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ABSTRACT

Milling of thin-walled components is highly susceptible to vibrations during the manufac-
turing process, where structural flexibility leads to pronounced vibration and instability,
often leading to excessive rework and productivity losses. When it comes to process
planning for such parts, accurate estimation of milling forces and structural dynamics
is fundamental, as these variables influence the behaviour of technological models
used for process optimisation. With the increasing digitalization of manufacturing, these
models are progressively transitioning from academic prototypes to industrial CAM
environments, enabling predictive and adaptive machining strategies. In this context,
the Fraunhofer IPT has developed the dPart® digital twin framework, which integrates
process simulations, machine data, and computational models to support real-time
decision making. In industrial practice, accurate prediction of the dynamic behaviour
of workpieces is essential for process planning, monitoring, and digital twin integration.
Existing approaches rely heavily on repeated Finite Element Method (FEM) simulations,
which are accurate but computationally expensive, time-intensive, and scale poorly
with the large number of cutter locations required for full-operation evaluation. As the
dPart® digital twin infrastructure evolves, these limitations can represent a bottleneck
in the future. To overcome these limitations, this work investigates the use of machine
learning techniques, specifically graph neural networks (GNNs) as surrogate models
for FEM-based deformation prediction. A dataset of modal simulations was generated
in ANSYS, from which nodal coordinates, boundary conditions, and deformation fields
were extracted and converted into graph representations. Two architectures were tested,
them being a graph convolutional network and a MeshGraphNet inspired network, both
designed to operate directly on mesh connectivity and to learn spatial deformation
patterns from modal data. The surrogate models were trained to predict node-level
displacement fields for the first and second vibration modes of the workpiece. Results
demonstrate that the proposed models are capable of reproducing the global deforma-
tion behaviour with less than 1% mean relative percentage error for the first deformation
mode. These findings indicate that GNN-based surrogates hold promise for accelerat-
ing vibration analysis in milling applications and could support more efficient process
planning and monitoring workflows.

Keywords: Finite Elements Method. Graph Neural Network. Graph Convolutional Net-
work.



RESUMO

A usinagem de componentes de paredes finas é altamente suscetível a vibrações
durante o processo de manufatura, uma vez que a flexibilidade estrutural resulta em
vibrações e instabilidade significativas, frequentemente resultando em retrabalho ex-
cessivo e perdas de produtividade. Quando se trata de planejamento de processos
para essas peças, a estimativa precisa das forças de fresagem e da dinâmica estru-
tural é fundamental, pois essas variáveis influenciam o comportamento dos modelos
tecnológicos usados para a otimização do processo. Com a crescente digitalização da
manufatura, esses modelos estão passando progressivamente de protótipos acadêmi-
cos para ambientes CAM industriais, permitindo estratégias de usinagem preditivas e
adaptativas. Nesse contexto, o Fraunhofer IPT desenvolveu a estrutura dPart® digital
twin, que integra simulações de processos, dados de máquinas e modelos computaci-
onais para dar suporte à tomada de decisões em tempo real. Na prática industrial, a
previsão precisa do comportamento dinâmico das peças de trabalho é essencial para
o planejamento do processo, o monitoramento e a integração do gêmeo digital. As
abordagens existentes dependem muito de simulações repetidas do Método dos Ele-
mentos Finitos (FEM), que são precisas, mas computacionalmente caras, demoradas
e pouco escalonáveis com o grande número de locais de corte necessários para a
avaliação de toda a operação. À medida que a infraestrutura de gêmeos digitais dPart®
evolui, essas limitações podem representar um gargalo no futuro. Para superar essas
limitações, este trabalho investiga o uso de técnicas de aprendizado de máquina, espe-
cificamente redes neurais de grafos (GNNs) como modelos substitutos para a previsão
de deformação baseada em FEM. Um conjunto de dados de simulações modais foi
gerado no ANSYS, a partir do qual as coordenadas nodais, as condições de contorno
e os campos de deformação foram extraídos e convertidos em representações gráfi-
cas. Duas arquiteturas foram testadas, sendo elas uma rede convolucional gráfica e
uma rede inspirada na MeshGraphNet, ambas projetadas para operar diretamente na
conectividade da malha e para aprender padrões de deformação espacial a partir de
dados modais. Os modelos substitutos foram treinados para prever campos de des-
locamento em nível de nó para o primeiro e o segundo modos de vibração da peça
de trabalho. Os resultados demonstram que os modelos propostos são capazes de
reproduzir o comportamento de deformação global com um erro percentual relativo
médio inferior a 1% para o primeiro modo de deformação. Essas descobertas indicam
que os substitutos baseados em GNN são promissores para acelerar a análise de
vibração em aplicações de fresamento e podem dar suporte a fluxos de trabalho de
monitoramento e planejamento de processos mais eficientes.

