Additionally, they
aid in diagnosing the appropriateness of the training and validation datasets. The resulting
learning curve for this ANN is depicted in Fig. 4.12. It is evident from the curve that
the MSE gradually decreases and stabilizes as training progresses, indicating that further
training is unnecessary.

The training concludes at 500 epochs, with early stopping triggered at epoch 159 due
to a patience threshold of 250 epochs. The optimal weights of the model are restored at this
point. The performance of the ANN post-training is depicted in Fig. 4.12(a). It is evident
that the majority of predicted deformation values from the training, validation, and test
datasets fall within the ± 10% range. However, a few outlier values are observed in pre-
dicting the test data. Overall, the values of R2 and MSE, as presented in Table 4.1, demon-
strate acceptable agreement between predicted and true deformations across the training,
validation, and test datasets.

Table 4.1: Performance metrics of the trained ANN on experimental datasets

Performance metrics
Dataset R2 (%) MSE (mm2)
Train 97.95 0.04758

Validation 93.95 0.07101
Test 88.99 0.08183

The scatter plot illustrated in Fig. 4.12(b) presents the comparison between true and
predicted data obtained from the ANN. The ANN’s ability to generalize can be assessed
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by its performance on the test dataset, achieving a coefficient of determination of 88.9%.

(a)

(b)

Fig. 4.12: The performance of the ANN is evaluated using the experimental dataset. (a)
The performance metric (MSE) is tracked during training on both the training and

validation datasets. (b) The visualization illustrates the predicted deformation values
compared to the true deformation values from the trained ANN across the training,

validation, and test datasets. A dashed line indicates perfect prediction (predicted value
equals true value), while the shaded conical region represents a relative error of ±10%

deviation from the true value.[131]

The true deformation profile within the peened region is compared with the predicted
deformation obtained from the trained ANN. Notably, a reasonable agreement between
the true and predicted deformation profiles is observed for exemplary cases from the test
dataset, as depicted in Fig. 4.13(a) - Fig. 4.13(f). In instances where the deformation
after LPF measures below 1 mm (as shown in Fig. 4.13(d)), it was noted that the predicted
deformation from the ANN tends to be higher than the measured deformation. Nonetheless,
for significant deformations exceeding 1 mm, the predicted profiles exhibit insignificant
deviations from the true deformation observed in the experiments.



82 Chapter 4. Results and discussion

(a) (b)

(c) (d)

(e) (f)

Fig. 4.13: A comparison is made between the actual and predicted deformation values in
the peened region, exemplified across different process parameters corresponding to the

test dataset, which remains strictly unknown to the trained ANN. The process parameters
include EL for laser energy, n for the number of sequences, and T for the specimen

thickness. The actual profile is derived from real experiments, while the predicted profile
is generated by the ANN.
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The findings indicate that the ANN is capable of accurately predicting deformation
in the peened region. However, to effectively utilize these results in addressing complex
scenarios, such as those encountered in typical LPF applications, a robust framework is
necessary. LPF applications commonly involve inducing deformations in flat specimens
or rectifying deformations caused by various processing conditions [44]. Hence, to show-
case the practical application of deformation predictions post-LPF, a data-driven planning
framework is proposed in this study. This framework leverages an ANN trained on exper-
imental data to modify and deform thin Ti6Al4V sheets, ultimately achieving the desired
target shapes.

4.2.2 Implementation of process planning approach for deforming and
modifying thin sheets

LPF can be applied to large structures with complex geometries and varying curvatures.
Achieving the desired target deformation often involves employing multiple laser ener-
gies across different regions of the specimen. In this study, a data-driven process planning
methodology is proposed (ref. Sec. 3.2.5), utilizing deformation predictions generated by
a trained ANN. The objective is to modify deformation via LPF without the need to solve
an inverse problem. The iterative discretization and optimizer, guided by physical and pro-
cess constraints, offer flexibility in tailoring the process planning strategy to accommodate
different initial deformation profiles. Additionally, employing a peen-and-measure cycle
reduces the necessity for redundant LPF treatments.

As such, the presented process planning approach is evaluated across four distinct use
cases. The first two cases demonstrate the feasibility of using LPF on flat sheets to achieve
desired target deformations, while the latter cases showcase the modification of pre-bent
structures. In all scenarios, the process control constraints of the optimizer were defined
with maximum laser energy (EL ≤ 3.0 J) and a limit of four sequences (n) due to pro-
cess constraints. The thickness (T ) of the sheet material varied according to the specimen
thicknesses utilized.

4.2.2.1 Demonstrating LPF application on flat sheets

The first use case showcases the direct application of LPF treatment at various locations on
a flat Ti6Al4V sheet (as in Fig. 4.14), measuring 1 mm in thickness and 80 mm in length,
to achieve a desired target deformation. The ∆D curve, representing the initial specimen
before peening and the target profile, was computed.

As depicted in Fig. 4.15(a), a discretization step size of 10 mm was selected. The dis-
cretized parts ∆D1(x), ∆D2(x), ∆D3(x), and ∆D8(x) remained untreated as they remained
flat, indicating a radius beyond the upper limit of the prediction database of the ANN. The
regions of the specimen corresponding to the remaining discretized units were subjected to



84 Chapter 4. Results and discussion

Fig. 4.14: Exemplary 1 mm and 2 mm thick Ti6Al4V LPF treated specimens bent to
target shapes from initially flat shape.

(a)

(b)

Fig. 4.15: Use Case 1: Illustration of process planning for peening a flat Ti6Al4V
specimen, 1 mm thick, to achieve a target profile utilizing predictions from a trained

ANN.(a) Discretization of the ∆D profile is conducted with a step size of 10 mm. The
circular fit data for each discretization is employed to reconstruct the deformation profile,

which is then compared with the database of predicted deformation profiles to map the
corresponding parameters for the LPF process. (b) Evaluation of the achieved

deformation profile with the target profile post-LPF treatment across various regions. The
shaded grey area highlights regions with a relative error of ±10% deviation from the

target deformation.
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LPF using process parameters (EL, n) recommended by the optimizer (refer to Table B1 in
Appendix B) based on the fit with the ANN-predicted profiles. A cyclic peen-and-measure
cycle, as illustrated in Fig. 3.8, was implemented.

The true versatility of LPF becomes evident when both sides of the specimen are
peened. As observed by Takeshi et al. [153] in the context of shot peening, when both
sides of a panel receive equal energy, the material primarily elongates due to opposing
bending moments. However, by employing different LPF process parameters and peening
both sides in various regions, the bending direction can be altered from convex to concave
(as shown in Fig. 4.16), resulting in shapes like saddles or twists, as demonstrated by
Hu et al. [65]. Therefore, an important application is the ability to achieve more intricate
shapes through LPF, such as the S-shaped curved specimens depicted in Fig. 4.17. To
illustrate such an application, a target profile resembling this geometry was considered. A
2 mm thick flat Ti6Al4V specimen was utilized and peened with ANN-predicted process
parameters to attain the desired (S-shaped) deformation profile.

Fig. 4.16: Exemplary 1 mm and 2 mm thick Ti6Al4V LPF treated specimens
bidirectionally bent to target shapes from initially flat shape.

To effectively accommodate variations in the curvature of the target deformation pro-
file, a variable discretization step size (Ds) is selected. Recognizing that the ∆D(x) profile
comprises both flat regions and areas where the bending direction changes from convex to
concave, four discretizations ∆D1(x), ∆D2(x), ∆D3(x), and ∆D4(x) are identified. These
correspond to different curvature changes within the profile.

Peening of the specimen with the anticipated process parameters from the trained ANN
is carried out on both sides in the regions associated with ∆D2(x) and ∆D3(x) to induce cur-
vature changes. However, circular approximation in the regions of ∆D1(x) and ∆D4(x) re-
sults in excessively large arc radii, exceeding the bounds of deformation profiles predicted
by the ANN. Consequently, no LPF treatment is administered in these areas.

Initially, one side of the region ∆D4(x) is peened, while the other side of the region
∆D3(x) is treated, as depicted in Fig. 4.17(a). Comparison of the deformation profile
post LPF treatment with the target profile reveals that the deformation profile D(x) falls
within a 10% tolerance of the desired target profile. The achieved profile after peening
closely matches the target profile up to a length of 60 mm (Fig. 4.17(b)), with a maximum
deviation of 0.11 mm observed at a length of 67.5 mm. Corrective measures beyond this
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point are impractical since the measured deviation falls within the limits of relative error
from the ANN predictions.

(a)

(b)

Fig. 4.17: Use Case 2: Employing LPF to achieve an S-shaped desired geometry from a
flat Ti6Al4V specimen, 2 mm in thickness. (a) Employing varying discretization step

sizes (Ds) for effective peening of the specimen. Utilizing LPF process parameters
predicted by ANN, the specimen undergoes peening on both sides at appropriate

locations. (b) Comparative analysis between the deformation profile of the LPF-treated
specimen and the desired profile. A shaded region illustrates a relative error of ±10%

deviation from the target shape.

In both instances of LPF application on flat specimens, a convex bending relative to
the peening direction was achieved. This convex bending occurs as a result of plastic de-
formation near the surface of the treated region, leading to strain incompatibility between
the surface and the remaining area of the specimen Hu and Grandhi [58]. In summary, the
process planning methodology proposed in this work can be effectively employed to ma-
nipulate flat specimens, enabling them to conform to predetermined target geometries. For
the fabrication of complex shapes with deformation transitioning from convex to concave,
it is necessary to apply LPF treatment to both sides of the specimen.