Palavras-chave: Método dos elementos finitos. Redes neurais de grafos. redes convo-
lucionais de grafos.
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1 INTRODUCTION

Milling is a subtractive process where material is continuously removed through
the relative motion between the tool and workpiece. During milling complex physical
phenomena with thermal and vibrational aspects occur which influences process stabil-
ity and productivity. Although every year machining technologies are more performant
where accuracy, flexibility and productivity are concerned, vibrations are the cause of
numerous problems. It includes tool breakage, poor surface quality, increased wear and
this, when seen from the manufacturing industries point of view, leads to product rejec-
tions and rework. In context to rework, in Turbomachinery, components tend to have
higher amplitude of vibrations be cause of their high aspect ratio and difficult to machine
materials. For example, in the manufacturing of Blade Integrated Disks (BLISKs), which
is a structurally complex workpiece, the major challenge faced by the industries is the
amount of rework. The main challenge faced by manufacturing industries is the moni-
toring of the milling process, which when done effectively, could save reworks, which is
estimated to be around 25%.

Through effective monitoring, vibrations and chatter, one of the major contribu-
tors to BLISK rework, could be effectively controlled and stabilized. Although cutting
stability has been studied in detail over the past half-century, vibration predictions are
difficult to make due to the continuous changes in stiffness of the thin-walled workpiece.
On one hand, there is variation of the force application point due to the different tool
positions and on the other hand, a change in stiffness and mass of the workpiece due
to material removal. Currently this question is approached with finite element method
Finite Element Method (FEM) simulations, but they are time-intensive, resource-heavy,
and scale poorly with mesh size, and the need to do it for multiple cutter locations
increases the time needed to create a good estimation of the workpiece dynamics with
reasonable precision at all cutter locations. The FEM process has been optimized to
a degree where further improvements are challenging to achieve. Additionally, inter-
polation fails to capture the complexity of the non-linear nature of partial differential
equations whose solutions are approximated, which is a problem that machine learning
can excel at.

In recent years, data-driven approaches have offered an alternative path for
addressing these limitations. Machine learning techniques have demonstrated a strong
capacity to approximate complex, nonlinear physical behaviours directly from data,
enabling the construction of surrogate models that reproduce simulation results at a
fraction of the computational cost. Among these approaches, Graph Neural Networks
Graph Neural Networks (GNNs) have emerged as a particularly suitable class of models
for problems defined on meshes or discretized physical domains.

A triangular mesh can be interpreted as a graph: nodes correspond to spatial
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points of the discretized geometry, and edges represent the structural connectivity im-
posed by the mesh topology. GNNs operate directly on this structure through message-
passing operations, propagating information across the mesh in a manner analogous
to the propagation of physical quantities in numerical methods for partial differential
equations. These similarities between GNNs and mesh-based numerical models makes
it particularly well suited to the task of learning from FEM data.

Furthermore, recent studies have shown that GNN-based surrogate models can
provide significant efficiency gains when approximating the behaviour of large-scale
physical systems, particularly when the underlying domain is represented as a mesh
or irregular grid It is inferred from such works that replacing repeated FEM simulations
with a trained GNN surrogate could reduce computational requirements while retain-
ing sufficient accuracy for tasks such as process monitoring, toolpath evaluation, and
vibration prediction.

In this context, the present work explores the development of a GNN-based
surrogate model capable of predicting the deformation response of a thin-walled work-
piece during milling, using FEM-generated modal data as ground truth. By leveraging
the relational structure of the mesh and learning the vibrational characteristics of the
component directly from simulation data, the proposed approach aims to enable faster,
scalable, and more efficient prediction of dynamic behaviour across different tool posi-
tions.

DOCUMENT STRUCTURE

The structure of this document follows the workflow presented in 1. The doc-
ument begins by introducing the concepts and motivation related to the project, es-
tabilshing the industrial context associated with vibration prediction in milling and the
limitations of current FEM-based approaches. Building upon this, the theoretical foun-
dations and state of the art are presented, covering the fundamentals of machining
dynamics, finite element modelling, and recent developments in machine learning and
graph neural networks. This background provides the necessary basis to formalize the
problem, define the technical requirements and constraints of the proposed system.

Following the adopted methodology is detailed, including the data generation
workflow, the preprocessing steps used to transform FEM results into graph-based
representations, and the architecture of the surrogate models explored in this project.
Subsequently, the development process is described in detail, presenting the data
processing steps, implementation of the surrogate models, their training procedures,
and a comprehensive evaluation of their performance through quantitative metrics and
mesh-based visual analyses.

Finally, the last chapter concludes the document by summarizing the contribu-
tions achieved, discussing the limitations encountered, and outlining future research
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directions to further advance the integration of GNN-based surrogates into manufactur-
ing process monitoring workflows.

Figure 1 – Document Structure.
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2 THEORETICAL BASIS

This chapter presents the theoretical basis necessary for understanding the
problem addressed, introducing the main concepts related to the milling process and the
methods and definitions used in the simulations performed. Finally, the fundamentals of
machine learning, which serve as theoretical support for the development of the project,
are discussed.

2.1 MILLING

Mechanical components with tight geometric tolerances and high surface in-
tegrity are predominantly produced by machining operations. These machining pro-
cesses have the material be selectively removed or plastically transformed in a con-
trolled manner to obtain the desired part geometry. These processes serve multiple ob-
jectives, ranging from high material removal rates during rough shaping to the achieve-
ment of micron-level dimensional accuracy and superior surface quality in finishing
operations.

From a manufacturing perspective, production technologies can be classified
into subtractive, additive, and forming processes. Subtractive processes remove mate-
rial from a workpiece (e.g., turning, drilling, milling, grinding), additive processes build
components layer by layer, and forming processes reshape material without material
removal. Among subtractive techniques, milling occupies a central role due to its flexi-
bility in generating complex geometries and its capability to combine productivity with
precision.

Despite its broad industrial relevance, milling is intrinsically associated with dy-
namic challenges. Process-induced vibrations arise from the interaction between the
rotating cutter and the compliant machine-tool-workpiece system. Such dynamic effects
compromise surface integrity, dimensional accuracy, and tool life. A comprehensive
understanding of milling kinematics and process dynamics is therefore essential for pre-
dicting and mitigating adverse effects such as chatter and forced vibrations. This section
introduces the technological and mechanical foundations of milling, emphasizing the
mechanisms governing cutter-workpiece interaction.

2.2 TECHNOLOGY OF MILLING

The majority of engineered components are produced through machine-based
operations that convert raw stock into functional parts. Although bulk forming processes
such as forging, rolling, and casting are widely applied, final dimensional accuracy
and surface finish are typically achieved through material removal operations (Altintas,
2012).



Chapter 2. Theoretical Basis 21

Material removal processes can be divided into cutting and abrasive operations.
Primary cutting operations include milling, turning, and drilling, whereas grinding be-
longs to abrasive machining. Grinding is generally employed when superior surface
quality and tight tolerances are required, while cutting operations allow higher material
removal rates and greater flexibility in shaping.

Cutting operations are commonly structured into three sequential stages:

• Roughing: removal of large material volumes to approximate the final geometry;

• Semi-finishing: intermediate step to reduce residual material and prepare for
final tolerances;

• Finishing: precision operation to meet dimensional and surface specifications (Klocke,
2018).

Depending on tolerance requirements, semi-finishing may already fulfill local
specifications, making additional finishing unnecessary.

The theoretical analysis of machining mechanics traditionally begins with orthog-
onal cutting. Due to its simplified two-dimensional configuration and reduced parameter
set, orthogonal cutting provides a tractable framework for understanding chip forma-
tion and force generation (Clausen, 2005). This conceptual foundation supports the
modelling of more complex three-dimensional milling operations.

2.2.1 Fundamentals of Milling

According to standardized terminology, milling is defined as a machining process
characterized by a rotating multi-edge tool performing a circular primary motion, com-
bined with a feed motion that is perpendicular or inclined relative to the tool axis (ISO. . . ,
1984). This superposition of rotational and translational motion produces complex tool
trajectories.