4.2. Data-driven approaches: predicting deformation and process planning 87

4.2.2.2 Demonstrating LPF for modifying deformation in pre-bent sheets

In addition to its capability to shape flat specimens, LPF can also be effectively utilized
for precise correction of deformations in pre-bent specimens. Such corrections are fre-
quently required for various structural components due to distortions arising from thermal
interactions during diverse manufacturing processes. An illustrative instance of reshaping
with LPF is documented in Friese et al. [41], where reshaping was necessary for a laser-
welded fuselage of an Airbus A380 aircraft. Additionally, O’Hara [109] reported on the
application of peen forming for thin sheets, emphasizing the process’s ability to rectify
deformations. This capability holds particular appeal for the restoration of large struc-
tural components, given their substantial associated costs. Therefore, in this study, two use
cases were examined to demonstrate the alteration of the radius of curvature in pre-bent
specimens to achieve a desired target shape through the application of the process planning
methodology.

Fig. 4.18: Application of LPF on a pre-bent specimen to modify the existing deformation.

To illustrate a use case of transforming a bent specimen into a flat one using LPF, a
1 mm thick Ti6Al4V specimen is manually rolled to achieve a radius of 140 mm, repre-
senting the initial deformation (Fig. 4.18). This pre-bent specimen undergoes local treat-
ment with LPF using process parameters predicted by the ANN corresponding to each
discretized unit.

Given that the ∆D(x) profile equals Di(x) (since Di(x) = 0 for a flat sample), a dis-
cretization step size (Ds) of 65 mm is chosen (as shown in Fig. 4.19(a)). This decision is
based on the observation that the arc radius remains constant over the entire span of the
pre-bent specimen, except for the initial flat region. LPF treatment is specifically applied
to the concave region of the specimen to reduce the radius of curvature and achieve a flat
specimen.

It is noted that deviations of approximately 0.10 mm occur within the specimen be-
tween 20 mm and 50 mm measured from the left edge (Fig. 4.19(b)), which fall within
the ±10% tolerance level. However, larger deviations from the target deformation profile
(approximately −0.18 mm) are observed at both ends of the specimen, possibly due to foil
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delamination during peening [132]. Consequently, it can be deduced that pre-bent spec-
imens with a constant arc radius can be transformed entirely flat through the successful
application of LPF. Nonetheless, a maximum deviation of ±0.2 mm may occur due to the
limitations of the ANN prediction.

(a)

(b)

Fig. 4.19: Use Case 3: Flattening a 1 mm thick curved Ti6Al4V specimen with a radius of
140 mm through LPF treatment utilizing process parameters obtained from optimization.

(a) The ∆D profile is divided into two segments: ∆D1(x) spanning 10 mm for the flat
region and ∆D2(x) covering 70 mm for the curved region of the specimen. (b) Analysis of
the deviation of the deformation profile from the desired target following LPF treatment

along the length of the specimen.
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LPF proves effective in rectifying minor local deviations or errors that may occur dur-
ing the manufacturing process of curved components. An instance of this arises when
making slight adjustments to the arc radius in pre-formed structures or addressing spring-
back during the uniform incremental forming of sheet metal structures. Such correction
applications are exemplified by considering a 1 mm thick Ti6Al4V sheet, 80 mm in length,
initially bent by hand rolling to a radius of curvature of 75 mm (as shown in Fig. 4.20).
However, a deviation of about 5 mm occurred during the rolling process. Approximately
10 mm at the beginning of the specimen was intentionally left unbent to facilitate clamping.

Fig. 4.20: Application of LPF on a pre-bent specimen to modify the existing deformation.

The objective was to reduce the radius of curvature to 100 mm using LPF across the
span of the specimen, except for the flat region. However, due to the deviation at the right
edge of the specimen, it became evident during discretization that multiple subdivisions
were necessary to rectify the curvature effectively.

Following the described procedure for discretization, a ∆D(x) was computed and di-
vided into three segments (refer to Fig. 4.21(a)): ∆D1(x) spanning 10 mm, ∆D2(x) cov-
ering 40 mm, and ∆D3(x) spanning 30 mm, respectively. The region ∆D1(x) remained
untreated, while ∆D2(x) underwent peening using process parameters optimized through
the optimizer.

In this corrective process aimed at reducing curvature, the discretized unit ∆D2(x) from
the fixed end was prioritized for peening first. This strategic approach was chosen because
even minor deformations in this region could significantly mitigate the deviation at the
right edge of the specimen. Conversely, peening ∆D3(x) initially would have been coun-
terproductive, as it would further diminish deformation at the edge while treating ∆D2(x).

Following a cycle of peening and measurement, it was observed that the target defor-
mation profile was attained, rendering the peening of the region corresponding to ∆D3(x)

unnecessary. The curved region of the specimen, with an initial arc radius of 75 mm, could
be corrected to achieve an arc radius of 108 mm after LPF treatment, while the target radius
was 110 mm (see Fig. 4.21(b)). This resulted in a maximum deviation of 0.51 mm at the
free end of the specimen.

Utilizing the database established by the trained ANN, the proposed LPF process plan-
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(a)

(b)

Fig. 4.21: Use Case 4: Implementing LPF to rectify a curved Ti6Al4V sheet with an arc
radius of 75 mm, adjusting it to a radius of 100 mm. (a) The computed ∆D profile of the
specimen is segmented into three parts: ∆D1(x), ∆D2(x), and ∆D3(x). LPF treatment is
applied to the concave region of the specimen to decrease the radius of curvature. (b) A

comparison is made between the deformation profile post LPF treatment in region ∆D2(x)
and the target deformation profile. Evidently, the desired target profile is achieved after

peening in the region ∆D2(x); thus, further processing is deemed unnecessary.

ning methodology facilitates successful deformation of both flat and pre-bent specimens
by inducing deformations in 1 mm and 2 mm thick sheets, as demonstrated in the afore-
mentioned use cases. Employing a cyclic peen-and-measure technique ensures a broad
spectrum of process variability, enhances efficiency, and obviates the need for excessive
peening treatments.

From these experimental use cases, it was observed that a maximum deviation within
±10% from the desired target may occur, and the minimum deformation correctable by
LPF is constrained by the prediction accuracy of the trained ANN. By incorporating pro-
cess control inputs, the recommended LPF process parameters can be effectively deter-
mined using the proposed process planning workflow. However, this approach necessitates
critical pre-processing input, namely the discretization step size (Ds), which governs the
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number of processing steps. As observed in use case 1 (refer to Fig. 4.15(a)), excessively
small discretization can lead to increased deviations in crucial regions. Therefore, the dis-
cretization step size must be carefully chosen to ensure that the fitted arc radii (Rk) are not
excessively large, indicating that the discretized unit is flat and does not necessitate LPF
treatment.

Use cases 1 and 2 illustrate the applicability of the LPF process in obtaining compo-
nents with uniform arc radius as well as those with a transition in arc radius from convex to
concave. Conversely, use cases 3 and 4 showcase the successful modification of pre-bent
specimens. In these scenarios, when the required ∆D(x) profile values are less than 0.5 mm,
the technique exhibits limitations in suggesting appropriate process parameters, as the de-
formation profile tends to be linear. This could potentially lead to inaccurate conclusions
in certain instances due to extremely large values of arc radius (Rk) when approximated by
a circular fitting function. Nonetheless, significant deformations in thin sheets exceeding
0.5 mm can be precisely corrected or modified to attain the desired target profile.

4.2.3 Prediction of required peening pattern for LPF to obtain a de-
fined target geometry from a flat sheet

Predicting the required peening pattern for LPF to transform a flat sheet into a defined
target geometry is a critical challenge, as it necessitates the precise control of numerous
parameters, as illustrated in Fig. 2.6. The effectiveness of LPF relies on specific process
parameters such as laser power density, the number of peening sequences, and the thickness
of the specimen. Previous results have demonstrated that data-driven approaches can ef-
fectively predict deformation in the peened region for a specific set of process parameters,
typically resulting in a consistent radius of curvature change along one direction, while
remaining constant along the shorter edge of the specimen. However, for deformation that
occurs in two directions on a flat sheet, the application of LPF depends on accurately de-
termining the optimal peening pattern. This highlights the complexity and importance of
identifying the right combination of parameters to achieve the desired geometry. Thus,
the present section summarises the findings from the trained CANN, which can predict a
peening to obtain a desired deformation using LPF (ref. section 3.2.6).

Throughout the training process, the model refines its ability to predict the actual peen
pattern that induces the curvature specified in the input channel. The evolution of these
predicted peen patterns is depicted in Fig. 4.22. From Fig. 4.23 it can be seen that the
loss progressively decreases from an initial value of 10−1 (corresponding to random ini-
tialization of weights and biases) to approximately 5× 10−4. The gradient magnitude is
depicted on the right vertical axis, where a larger magnitude indicates significant changes
in the weights and biases. Peaks in the log-loss sometimes coincide with rises in gradient
magnitude. Furthermore, a comparison of the training loss with a change in batch sizes can
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be observed in Appendix F (see Fig. F.2).