For constant feed motion perpendicular to the spindle axis, the path of an indi-
vidual cutting edge follows a cycloidal trajectory, as originally described by Reuleaux
(1900) and shown in Figure 2.

The rotational motion is described by the cutting speed vc , whereas the trans-
lational motion is defined by the feed speed vf . The feed speed can be expressed
as:

vf = nNt fz (1)

where n denotes spindle speed, Nt the number of teeth, and fz the feed per
tooth.

The cutting speed depends on the tool diameter dtool and spindle speed n:
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Figure 2 – Uncut chip thickness and cycloidal trajectory in 3-axis milling.

Source: Adapted from (Reuleaux, 1900; Cabral, 2015).

vc = πdtooln (2)

The angular immersion of a cutting edge is described by the contact angle φc ,
defined as

φc = φe −φs (3)

with φs and φe representing entry and exit angles, respectively (Meinecke,
2009).

Assuming the tool radius r is significantly larger than the radial depth of cut
(r ≫ ae), analytical expressions for entry and exit angles can be derived (Markworth,
2005):

φs =
π

2
− arcsin

(
1 − ae

r

)
(4)

φe =
π

2
+ arcsin

(
1 − ae

r

)
(5)

For high cutting speeds relative to feed motion (vc ≫ vf ), the edge trajectory can
be approximated as circular (Martellotti, 1945). Under this condition, the instantaneous
uncut chip thickness varies sinusoidally with the angular position.

Two principal configurations are distinguished in milling: up-milling and down-
milling. These differ in chip formation sequence, direction of the resultant force, and
surface generation timing (Klocke, 2018). Down-milling is often preferred in aerospace
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applications due to improved dimensional stability and reduced risk of undercutting (Al-
tintas, 2012; Gey, 2003).

From Orthogonal to Oblique Cutting

Although orthogonal cutting simplifies analysis, practical milling processes are
inherently oblique due to helix angles and edge inclination. In orthogonal cutting, the
inclination angle λ = 0 and the cutting edge angle κ = 90◦ (Klocke, 2018). Oblique
cutting introduces a non-zero inclination angle, resulting in a three-dimensional force
system (Altintas, 2012).

Figure 3 – Classical Oblique Cutting Geometry.

Source: Adapted from Phillip Ganser (2025).

In oblique cutting, the passive force component becomes significant and corre-
sponds to the axial force Fa, while the tangential and radial forces relate to cutting and
normal force components. According to Stabler’s chip flow rule (Stabler, 1964), the chip
flow angle approximates the inclination angle.

2.2.2 Cutter-Workpiece Engagement

Milling is characterized by time-varying engagement conditions due to the rotat-
ing helical cutting edges. The geometric contact between tool and workpiece evolves
continuously during cutter rotation. Understanding these engagement conditions is
essential for force modelling and process optimization (Kienast, 2021).
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Macroscopic engagement considers the overall geometric penetration of the tool
envelope into the workpiece, whereas microscopic engagement describes local chip
thickness variation along the cutting edge (Meinecke, 2009).

For small feed per tooth (fz ≪ r ), the instantaneous uncut chip thickness can be
expressed as (Altintas, 2012):

hsp(φj , κ) = fz sin(φj ) sin(κ) (6)

The differential chip width is defined as

db =
dz

sin κ
(7)

The product of hsp and db yields the differential chip cross-sectional area, which
forms the basis of mechanistic force models (Altintas; Lee, 1996).

2.2.3 Engagement Simulation

Virtual machining requires accurate determination of cutter-workpiece engage-
ment along the tool path (Altintas et al., 2014). Most industrial approaches rely on
macroscopic engagement metrics such as chip volume and immersion angle. However,
high-fidelity prediction of undeformed chip geometry in multi-axis machining remains
challenging.

Hybrid modelling approaches combine dexel-based macroscopic engagement
with analytical microscopic chip reconstruction and semi-empirical force models (Cabral,
2015; Ganser, Phillip, 2025). Such integrated methods enable simulation of five-axis
milling of free-form surfaces and support digital twin frameworks.

2.2.4 Process Simulation and Digital Twinning

Digitalization has become a driving force in advanced manufacturing sectors
such as aerospace, automotive, medical engineering, and mold & die production. A
digital twin represents a virtual counterpart of a physical manufacturing system and
allows monitoring, analysis, and prediction of process behavior (Ganser, Philipp et al.,
2021; Ladj et al., 2020).