Fig. 4.22: The evolution of the predicted peening pattern (frames 0, 1, 3, 100) during the
training of the CANN model. The bottom-most pattern is the target pattern [132].

Fig. 4.23: The training loss and gradient magnitude during training of the CANN. As
observed on the left, the loss decreases as the training progresses and the CANN learns to
predict the peened pattern. The gradient magnitude is indicated on the right, generally, a

large gradient magnitude means large changes in the weights and biases. [83]



4.2. Data-driven approaches: predicting deformation and process planning 93

A crucial aspect to consider is long-term stability and to ensure that there is no catas-
trophic forgetting [79] during the training process. This is avoided by using a "pool" of
inputs Hi at different phases in time/iterations, not to be confused with CNN pooling lay-
ers. The pool might be an array like [H100, H200, . . . , H900, H0, H600]. For each training
step, a dozen or so randomly chosen Hi are taken from the pool, trained, and then put back
in. Over time, this leads to very high iterations, ensuring the model maintains the correct
pattern. This approach prevents "catastrophic forgetting," one or more Hi are reset to H0,
allowing effective training over thousands of iterations (see Fig. 4.24).

Fig. 4.24: The evaluation log-loss plot demonstrates that using pooling achieves
long-term stability. The loss reaches its minimum at 100 iterations and then increases

slightly until 400 iterations. [83]

Fig. 4.25: The training log-loss plot during training on a training set of 37 different
peening patterns with a batch size of 16. [83]

In the present work, the goal is to generate the target from arbitrary input curvatures, re-
quiring simultaneous training on multiple curvatures. Thus, it involves not just Hi but H j,i,
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with j representing the index of the input curvature map. The pool was helpful for this pur-
pose, allowing extension with images of other indices, such as {H1,100,H1,500, . . . ,H15,200}.
In this case, the loss achieved after 5000 training steps with a batch size of 16 is shown in
Fig. 4.25.

The predicted peening patterns of the training data set and the evaluation data set
(strictly unknown to the training dataset) are shown below (Fig. 4.26). It can be seen
that MSE is in the range of 10−4 to 10−3 indicating an accurately trained model.

Fig. 4.26: The peening patterns predicted by the trained CANN model after training for
600 iterations. The first set of patterns are a few exemplary patterns collected from the
training dataset. The second set of peening patterns is from the evaluation dataset. The

numbers on top indicate the index of the image (not of any relevance) and the MSE when
compared to the true peening pattern. [83]
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4.3 Numerical simulation and experimental validation of
LPF

In tandem with experimental efforts, numerical simulations based on the eigenstrain method
were carried out to model the LPF process for thin-walled Ti6Al4V strips. These simula-
tions enable a cost-efficient calculation of the resulting deformation and provide a valuable
validation tool for experimental findings. Furthermore, the scalability of the numerical
simulation approach allows for its application to larger specimens and complex peening
patterns, enhancing its versatility and utility.

4.3.1 Findings from LPF simulation using Eigenstrain approach

The plastic strains in the region subjected to pressure pulses (which is the equivalent of a
laser pulse) are obtained after simulation on the source geometry according to the Eigen-
strain approach (ref. Sec. 3.3.1). As depicted in Fig. 4.27(a) and 4.27(b), it is evident that
the peened area exhibits localized plastic strains. These strains arise when the pressure of
the shock wave induced by peening surpasses the dynamic yield stress of the target mate-
rial [119]. The induced plastic strains in the treated region are primarily responsible for
bending after LPF [63]. In the central region of each laser shot, in-plane plastic strains are
observed to be negative, while towards the edges of the shot, they are positive which is an
effect caused due to wave reflection and interference in the center during each shot [119].
This effect can be better visualized in an equivalent plastic strain field as shown in Fig.
4.27(c) and 4.27(d). It is important to observe that the distribution of plastic strain changes
throughout the depth of the specimen, and it also varies depending on the position of the
laser shot on the source geometry. At the edges of the source geometry, the plastic strain
distribution differs significantly from that observed away from the edges, resulting in an
edge effect (also observed in [3]).

The in-plane residual stresses in the treated region after peening exhibits the phenom-
ena of a ’residual stress hole’ at the center of each shot, similar to the observations reported
in the literature [119, 120]. The residual stresses on the surface post-peening typically ex-
hibit a positive trend at the center and a negative trend towards the edges of each laser shot
(see Fig. 4.28). This pattern is noticeable in shots located away from the edges, while a
more intricate stress distribution emerges at the edge of the specimen.

The surface edge effects observed underscore the necessity for a tessellated distribu-
tion of the treated region, contingent upon the distance from the edges. Consequently,
eigenstrains must be analyzed in specific regions (N, E, W, S, NE, NW, SE, SW, and C as
illustrated in Fig. 3.12), achieved by averaging in-plain strains at various depths throughout
the thickness of the specimen.
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(a)

(b)

(c)

(d)

Fig. 4.27: Visualization of the plastic strain field of the surface of source geometry
following four layers of peening (i.e. n = 4) with a plasma pressure pulse having a
maximum pressure (Pmax) of 3000 MPa. (a) The in-plane strain εxx and (b) εyy. (c)

Illustration of the equivalent plastic strain on the surface and (d) through 1 mm thick
specimen.
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(a)

(b)

Fig. 4.28: The residual stress field visualization of the in-plane stresses (a) σxx (MPa) and
(b) σyy (MPa) in the treated region of the source geometry with a plasma pressure pulse
having a maximum pressure (Pmax) value of 3000 MPa after four peening sequences (n).

To explain the edge effects observed on the surface of the plastic strain fields, volume-
averaged plastic strains resolved along the depth (or through the thickness) of the specimen
in specific regions of the treated area exhibit distinct trends. As illustrated in Fig. 4.29,
considering an exemplary case of applied laser pulse with a maximum pressure of Pmax =
3000 MPa and four peening sequences, the in-plane plastic strains εxx are approximately
equal to εyy in regions located away from the edges of the source geometry. However, in
regions such as NE, E, and SE, which are specifically situated at the edge of the source
geometry, the in-plane plastic strains εxx are not equal εyy.

The plastic strains observed in the regions NW, W, and SW indicate a consistent profile
without significant changes. This suggests periodicity in the strain distributions, implying
that while peening larger areas, there is a predictable pattern to the distribution of strains
[58]. This effect demonstrates that the plastic strains in specific regions can be extrapolated
and applied to the nodes in the target geometry, eliminating the need to simulate each
individual shot [120].

The intensity of the plastic strain induced in the treated region is dependent upon several
factors, including the maximum value of the applied pressure pulse, the number of peening
sequences, and the thickness of the material. These dependencies are plotted for each
region, illustrating their variations, and are provided in the Appendix E.
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Fig. 4.29: The plastic strains, resolved by depth and averaged across designated regions
(N, E, W, S, NE, NW, SE, SW, and C), in the treated area of the source geometry

subjected to a plasma pressure pulse with a maximum pressure (Pmax) of 3000 MPa
following four peening sequences (n).

Similar trends can be observed regarding the induced residual stresses in specific re-
gions, as depicted in Fig. 4.30. Near the top surface of the sheet, the induced residual
stresses are compressive, with the intensity of these compressive residual stresses decreas-
ing along the thickness of the sheet. These observations align with findings reported in the
literature [59, 58, 177]. The intensity of the induced residual stresses increases along the
depth with a rise in the maximum value of the pressure pulse up to 5000 MPa (ref. Ap-
pendix E), after which it tends to saturate. This indicates that there is no significant further
increase in residual stress induced beyond a certain threshold value of maximum pressure.

The depth of induced residual stresses increases as the number of peening sequences
increases, particularly near the top surface region of the specimen. Eventually, it tends
to reach a nominal steady-state condition within the thickness of the specimen, consistent
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Fig. 4.30: The residual stresses, resolved by depth and averaged across designated regions
(N, E, W, S, NE, NW, SE, SW, and C), in the treated area of the source geometry

subjected to a plasma pressure pulse with a maximum pressure (Pmax) of 3000 MPa
following four peening sequences (n).

with the effect observed in experimental cases [144]. Following the transfer of the averaged
eigenstrains to the designated regions within the target geometry and executing a static
relaxation step, the overall deformation of the target geometry is determined.

In the present work, the target geometry is a rectangular specimen of 1 mm and 2 mm
thickness as illustrated in Fig. 3.12. After LPF, there are two possible deflections observed
(as shown in Fig. 4.31(a)). A convex deflection is a curve that exhibits a downward bend-
ing. In contrast, a concave deflection is an upward bending concerning the direction of
the laser beam. An increase in maximum pressure (Pmax) leads to a transition of bend-
ing. The change from convex to concave is called bending mode change, which is also
observed in experiments [63] and numerical simulations [120]. The intensity of the pres-
sure pulse dictates the distribution of local in-depth plastic strain. This distribution, in turn,
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induces either a positive or negative bending moment. The reflections and interference of
shock waves can be amplified with increasing maximum pressure, leading to deeper plastic
strains and hence increasing the deformation in the treated region. It is further noted that
increasing the maximum pressure (Pmax) and the number of peening sequences (n) results
in greater deformations in the treated region. These trends are observed in specimens of
1 mm and 2 mm thickness, measuring 80 mm × 20 mm, with LPF treatment conducted
within a 20 mm × 20 mm region (illustrated in Appendix E in Fig. E.5 and Fig. E.6).