An example is the dPart® framework developed at the Fraunhofer IPT and RWTH
Aachen University, integrating CAD/CAM/CAE environments with physics-based tech-
nology models (Ganser, Philipp et al., 2021). Within such environments, simulations
of engagement, cutting forces (Kienzle/Altintas), structural deflection, and dynamic
stability are coupled iteratively.

Thin-walled components are particularly sensitive to static deflection and regen-
erative chatter (Rudel et al., 2022; Liu, D. et al., 2021). Finite element-based modal
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updating methods have therefore been integrated into digital twins to account for chang-
ing structural dynamics during material removal (Maslo et al., 2020; Maslo, 2022).

Accurate force modelling remains central to predicting tool deflection, workpiece
deformation, chatter stability, and tool wear (Budak; Altintas, 1993; Ratchev; Liu, S.;
Becker, 2005; Koike; Matsubara; Yamaji, 2013; Si; Wang, L., 2019). A precise estimation
of cutter–workpiece interaction is thus indispensable for knowledge-based process
planning and optimization (Ganser, Phillip, 2025).

2.3 VIBRATIONS IN MILLING

According to DIN 1311-1, vibrations are defined as temporal variations of a sys-
tem state variable that alternate between increasing and decreasing values. The term
may also encompass transient phenomena such as impacts and creep processes in a
broader interpretation (DIN. . . , 2000). Within milling operations, the relevant phenom-
ena are mechanical vibrations, which can be described through state variables such as
displacement, velocity, or angular motion of structural components (Kuttner, 2015).

During machining, vibrations originate from the dynamic interaction between the
cutting process and the structural compliance of the machine-tool-workpiece system.
Their presence directly affects dimensional accuracy, surface integrity, and tool life. A
systematic understanding of vibration mechanisms is therefore fundamental for stable
and productive milling processes.

2.3.1 Occurrence of Vibrations in Machine Tools

Every structural element of a milling machine exhibits inherent natural frequen-
cies determined by its mass and stiffness distribution. During milling, periodic excitation
forces are introduced by the rotating cutter teeth at the spindle speed and its harmonics.
If these excitation frequencies approach the natural frequencies of structural compo-
nents, resonance amplification may occur.

The machine tool forms a closed structural loop consisting of the workpiece,
tool, tool holder, spindle, bearings, and machine frame. The excitation forces propagate
through this loop, affecting each component to varying degrees. Elements located near
the cutting zone - particularly the workpiece, cutting tool, and clamping system - experi-
ence the highest dynamic loads. Components further removed from the cutting interface
are subjected to attenuated vibrations due to structural damping and compliance.

Figure 4 provides an overview of typical frequency ranges associated with the
main structural constituents of a milling system. The tooth passing frequency during
milling typically lies between 100 and 2500 Hz. Spindle natural frequencies generally oc-
cur in the range of 100-1000 Hz, while machine frames exhibit lower natural frequencies.
Consequently, structural design must ensure that operational excitation frequencies do
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not coincide with dominant eigenfrequencies.

Figure 4 – Overview of natural frequencies in a milling machine.

Source: Adapted from (Maslo, 2022).

From a mechanical standpoint, system behavior can be separated into static
and dynamic responses. Static behavior describes elastic deformation under constant
loads, such as gravitational forces. Dynamic behavior arises from time-varying loads,
including periodically varying cutting forces during machining (Weck, 2006a).

A key static parameter is structural stiffness, which depends on material proper-
ties (Young’s modulus), geometry (moment of inertia, overhang length), and boundary
conditions. Under constant loading, this characteristic is referred to as static stiffness.

2.3.2 Types of Vibrations

In vibrating tool-workpiece systems, stiffness is frequency-dependent. This frequency-
dependent characteristic is commonly termed dynamic stiffness. The dynamic response
of a mechanical system is governed by three primary parameters:

• Mass m and its spatial distribution,

• Stiffness k ,

• Damping D (Lehr’s damping) (Weck, 2006b).

Based on their origin, mechanical vibrations in milling are categorized into:

1. Externally excited vibrations,
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2. Self-excited vibrations.

Figure 5 – Classification of vibrations based on their temporal behavior.

Source: Adapted from (Weck, 2006b, 2006a).