(a)

(b)

Fig. 4.31: The deformation of (a) 1 mm and (b) 2 mm thick, 80 × 20 mm2 target
geometry subjected to a plasma pressure pulse (Pmax) of 1000 MPa and 1500 MPa

following one peening sequence. Increasing the value of maximum pressure leads to a
transition of bending from convex to concave.

4.3.2 Data-driven approach for finding the equivalent value of maxi-
mum plasma pressure

The results of the numerical simulation exhibit similar trends to the experimental findings.
However, the numerical simulations must be both accurate and stable to align with the ex-
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perimental results. In LPF simulations, the challenge lies in determining the precise value
of the maximum pressure needed to achieve the desired deformations in the treated re-
gion. This process of determining the plasma pressure has been extensively studied in the
literature, utilizing theoretical calculations based on the base material and the experimen-
tal setup [36, 37, 119]. These models require complex experimental setups and VISAR
measurement techniques for precise determination, which are often difficult techniques to
implement.

This section generalizes the plasma pressure adjustment for different laser pulse ener-
gies to offer an approach to deal with the main challenge of determining the deformation in
the treated region by LPF process simulation – by the determination of the maximum value
of plasma pressure (Pmax) and the material behavior. The underlying idea of the following
approach is the determination of an equivalent pressure pulse having a maximum value
of pressure Pmax, which produces approximately the same deformation in the LPF-treated
region when compared to the real plasma pressure. The time dependency of the equivalent
pressure pulse is not considered because the time dependency parameters corresponding to
the actual laser pulse were not altered during the experiments. Once the equivalent pressure
is determined, the eigenstrains produced in the source geometry are computed by numer-
ical simulation. These eigenstrains are then applied to the target geometry in the treated
region to obtain the global deformation (as explained in Fig. 3.15 in section 3.3.2).

Computing eigenstrains for each value of maximum pressure is very time-consuming
due to the nature of explicit numerical simulations. Therefore, in the present work, this
is replaced by using ANNs. ANNs are initially trained on simulation data generated with
pressure pulse parameters as shown in Table 3.3, following the concept of Buckingham’s
Pi theorem (as explained in Appendix A). This results in predicting the maximum pressure
of the equivalent pressure pulse that can produce the desired deformation, given that the
thickness of the material and the number of peening sequences are defined.

The performance curves of the ANN trained on the simulation data are illustrated in
Fig. 4.32. As the training progresses, MSE on both training and validation data decreases.
The training was set to a maximum of 1000 epochs with a patience of 250; however, early
stopping was triggered at 312 epochs.

Table 4.2: Performance metrics of the trained ANN on simulation data

Performance metrics
Dataset R2 (%) MSE (mm2)
Train 99.78 0.01837

Validation 99.58 0.02538
Test 99.73 0.02201

The Table 4.2 displays the MSE and R2 value after the completion of the training pro-
cess. It is observed that the R2 value is greater than 99.5% for all the training, validation,
and testing datasets, indicating a well-trained model.
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(a) (b)

Fig. 4.32: The performance of the ANN is evaluated using the simulation dataset. (a) The
performance metric (MSE) is tracked during training on both the training and validation
datasets. (b) The visualization illustrates the predicted deformation values compared to

the true deformation values from the trained ANN across the training, validation, and test
datasets. A dashed line indicates perfect prediction (where the predicted value equals the
true value), while the shaded conical region represents a relative error of ±10% deviation

from the true value.

This trained model is utilized to generate a database of deformation data based on var-
ious values of maximum pressure, the number of peening sequences, and the thickness
of the specimen. This eliminates the necessity for running additional numerical simula-
tions. The trained model effectively creates a database that accurately represents actual
experimental data. The experimentally obtained deformation data can be mapped onto the
generated equivalent simulation data. This is achieved by utilizing LPF process parameters
such as the number of peening sequences, and the thickness of the specimen.

Constraining the number of peening sequences and the thickness of the specimen is
essential due to underlying reasons. The thickness of the specimen is a physical parameter
that remains constant depending on the sample being treated. Additionally, laser energy
and the number of peening sequences are not entirely independent, as their combinations
can produce the same deformation. For instance, high laser energy with a lower num-
ber of peening sequences can achieve similar deformation in the treated region as lower
laser energy with multiple peening sequences [132]. Therefore, it is reasonable to assume
one as constant and map the experimental deformation data to the simulation deformation
data accordingly using a KS optimizer [142] (ref. section 3.2.5). The mapped profiles
of ANN predicted simulation vs. experimental deformation data corresponding to the test
dataset are illustrated in Fig. 4.32. It is observed that the deformation in the treated re-
gion predicted by the ANN trained on the simulation data is in good agreement with the
experimentally obtained deformation profiles.
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.33: Exemplary deformation profiles of the LPF treated region processed with
different LPF process parameters in the test dataset, mapped with deformation data

generated by a trained ANN based on numerical simulations.

Such a mapping produces a correlation between the laser energy and equivalent maxi-
mum pressure for each peening sequence as illustrated in Fig. 4.34. After mapping all the
deformation profiles corresponding to the experimental data with the numerical simulation
data, it is observed that a linear trend emerges between the equivalent maximum pressure
versus laser energy for all the peening sequences in the training data.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 4.34: Correlation between laser energy and equivalent maximum pressure for each
peening sequence in case of 1 mm and 2 mm thick specimens.
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As seen in Fig. 4.34, for 1 mm thick specimens, the equivalent pressure is in the range
of 2000 MPa to 4000 MPa for the range of experimentally possible laser energies. How-
ever, in the case of 2 mm thick specimens, the equivalent maximum pressure is in the range
of 3500 MPa to 6000 MPa. In practical laser peening experiments, the maximum pressure
induced remains constant regardless of the material thickness. However, the distribution of
induced plastic strains or residual stresses throughout the thickness varies due to the back
reflection of induced pressure waves [103]. The present methodology depends on corre-
lating experimental deformation with simulated deformation using an equivalent pressure
pulse. Consequently, the maximum value of the equivalent pressure pulse differs due to the
temporal profile of the equivalent pulse not precisely replicating the actual temporal profile
of the induced pressure pulse in real-world experiments.

Furthermore, it is observed that the equivalent pressures mapped according to the ANN-
predicted deformation profiles corresponding to the experimental test dataset are coherent
and lie within the linear trend observed between equivalent maximum pressure versus the
laser energy on the training dataset. The trained ANN effectively serves as an inverse
function (g−1( f−1(D)) = (Pmax,n,T )) when the parameters n and T are defined (ref. sec-
tion 3.3.2). This eliminates the necessity of explicitly computing the inverse function, as an
ANN inherently represents complex relationships without relying on specific mathematical
equations.

(a) (b)

Fig. 4.35: The performance of ANN using the simulation dataset corresponding to
explicit numerical simulation, as illustrated in the Appendix E, Fig. E.7. (a) The

performance metric (MSE) is tracked during training on both the training and validation
datasets. (b) The visualization depicts the predicted eigenstrains compared to the true
eigenstrains from the trained ANN across the training, validation, and test datasets. A

dashed line indicates perfect prediction (where the predicted value equals the true value).

In this study, another ANN is trained on simulation data to predict the eigenstrains re-
solved along the depth of the specimen in the source geometry based on equivalent pressure
pulse parameters. This enables solving the inverse function (Pmax,n,T = g−1(εi, j)), elimi-
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nating the need for explicit numerical simulations for each set of equivalent pressure pulse
parameters, number of peening sequences, and the specimen’s thickness. The performance
curves as illustrated in Fig. 4.35, show that the ANN accurately predicts the eigenstrains at
the end of the training process, which lasted over 1300 epochs before early stopping. The
number of epochs needed is notably higher compared to the previous ANN training due to
the substantial increase in training data.

The metrics of this ANN are tabulated in Table 4.3, indicating that the trained ANN
can predict the test data accurately with an R2 value exceeding 98.8%. This suggests that
the model can generalize predictions within the scope of the training data.

Table 4.3: Performance metrics of the trained ANN on simulation data corresponding to
the prediction of region-specific depth-resolved eigenstrains

Performance metrics
Dataset R2 (%) MSE
Train 98.84 0.000738

Validation 98.70 0.000751
Test 98.71 0.000734

In the present work, a method for determining the equivalent maximum pressure of a
generic pressure pulse (which was proposed in [74]) was established using a data-driven
approach depending on the deformation observed in the LPF treated region for different
combinations of process parameters. This method reduces the need for complex plasma
modeling or experimental pressure determination and the number of required numerical
simulations (both explicit and implicit) to map the experimental deformation data with
numerical simulations making it cost-efficient.

By compiling an experimental database with various LPF process parameters and con-
ducting a limited set of explicit and implicit numerical simulations with equivalent LPF
parameters, ANNs trained on the generated simulation data can effectively map the param-
eter space of the experiments with simulations. This is accomplished by training two ANNs
with the simulation data corresponding to the explicit and implicit numerical simulations.
If expressed as mathematical functions, the two ANNs predict the inverses of the functions
represented by Eqn. 3.12 and 3.13 (section 3.3.2). Two ANNs are necessary despite the
inverse of Eqn. 3.13, being solved by the ANN trained on the deformation data and equiv-
alent pressure pulse parameters because the implicit simulation requires depth-resolved
eigenstrains corresponding to specific regions on the target geometry. Additionally, com-
puting the eigenstrains by explicit simulation for each representative pressure pulse param-
eter and the number of peening sequences is significantly time-consuming. A trained ANN
on the explicit simulation data can instantly predict the eigenstrains corresponding to each
LPF simulation parameter set.

This approach demonstrates the capability of the ANN to recognize patterns and rela-
tionships within the data, enabling the generation of a reliable database of region-specific



4.3. Numerical simulation and experimental validation of LPF 107

eigenstrains and deformations with different equivalent pressure values from the trained
ANN on simulation data. Aligning experimental LPF process parameters with equivalent
simulation parameters, accurate predictions of deformation in the treated region for spe-
cific experimental process parameter sets can be obtained instantly, without the need for
further simulations.

4.3.3 Validating the data-driven numerical approach with LPF exper-
iments involving complex peening patterns.

A real application of LPF involves peening a specimen to obtain deformation in both di-
rections, often involving a complex peening pattern and in some cases, peening in both
directions and having to peen specimens with different sizes. The eigenstrain approach of-
fers the flexibility to apply the obtained plastic strains from the source geometry to a target
geometry with different sizes [120, 58, 65].

In this study, the eigenstrain approach is employed in a practical experimental scenario
where LPF is used to bend flat sheets to a desired deformation, including complex peening
patterns on both sides of the specimen and specimens of various dimensions. Two Ti6Al4V
specimens, each with a thickness of 1 mm and dimensions of 80 × 20 mm2 and 100 × 50
mm2, underwent laser peening (no sacrificial overlay) with a laser energy of 3.0 J, using
three peening sequences with different peening patterns as indicated below (see Fig. 4.36).

Fig. 4.36: Peening patterns on specimens of different sizes. The blue region indicates that
the specimen is peened on the top surface while the red signifies peening on the bottom

side of the specimen. The white region remained unpeened.

As illustrated in Fig. 4.37, the deformation maps from the LPF experiment and nu-
merical simulation demonstrate that the eigenstrain approach can effectively map the de-
formation in real LPF experiments by approximating the maximum value of the equivalent
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pressure pulse while maintaining the same number of peening sequences as in the experi-
ments.

Fig. 4.37: Colormaps depicting the deformation in the 80 mm × 20 mm specimens after
LPF for (a) experiments, (b) numerical simulation, and (c) the deviation map between the

experiments and simulations.

In this case, the specimen is peened on both sides, with a triangular peening patch and
this resulted in torsional bending along the length of the specimen. A maximum deforma-
tion of 2 mm was observed at the free end of the specimen. The shape of the specimen
after peening from both experiments and numerical simulation is compared by computing
the deviation from the point clouds, respectively. The ’interpolate.griddata’ function from
Scipy [157] is utilized to interpolate data points onto a regular grid. This function takes
the X and Y coordinates of the data points along with their corresponding Z values. It is
applied to interpolate the Z values of experimental and simulated point clouds onto a mesh
grid. By specifying the X and Y coordinates of the desired interpolation points using a
mesh grid, the function computes smooth Z values using the piecewise ’cubic’ interpola-
tion method. This process facilitates the creation of smooth surfaces for both experimental
and simulated data, aiding in their visualization and comparison without losing the fea-
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tures of the experimental point cloud. As a result, the deviation between the experiments
and simulation point clouds is computed as indicated in Fig. 4.37(c), which reaches a
maximum value of 0.4 mm at the free edge of the specimen.

Similarly, in the case of the larger specimen (as shown in Fig. 4.38), the peening pat-
tern induced a deformation away from the laser beam. Even in this case, the deviation
in deformation computed between the experimental and numerical simulation indicates a
maximum of 0.4 mm. This demonstrates the potential of the eigenstrain approach com-
bined with data-driven methods, which can effectively predict deformation after LPF for
complex peening patterns within the defined experimental parameter space.

Fig. 4.38: The deformation in 100 mm × 50 mm specimens after LPF represented in a
colormap in case of (a) experiments, (b) numerical simulations, and (c) deviation map

between experiments and simulations.

Additionally, using the same set of process parameters (i.e. laser energy and number
of peening sequences without a sacrificial overlay), laser shock peening was conducted
on three Ti6Al4V specimens with source geometry having a thickness of 1 mm, adhering
to the constraints specified in the explicit simulation. The peened source geometry spec-
imens were utilized to determine residual stresses through the incremental hole-drilling
method [121] and compared with the volume-averaged residual stresses computed along
the thickness of the specimen (as described in [120]) in the treated region after the implicit
simulation (as shown in Fig. 4.39). It is observed that the determined compressive residual
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stresses in the near-surface region of the actual specimen tend to be lower compared to
the averaged stresses from the simulation. However, the magnitude of determined residual
stresses through the thickness from a depth of 0.2 to 0.5 mm is coherent with the simula-
tions. The measurement of residual stresses beyond a depth of 0.5 mm was not possible
due to the limitations of the hole-drilling method [121].

(a)

(b)

Fig. 4.39: Comparison of residual stresses determined in the treated region of a 1 mm
thick Ti6Al4V specimen after being processed with laser energy of 3.0 J and three peening
sequences with computed stresses from the simulation. The scatter in the experimentally

determined stresses is obtained from three measurements on two different specimens.

The applications of LPF outlined above suggest that employing a data-driven method-
ology to map experimental parameters onto simulation parameters, characterized by equiv-
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alent simulation parameters, offers an effective means to replicate unknown results within
the parameter space without extensive experimentation. This approach presents several ad-
vantages, notably its adaptability to various real processing conditions and its capability to
predict deformations with a high level of precision.

While the data-driven approach to mapping experimental parameters to simulation pa-
rameters offers several advantages, it also presents potential limitations. One limitation is
the reliance on the quality and quantity of available data for accurate mapping. Insufficient
or inaccurate data could lead to erroneous predictions or incomplete representations of the
parameter space. Additionally, the effectiveness of the approach may be limited by the
complexity of the underlying physical process of LPF (for instance, the effect of a sacrifi-
cial overlay), which may not be fully captured by the mapping method. Furthermore, the
generalization of the model beyond the specific conditions for which it was trained may
lead to decreased accuracy or reliability.





5
Summary and conclusions

This thesis delves into the development and optimization of the laser peening process for
thin-walled Ti6Al4V structures, focusing on its application for shaping various compo-
nents or correcting deformations in existing parts within the aerospace industry. Traditional
manufacturing techniques for thin-walled structures [8, 135, 70, 152], such as cold form-
ing, hot forming, and super-plastic forming, often face challenges like wrinkling, shearing,
and springback, which adversely affect the quality and precision of the formed parts [56].
LPF is proven to be a capable forming technology offering precise control over the defor-
mation process, enabling the creation of complex shapes with high accuracy and minimal
surface damage. Additionally, LPF doesn’t require component-specific tooling and can
be implemented with minimal tooling which reduces waste and production costs and can
be integrated into automated systems for high production efficiency, proving to be a po-
tential alternative to traditional forming techniques. This research integrates experimental
investigations, data-driven methodologies, and numerical simulations to enhance the un-
derstanding and improve the applicability of LPF process.

LPF process parameter identification

By adjusting LPF parameters such as laser energy, pulse overlap, and material thickness,
precise control over material deformation is achievable. The use of a sacrificial overlay
during LPF protects the treated region from surface damage and also enhances the defor-
mation. Furthermore, trends in the achievable deformation in the treated region are ob-
served by considering combinations of LPF process parameters. The main results achieved
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from the defined set of experiments in the present work are the following:

• The current study has determined a range and combination of process parameters that
allow for achieving the desired degree of bending in a flat specimen while ensuring a
surface free from damage in the peened region following Laser Peen Forming (LPF)
of 1 mm and 2 mm thick Ti6Al4V sheets.

• The defined parameter sets with different combinations and variations of LPF process
parameters reveal insights into the various effects of deformation and surface quality
of the treated region.

– Impact of overlap and laser energy on sacrificial overlays during LPF: In exper-
iments involving varying laser energy, overlap, and types of sacrificial overlays
(aluminum and stainless steel foils), both types of overlays were destroyed even
at a minimal overlap of 10/10. This failure led to surface damage in the peened
region, attributed to factors like poor adhesion, air entrapment, or excessive
overlap. When experiments were conducted without overlap, aluminum foil
was found unsuitable even at the lowest laser power, leading to the use of stain-
less steel foil. Stainless steel foil sustained laser energies from 0.5 J to 3.1 J
without damage, establishing a safe working range for LPF without causing
surface damage.

– The overlap during the LPF process significantly impacted the integrity of the
sacrificial overlay. High overlap caused multiple intense shock waves in a short
period, thinning the overlay and causing fractures.

– Influence of laser energy, peening sequences, and overlap on deformation: Sig-
nificant deformation was observed with varying laser energy (1.8 J to 3.1 J) and
increasing the number of peening sequences (from 1 to 4). The peened region
exhibited a convex curvature due to intensified near-surface local plastic strain
in the treated region.

– Experiments on 1 mm thick Ti6Al4V sheets at a laser energy of 3.1 J with
varying overlap levels (0%, 25%, 50%) showed that increased overlap led to
enhanced deformation. Higher overlap resulted in more laser shots per unit
area, increasing local plastic strains and global deformation. Higher overlap
with fewer peening sequences provided similar deformation results as lower
overlap with more peening sequences, offering reduced process times and effi-
cient utilization of laser shots.