Externally Excited Vibrations

Externally excited vibrations are generated by forces imposed on the system from
either the environment or the machining process itself (Litwinski, 2010). Depending on
excitation characteristics, they can be classified as free or forced vibrations.

Free vibrations occur after short impulse-like disturbances. Following excitation,
the system oscillates at its natural frequency while the amplitude decays exponentially
due to damping. Examples include sudden axis accelerations, foundation disturbances,
or interrupted cuts. Such vibrations can be mitigated through damping measures in
machine foundations (Baur, 2013).

Forced vibrations arise from periodic excitation, such as tooth entry impacts,
imbalance of rotating components, or bearing imperfections (Weck, 2006a). The system
responds at the excitation frequency rather than its natural frequency. However, when
excitation approaches resonance conditions, significant amplitude amplification occurs.
Parameter adjustments (spindle speed, feed rate, depth of cut) can prevent transition
toward instability.

Self-excited Vibrations

Self-excited vibrations develop when energy input from the cutting process ex-
ceeds structural damping capacity (Waibel, 2013). Unlike forced vibrations, no external
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Figure 6 – Causes of externally excited oscillations in milling.

Source: Adapted from (Weck, 2006b, 2006a).

periodic forcing is required. Instead, instability originates from internal feedback be-
tween tool motion and chip formation.

The most prevalent form is regenerative chatter. It arises from the modulation
of chip thickness caused by surface waviness generated in previous tooth passes. If
process damping is insufficient, oscillation amplitudes grow exponentially until reaching
a limit cycle.

The depth of cut ap plays a decisive role. For constant spindle speed, increasing
ap leads to proportional growth in vibration amplitude. At the critical depth of cut ap,cr ,
the system transitions from stable to unstable behavior (Figure Figure 7).

Figure 7 – Oscillation amplitude as a function of depth of cut.

Source: Adapted from (Maslo, 2022).

2.3.3 Regenerative Effect

The regenerative mechanism can be described as a feedback loop between
structural deflection and chip formation. Cutting forces deform the tool-workpiece sys-
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tem, producing surface undulations. During the subsequent tooth engagement, the in-
stantaneous chip thickness depends on both current and delayed displacements (Akesson,
2009).

The dynamic chip thickness is expressed as:

h(t) = h0(t) + x(t − τ) − x(t) (8)

where τ denotes the tooth passing period. The phase difference between x(t)
and x(t − τ) determines stability. At a phase shift of 360◦, chip thickness remains
constant and the process is stable. At 180◦, modulation is maximal and instability may
occur (Weck, 2006b).

The regenerative feedback term can be expressed in frequency domain form
as (Weck, 2006b):

Gp = (e−iωTt − 1)Kcap (9)

Figure 8 – Regenerative feedback mechanism in milling.

Source: Adapted from (Altintas et al., 2014).

2.3.4 Possibilities for Vibration Reduction

The dynamic behavior of the milling system can be represented by a delay
differential equation:

mẍ + dẋ + kx(t) = Fs + KtapA(t)(x(t) − x(t − τ)) + Fpd (t , ẋ(t)) (10)
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The right-hand side comprises the stationary periodic force Fs, the regenera-
tive component, and the process damping force.Based on this formulation, several
mitigation strategies can be derived:

Enhancement of Process Damping

Process damping arises from ploughing effects and velocity-dependent mecha-
nisms at the tool flank (Feng et al., 2018). Increasing flank contact or using serrated
or variable-pitch tools can delay chatter onset.However, process damping is primarily
effective at low frequencies.

Increase of Structural Stiffness

Improving system stiffness shifts natural frequencies and reduces compliance.
This can be achieved by optimizing geometry, minimizing overhang, increasing cross-
sectional inertia, or adding support elements. Unlike process damping, stiffness im-
provements influence the entire speed range.

Disruption of Regenerative Feedback

Modulation of spindle speed disturbs phase synchronization between successive
cuts. Variable pitch cutters and active control strategies further suppress instability. Sen-
sors such as accelerometers and dynamometers enable in-process monitoring (Zhang;
Sims, 2005). Nevertheless, practical limitations exist due to spindle acceleration con-
straints and transient responses (Schmitz; Smith, 2009).