– Deformation in the peened region - with and without sacrificial overlay: Sig-
nificant differences in deformation were observed between LPF processes with
and without sacrificial overlays. Without the overlay, increased roughness and
surface damage were noted due to ablation and oxidation.



115

– Surface roughness increased with higher laser energy and more peening se-
quences when no overlay was used. Using a sacrificial overlay helped maintain
superior surface quality.

– LPF with higher laser energy and a sacrificial overlay resulted in distinct micro-
indents with an average height range of 2.5 to 4 µm. These indents correspond
to the cross-sectional area of the laser shots.

• LPF without a sacrificial overlay led to surface oxidation and ablation, as indicated
by a blackened surface. SEM and EDX analyses showed marked differences in sur-
face topography and chemical composition between peened and unpeened regions.
The use of a sacrificial overlay is recommended for applications that require high sur-
face quality, as it helps minimize roughness and maintain the integrity of the treated
surface.

Application of data-driven approaches to predict deformation and peening patterns
during LPF

Data-driven methods, particularly those involving ML and ANNs, offer significant ad-
vantages for LPF by providing precise predictions and optimizing process parameters to
achieve desired deformations in sheet metals. Dimensional analysis played a crucial role
in this thesis by providing a systematic method to reduce the complexity of the physical
variables involved in the LPF process. By employing dimensional analysis using Bucking-
ham’s Pi theorem, key dimensionless groups that govern the LPF process were identified,
thereby simplifying the relationships between different process and material parameters.
This reduction in complexity enables the ANNs to more effectively learn and predict the
relationships between process parameters and deformation in the treated region.

In this study, a data-driven approach is investigated for LPF to manipulate the defor-
mation of Ti6Al4V sheets into desired geometries. The core of the study is the integration
of ANN to predict and optimize LPF process parameters. This approach aims to address
challenges in achieving precise deformations required in various industrial applications.
The methodology involves several key steps. Initially, the deformation profiles of both the
initial and target specimen shapes are obtained. The difference between these profiles is
discretized, and corresponding arc radii are calculated. These input profiles are compared
with predictions from an ANN that has been trained on experimental data to forecast de-
formation profiles. This process facilitated the mapping of the necessary LPF parameters.
The mapping process is guided by physical constraints such as the thickness and number
of peening sequences, enabling accurate prediction of the LPF process parameters. Three
main use cases of LPF are demonstrated:

• Forming flat specimens into specific shapes, including an ’S’-shaped target geometry.
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• Flattening of curved specimens.

• Correcting deformations by reducing the arc radii of pre-bent specimens to achieve
a desired shape.

In all the scenarios, the results show that the LPF process can achieve the target profiles
within a 10% tolerance level, validating the accuracy and reliability of the ANN predictions
and the process planning methodology. The findings suggest that this data-driven approach
can significantly enhance the precision and efficiency of LPF in practical applications, par-
ticularly in the aerospace and manufacturing industries, where high accuracy in component
shaping is critical.

The present work also highlights the development of a CANN model to predict the
peening pattern required during LPF to achieve complex deformations on a flat specimen.
The model takes the curvature map of the specimen as input and outputs the optimal peen-
ing pattern to produce the desired geometry. This data-driven CANN allows for instanta-
neous prediction of the necessary peening patterns. Throughout the training process, the
model’s ability to predict accurate peening patterns improved, with training loss decreasing
steadily. Stability during training was maintained using a pool of inputs, preventing catas-
trophic forgetting and ensuring consistent performance over many iterations. The trained
CANN model demonstrated high accuracy in predicting peening patterns for various input
curvatures, with mean squared error values indicating precise alignment with the target
patterns. This advancement underscores the potential of data-driven models in optimizing
LPF, significantly enhances the efficiency, and aids in increasing the applicability of LPF
process to obtain complex deformations.

Numerical simulation of LPF process

The numerical simulations and experimental validations of LPF in the present study were
performed on thin-walled Ti6Al4V strips using the well-established eigenstrain method
and a simplified predictive numerical model. The simulations were able to accurately pre-
dict the resulting deformation and validate experimental findings, with potential scalability
to larger specimens and complex peening patterns. The numerical simulations reveal that
the LPF process induces localized plastic strains in the peened area, leading to significant
deformation. The distribution of these plastic strains varies depending on the depth and
position of the laser shot on the specimen, with distinct edge effects. The central region
of each laser shot exhibits negative in-plane plastic strains, while the edges show positive
strains due to wave reflection and interference.

Residual stresses post-peening show a "residual stress hole" at the center of each shot,
with positive stresses at the center and negative towards the edges, which reflects the ex-
perimental observations of micro-indents in the treated region after LPF. The edge effects
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observed in the treated region during the numerical simulation required, tessellating the
treated area into smaller sections designated as cardinal and ordinal directions thereby
analyzing the average strains at different depths to understand the overall deformation.
The numerical simulation findings indicate that the intensity of the induced plastic strain
and residual stresses depends on factors such as the maximum applied pressure pulse, the
number of peening sequences, and the material thickness. The plastic strains and resid-
ual stresses show predictable patterns, allowing for extrapolation and application to larger
target geometries without simulating each shot individually. The simulations also demon-
strate that increasing the maximum pressure and the number of peening sequences results
in greater deformations, with a transition from convex to concave bending observed. This
bending mode change aligns with experimental observations from existing literature, high-
lighting the influence of pressure pulse intensity on deformation patterns.

This thesis investigates a data-driven method for determining the equivalent maximum
pressure of a generic pressure pulse for LPF process and the region-specific depth-resolved
eigenstrains after LPF. The first ANN was trained on simulation data to predict the induced
deformations in the treated region based on the maximum pressure of an equivalent pres-
sure pulse, the number of peening sequences, and the thickness of the specimen. This ANN
essentially acts as an inverse function, mapping the observed deformations to the corre-
sponding pressure pulse parameters, eliminating the need for complex plasma modeling
or experimental pressure determination. The second ANN was trained to predict region-
specific depth-resolved eigenstrains based on the same LPF simulation parameters, which
solely eliminates the need for time-consuming explicit simulations. The performance met-
rics of the first ANN revealed an R2 value exceeding 99.5% for all training, validation, and
testing datasets, while the second ANN achieved an R2 value exceeding 98.8% for the test
dataset, demonstrating their robustness and reliability in predicting deformation after LPF
and region-specific eigenstrains accurately.

This data-driven approach relies on the data generated by a limited set of numerical
simulations, which serve as equivalents to real experimental data obtained after LPF. The
equivalency of the simulation database is validated by comparing the simulations and ex-
periments using test cases with varied LPF process parameters. Further validation of this
approach is achieved with LPF experiments involving complex peening patterns. In prac-
tical scenarios, such as bending flat sheets to desired deformations with intricate peening
patterns on both sides, the eigenstrain approach successfully maps the deformation ob-
served in real LPF experiments.

This thesis presents a comprehensive investigation into the development and optimiza-
tion of the LPF process for thin-walled Ti6Al4V structures, offering insights into its ap-
plication within the aerospace industry. Through a combination of experimental studies,
data-driven methodologies, and numerical simulations, precise control over material defor-
mation is achieved by adjusting key LPF parameters. The incorporation of ANNs facilitates
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precise and rapid predictions, greatly improving the effectiveness in applicability of LPF in
shaping intricate geometries with precision. Furthermore, the study highlights the potential
of LPF as a viable alternative to traditional SMF in cases of correcting springback, reduced
production costs, and minimal tooling requirements. The findings presented underscore
the promising future of LPF in industrial applications, paving the way for advancements in
sheet metal manufacturing and beyond.



6
Future scope of work

The study has successfully demonstrated the potential of LPF in enhancing the formability
of thin-walled Ti6Al4V structures. This work achieved the desired deformation in the
treated region while preserving the surface quality by optimizing the process parameters
and employing sacrificial overlays. The findings provide a strong foundation for further
advancements in this innovative manufacturing technology.

While the application of sacrificial overlay has been advantageous, its use presents
challenges, especially for complex geometries. As observed in this study, sacrificial over-
lays can be damaged at high laser energies. Therefore, alternatives to the use of sacrificial
overlays must be investigated. These alternatives could include protective coatings that
can be applied specifically in regions to be treated, providing similar benefits without the
drawbacks associated with sacrificial overlays.

The present work focuses on Ti6Al4V; nevertheless, LPF has been shown to be suc-
cessful with other materials as demonstrated in the literature. Each material requires spe-
cific process parameter optimization to achieve the desired outcomes. The data-driven
approaches developed as part of this work have introduced material properties into the
model, aiming to create a generalized model applicable to various materials. Future re-
search should test the effectiveness of such multilateral models for LPF through dimen-
sional analysis. This will involve validating the model against experimental results for
different materials to ensure its robustness and accuracy.

LPF can be effectively used in tandem with existing forming techniques, presenting a
significant opportunity for future research. Investigating such scenarios will help realize the
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full potential of LPF. While LPF may not be suitable for high-volume production of specific
components due to its inherent process characteristics, it is highly viable for producing
high-value parts that require precise geometry. Identifying and testing such applications
in the aerospace industry, where precision and high performance are critical, could lead to
significant advancements. Potential areas include integrating LPF with incremental sheet
forming or superplastic forming to exploit the strengths of each method. By combining
LPF for initial shaping with other techniques or for fine-tuning and finishing, the overall
manufacturing process can be made more efficient and versatile.

The present work has demonstrated effective models to optimize process parameters
and predict the peened regions with high accuracy. The reliability of these models has
been proven within the scope of this research. Building on these findings, the proposed
data-driven peen and measure approach can be further extended to real-time process moni-
toring using feedback sensors. Future work could aim at fully automating the LPF process
by developing advanced AI algorithms that adaptively control LPF parameters in real time
based on feedback from these sensors. Implementing machine learning models to predict
and compensate for potential defects or deviations in the forming process would enhance
precision and reliability. Additionally, creating a comprehensive digital twin of the LPF
process to simulate and optimize operations before physical implementation could signif-
icantly advance the technology, ensuring higher efficiency and quality in manufacturing
processes.

LPF has the potential to serve as a first aid process due to its effectiveness in correct-
ing deformations, which could significantly reduce part rejections and save costs. Future
research should consider the broader implications of adopting LPF in aerospace manufac-
turing by performing comprehensive life cycle assessments to quantify the environmental
benefits and potential impacts of the LPF process. Analyzing the economic feasibility of
LPF for different production volumes and component complexities, including cost-benefit
analyses, will help determine its practicality. The observations and findings of this study
lay a foundation for future research and development in LPF technology. By addressing
these areas, future research can drive forward the development and industrial adoption of
LPF as a transformative technology in SMF for aerospace applications.



Appendix

A Application of Buckingham’s Pi theorem for LPF pro-
cess parameters

Dimensional analysis can be performed by using Buckingham’s Pi theorem which states
that if a physically meaningful relationship k1 involving n number of variables (such as
P1,P2, ...,Pn) exists in the form:

k1(P1,P2, . . . ,Pn) = 0, (1)

with a minimum number of fundamental dimensions m to describe those variables, then
they can be grouped into (n−m) dimensionless groups referred as π groups in a relation
k2 such that,

k2(π1,π2, . . . ,π(n−m)) = 0. (2)

The independent dimensionless terms can be formulated as products of parameters (Pi)
governing the physical model. A simple formulation of a π-term can be written in the form
of:

πi j =
(n−m)

∏
i=1

Pα j
i , (3)

with αi in N0, where N0 is a set of natural numbers. The application of this theorem to
experimental and simulation variables that govern LPF is discussed below.

The experimental parameters governing LPF are illustrated in Fig. 3.12. Utilizing
Buckingham’s Pi theorem, it becomes apparent that there are nine experimental variables
(n) and three fundamental dimensions (m) involved. Hence, the total number of dimen-
sionless π-terms that can be derived is six (n− k). The π-terms ( or dimensionless groups)
formed by combining the selected variables are:

π1 =
ET 3

EL
,π2 = n,π3 =

D
T
,π4 =

T 5ρ

ELτ2 ,π5 =
A f

T 2 ,π6 =
Cτ

T
, (4)
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and it reflects fundamental physical relationships between experimental process parame-
ters, material properties, and deformation after peening.

The deformation within the peened region following LPF experiments is quantified as
a profile (refer to Fig. 3.5). Consequently, the deformation data exhibits a continuous func-
tion, denoted as D(x), across the extent of the peened region. This function is discretized
into 41 points, ranging from D(30.0) to D(50.0), with uniform intervals of 0.5 mm, as
detailed below:

D =
[︁
d(x j)

]︁
∀ j ∈ [0,40], (5)

where d(x j) represents the deformation at the jth position along the length of the peened
region. To predict each deformation value within a deformation profile D, the ANN is
furnished with information regarding the position j, which corresponds to the deformation
value d(x j). Here, i denotes the total number of experiments in the parameter space. The
structured dimensionless input space of the ANN model, which encompasses the experi-
mental data, is described as follows:

X i j :=

{︄
ET 3

i

E i
L
,ni,

T 5
i ρ

E i
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Ai
f

T 2
i
,
Cτ

Ti
,

j
41

}︄
, (6)

whereas the output is defined as:

Y i j :=
{︃

di(x j)

Ti

}︃
. (7)

Similar strategies involving the utilization of an index or positional parameter as input
for ANNs have been employed in previous studies. For instance, Bock et al. [18] utilized
this approach to predict induced residual stress profiles following laser shock peening,
while Huber and Tsakmakis [68] utilized a similar method to solve an inverse problem
aimed at identifying material parameters related to viscoplastic behavior, yielding satisfac-
tory prediction performance.

In total, the dimensionless input space derived from experimental data encompassed
52 experiments, discretized into 41 segments. Consequently, the total number of unique
input/output pairs for the ANN amounts to 2132 (i.e., 52 × 41), representing the com-
prehensive dataset. This dataset is partitioned into training, validation, and testing subsets
in a ratio of 70/15/15. Specifically, the ANN was trained using 1476 data pairs derived
from 36 experiments spanning the design space. The validation and testing subsets each
comprise 328 data pairs, originating from 16 experiments within the experimental design
space.

In the numerical simulations conducted in this study, the main goal is to determine the
correct value for the maximum pressure (Pmax) of the applied pressure pulse (ref. section
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3.3.2). Hence, the variables taken into account for the simulation of LPF remain the same,
except for the laser energy (EL) parameter. Instead of using the actual laser energy value,
it is substituted with the equivalent value of the maximum pressure applied by the pressure
pulse in the simulation. As a result, the dimensionless terms for the simulation parameters
formulated using Buckingham’s Pi theorem are:

π1 =
E

Pmax
,π2 = n,π3 =

D
T
,π4 =

T 2ρ

Pmaxτ2 ,π5 =
A f

T 2 ,π6 =
Cτ

T
. (8)

The output of the numerical simulations consists of the deformation within the treated
region. This data is derived by extracting nodal coordinate deformation from the peened
region post-simulation, mirroring the methodology proposed for deformation measurement
in the experiments (see section 3.1.5). The deformation is quantified according to eq. 5.

The dimensionless data derived from 88 numerical simulations, results in 3608 unique
input/output pairs (88 × 41, as deformation is discretized into 41 segments). Thus the
dimensionless inputs and outputs (X i j

sim,Y
i j
sim) corresponding to the simulation data are for-

mulated as:

X i j
sim :=

{︄
E

Pi
max

,ni,
T 2

i ρ

Pi
maxτ2 ,

Ai
f

T 2
i
,
Cτ

Ti
,

j
41

}︄
, (9)

whereas the output is defined as:

Y i j
sim :=

{︃
di(x j)

Ti

}︃
. (10)
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B Data-driven LPF process planning

The LPF process parameters for each discretized unit in every use case, as provided by the
optimizer developed for LPF process planning, are summarized in the table below.

Table B1: List of LPF process parameters suggested by the optimizer for each discretized
unit in the use case specimens [133]

Use case
Number of

discretized units
Discretized unit

Length of each
discretization (mm)

Predicted process
parameters by the

trained ANN

1 8

∆D1(x), ∆D2(x), ∆D3(x)

∆D4(x)

∆D5(x)

∆D6(x)

∆D7(x)

∆D8(x)

10
10
10
10
10
10

Unpeened region
EL = 1.9 J, n = 2
EL = 2.4 J, n = 4
EL = 2.2 J, n = 3
EL = 2.1 J, n = 3
Unpeened region

2 4

∆D1(x)

∆D2(x)

∆D3(x)

∆D4(x)

30
20
20
10

Unpeened region
EL = 2.0 J, n = 4
EL = 1.8 J, n = 3
Unpeened region

3 2
∆D1(x)

∆D2(x)

10
66

Unpeened region
EL = 2.0 J, n = 3

4 3
∆D1(x)

∆D2(x)

∆D3(x)

10
40
25

Unpeened region
EL = 2.2 J, n = 1
EL = 2.0 J, n = 4
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C Simplified numerical model - Bayesian optimizer

To determine the appropriate stress value, one can envision an error function that depends
on the initial stress value. Various approaches exist for finding the optimal stress value
within this error function, with grid search being the simplest. Grid search involves trying
every parameter combination to identify the value with the lowest error. However, this
method is computationally expensive and time-consuming when running simulations.

Bayesian optimization offers a more efficient alternative for iteratively converging to
the minimum error value compared to grid search. Bayesian optimization is favored for
its ability to make minimal assumptions about the underlying error function, making it a
versatile technique often referred to as a Black-Box optimizer. The fundamental principle
of Bayesian optimization involves sampling a function where the optimizer is most confi-
dent of improvement to identify the parameter with the maximum score. With each sample
added, the confidence distribution is reassessed using a probability distribution that encap-
sulates beliefs about the function’s behavior. This approach is implemented to optimize
the initial stress value of the simulation model by computing the MSE between the target
height map and the height map from the simulation. It is implemented using the available
open-source Python library [105]. The bounds of initial stress are defined to be in the range
of −1000 MPa to 1000 MPa, which is within the limits of measured residual stresses of
the LPF process [132].

As an exemplary case, the approach is tested with a height map obtained after a spec-
imen is processed with laser energy of 2.7 J, with 4 peening sequences on a 1 mm thick
Ti6Al4V sheet (see Fig. C.1). The objective is to ensure that the deformed sample from
the FE simulation closely matches the one observed in the experiment. Utilizing height
maps, the disparity in displacement between the two samples serves as a measure of error.
The height map of the experimental sample is subtracted from the FE simulation, and the
MSE is computed. This MSE value needs to be minimized by the Bayesian optimizer. The
process involves the following steps:

1. Initially, an experimental sample is obtained, and a height map is generated from it.

Fig. C.1: The average of height maps from four experimental samples is taken. Each
sample had a thickness of 1 mm and underwent peening without a sacrificial layer, with

four sequences at 2.7 J. The peen region measured 20 mm × 40 mm.
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2. A material model representing the experimental sample is created in ABAQUS (ref.
section 2.4).

3. The Bayesian optimizer determines the initial stress value (320 MPa).

4. The model is simulated and converted into a mesh following the outlined procedure,
and a height map is generated by sampling the mesh.

5. The MSE is calculated by comparing the height map obtained from the experiment
with the one generated from the simulation. The optimizer then receives this result.

Fig. C.2: Bayesian optimization sampling to identify the minimum MSE across a range of
initial top/surface stress values spanning from -1000 to 1000 MPa. The red dots are the

FE simulations performed at different stress values.

6. The process is reiterated from step 3 until the minimum MSE is reached.

Fig. C.3: The computed difference between the height map from the experiment and the
last iteration of the FE simulation. The MSE computed in this iteration of the Bayesian

optimizer is 0.0076.
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D Experimental 3D data acquisition after LPF

The analysis of deformation data from experiments is necessary to validate the numerical
simulation models implemented in this study. The samples consist of Ti6Al4V alloy sheet
metal, measuring 80 mm in length, 20 mm in width, and 1 mm in thickness (as shown
below).

Fig. D.1: (a) A Ti6Al4V sample before peening; (b) Peening pattern indicated by white
color representing the peened region; (c) Specimen post-LPF without protective overlay,

exhibiting a black oxide layer formed on the treated region’s surface. [83]

To enable digital post-processing techniques, the samples underwent digitization. The
HandySCAN 3D, a 3D scanner, was employed for this purpose. The accompanying soft-
ware facilitated the export of the scanned samples into a mesh .stl file with a resolution
of 0.2 mm. Subsequently, in free open-source software called Meshlab [25], edges not
part of the surface and scanning artifacts were meticulously cleaned. This cleanup pro-
cess involved tasks such as deleting faces, closing holes, removing isolated pieces or
self-intersecting faces, smoothing the surface, simplifying the mesh, and repairing non-
manifold edges to ensure the integrity of subsequent processing steps. Both samples must
be aligned within the same coordinate system for the digital FE model with the experi-
mental results. The chosen coordinate system, as depicted in Fig. D.2, is based on the
coordinate system utilized in the FE simulation and diverges from the coordinate system of
the scanned mesh. In the scanned coordinate system, the origin is positioned at the center
of the sample, with the bending direction oriented towards the y-axis.
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Fig. D.2: Transformation of the scanned coordinate system: (a) Coordinate system of the
scanned sample after LPF (b) Coordinate transformation from scanned specimen to FE

coordinate system [83]

(a)

(b)

Fig. D.3: Computation of height map: (a) Illustration of map sampling visualization.
Rays are projected from above the sample and intersect the surface. (b) Exemplary height
map (after LPF with 2.7J, 4 peening sequences on 1 mm thick specimen), displaying the

variations in surface height across the sample.[83]

The alignment process involves a coordinate transformation from the scanned (Fig.
D.2(b)) to the FEA (Fig. D.2(c)) coordinate system. It is assumed that minimal deforma-
tion occurs near the clamping edge, referred to as the clamping plane. Vertices are sampled
at the location where the sample was clamped, covering approximately 10% of the sample
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length with a margin of about 5% (depicted by the purple area in Fig.D.2(b)). The median
position (p2) and median normal (n) of the clamping plane are calculated.

The position (p1) is determined as the intersection of the clamping plane with the XsZs

plane at the clamped edge of the sample. The origin (p0) of the coordinate system of
the sample is set to p1 with Xs equal to the width divided by 2. The rotation from the
measured to the FE simulation coordinate system is then accomplished using linear algebra
techniques.

A heightmap can be generated by sampling the surface, as depicted below (see Fig.
D.3(a)). Rays are projected from the top and intersected with the surface. The mesh must
undergo proper cleaning, as outlined above, to ensure accurate ray intersections. Failure
to clean the mesh may result in ray missing, leading to errors that this workflow is not de-
signed to handle. Additionally, a margin of approximately 1 mm should be left around the
edges to account for potential slight misalignment and imperfections in edge straightness.
Extracting the z-coordinate of the intersection points provides the height map.

A curvature map is utilized to train a data-driven model, which is computed from the
heightmap. The z-coordinates of the intersection points are sampled (see Fig. D.3(a)). By
utilizing polynomials, it’s possible to derive a piecewise function (spline) y(x,z) from the
heightmap. The curvature (κ) can be computed as:

κ =
y′′

(1+ y′2)3/2 (11)

In this study, y′ can replace the partial derivatives yx, yz, and the total derivative yx+yz;
while the second-order derivative y′′ can stand for yxx, yzz, and yxz = yzx. Since mixed
derivatives were not required for this study, 2D interpolation of the heightmap was not
performed. Fig. D.4 shows an example of the curvature along the z-axis measured using
the 3D scanner. The maps were typically supersampled, meaning there were more samples
than pixels in the final map. This serves as a form of anti-aliasing.

Fig. D.4: Computation of curvature map from the height map.[83]
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E Numerical simulation of LPF - Effects of simulation pa-
rameters

Fig. E.1: The plastic strain ε11, resolved by depth and averaged across designated regions
(N, E, W, S, NE, NW, SE, SW, and C), in the treated area of the source geometry at

different values of maximum pressure (Pmax) following four peening sequences.
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Fig. E.2: The plastic strain ε22, resolved by depth and averaged across designated regions
(N, E, W, S, NE, NW, SE, SW, and C), in the treated area of the source geometry at

different values of maximum pressure (Pmax) following four peening sequences.
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Fig. E.3: The residual stress σ11, resolved by depth and averaged across designated
regions (N, E, W, S, NE, NW, SE, SW, and C), in the treated area of the source geometry

at different values of maximum pressure (Pmax) following four peening sequences.
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Fig. E.4: The residual stress σ22, resolved by depth and averaged across designated
regions (N, E, W, S, NE, NW, SE, SW, and C), in the treated area of the source geometry

at different values of maximum pressure (Pmax) following four peening sequences.
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(a) (b)

(c) (d)

Fig. E.5: The deformation of 1 mm thick sheet of dimensions 80 × 20 mm2 subjected to
different plasma pressure pulses with Pmax from 1000 MPa and 6000 MPa with peening

sequences (n) (a) 1, (b) 2, (c) 3, and (d) 4.
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(a) (b)

(c) (d)

Fig. E.6: The deformation of 2 mm thick sheet of dimensions 80 × 20 mm2 subjected to
different plasma pressure pulses with Pmax from 1000 MPa and 6000 MPa with peening

sequences (n) (a) 1, (b) 2, (c) 3, and (d) 4.
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(a)

(b)

Fig. E.7: The datasets correspond to the explicit numerical simulations performed to
determine the depth-resolved eigenstrains for different values of the equivalent LPF

simulation pressure pulse parameters on the source geometry at different regions with a
thickness of (a) 1 mm, and (b) 2 mm.
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F Implementation of CANN

Table F1: Peening patterns resembling actual LPF specimens of dimensions 80×20 mm2

used to train the CANN

1 2 3

4 5 6

7 8 9

10 11 12

13 14 15

16 17 18

19 20 21

22 23 24

25 26 27

28 29 30

31
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When using ANNs, the sigmoid activation function is commonly employed. However,
since sigmoid functions tend to saturate at input values far from 0, data scaling and shifting
are often necessary to facilitate convergence, aiming for a mean of 0 and a variance of
about 1. In this work, the ReLU activation function is chosen due to its better performance
in providing nonlinear behavior. The curvature data in this context has values on the order
of 10−5. Initially, it was believed that ReLU could eliminate the need for scaling through
training the bias and weights. However, it was found that this approach significantly slows
down convergence, likely because the initialized weights and biases range from -1 to 1,
which is much larger than necessary if the data isn’t scaled. By scaling the curvature values
by a factor of 105 before training, the convergence rate improved significantly. Notably, it
took approximately 2500 training steps without scaling, compared to only 100 with scaling,
to achieve a loss of 10−2.

(a)

(b)

Fig. F.1: Training loss (a) without and (b) with scaled curvature data

The training of CNN in batches is common due to size and hardware constraints. A
batch size of 1 can hinder finding the global minimum since it doesn’t represent the entire
dataset, causing the optimizer to lose direction. Conversely, very large batches can get
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stuck in local minima [76]. Smaller batch sizes strike a balance by encouraging exploration
and providing more general solutions without committing to a specific path. The batch size
is varied during the training of CNN present work (as illustrated in Fig. F.2), it is observed
that a higher batch size spreads the loss and the gradient during training, while a lower
batch size leads to the spread of the gradient magnitude while the loss is lower, which
could result in over-fitting.

Fig. F.2: The influence of batch size during the training. The blue dots indicate the loss
and the green dots indicate the change in magnitude of the gradient. The red numbers

indicate the batch sizes.
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