2.3.5 Mathematical Description of Vibration Characteristics

Machine tools are modeled as multi-degree-of-freedom systems, often approxi-
mated by decoupled single-mass oscillators.

mẍ + dẋ + k (xstat + xdyn) = Fstat + Fdyn (11)

Static compliance is defined as:

g =
1
k

(12)

The natural frequency is:

ωn =

√
k
m

(13)

and

fn =
ωn
2π

(14)
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For underdamped systems (D < 1):

x(t) = Ae−Dωnt sin(ωd t + ϕ) (15)

The Frequency Response Function Frequency Response Function (FRF) is
given by:

G(jω) =
1/k

1 − ω2

ω2
n

+ 2jD ω
ωn

(16)

The FRF provides dynamic compliance, resonance frequencies, and damping
characteristics (Kuttner, 2015). Near resonance, damping dominates; at low frequencies
stiffness governs; at high frequencies mass effects prevail (Braña et al., 2013).

Stability boundaries can be derived using the real part of the FRF:

ap,cr = − 1
2KcRe(Gm)

(17)

The corresponding spindle speed is:

n =
60f

z
(

1
π tan−1

(
− Im(Gm)

Re(Gm)

)
+ D
) (18)

Plotting these limits yields the stability lobe diagram, which separates stable and
unstable cutting parameter combinations (Figure Figure 9) (Brecher; Weck, 2019).

Figure 9 – Stability lobe diagram.

Source: Adapted from (Maslo, 2022).
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2.4 FUNDAMENTALS OF MACHINE LEARNING AND DEEP LEARNING

Machine learning Machine Learning (ML) is a subfield of artificial intelligence
focused on developing algorithms capable of learning patterns from data and making
predictions without being explicitly programmed for specific tasks. This technique has
been successfully applied across a wide range of domains, from computer vision and
natural language processing to healthcare and scientific simulations. The choice of
learning approach or model, depends on the nature of the problem and the structure of
the available data.

2.4.1 Supervised, Unsupervised, and Reinforcement Learning

Machine learning tasks are typically categorized based on the type of supervi-
sion available during training, this is usually decided based on the available training
data. In supervised learning, the model is trained on labeled data, where each input
is paired with the correct output. This is the most common setting and includes tasks
such as classification and regression. In contrast, unsupervised learning deals with
unlabeled data, aiming to uncover hidden patterns or structures, such as in clustering
or dimensionality reduction. Reinforcement learning represents a different paradigm
where an agent learns to make decisions through interactions with an environment,
receiving feedback in the form of rewards or penalties. Understanding these learning
types is essential to situate more advanced models, such as GNNs, in the broader
machine learning landscape.

Table 3 summarizes the main learning paradigms, their supervision mechanisms,
and representative application domains, providing context for the supervised graph-
based regression approach adopted in this work.

Table 3 – Comparison of machine learning paradigms and representative use cases.

Learning Paradigm Training Signal Representative Use Cases

Supervised Learning Labeled input–output
pairs

Image classification and regression; struc-
tural response prediction from FEM simu-
lations; node-level regression in graph neu-
ral networks

Unsupervised Learn-
ing

Unlabeled data Clustering and dimensionality reduction;
graph representation learning; anomaly
detection in sensor and manufacturing
data

Reinforcement Learn-
ing

Reward signal from en-
vironment interaction

Robotics and control; game playing; adap-
tive process optimization and decision-
making problems

Source: Adapted from Bishop (2006), LeCun, Bengio, and Hinton (2015) and Sutton and Barto (2018).

Training a neural network involves finding the optimal set of parameters (weights
and biases) that allow the model to perform well on a given task. This is achieved by



Chapter 2. Theoretical Basis 33

minimizing a loss function, which computes the error between the model’s predictions
and the desired output. For example, in regression tasks, the mean squared error loss
function (MSE) is commonly chosen, while in classification tasks, the cross-entropy loss
is preferred. The loss function serves as a guide for updating the model’s parameters
through an optimization algorithm.

The optimization process relies on backpropagation, a method for computing
the gradient of the loss function with respect to each parameter in the network. These
gradients indicate the direction in which each parameter should be adjusted to reduce
the loss. The core computational unit of most neural networks is the Multilayer Per-
ceptron Multilayer Perceptron (MLP), a stack of fully connected layers interleaved with
nonlinear activation functions such as ReLU or sigmoid. During training, each layer
in the MLP contributes to the overall computation of the loss, and each parameter is
updated iteratively based on its gradient contribution. This training framework is central
to all neural network architectures, including Graph Neural Networks, which use similar
principles but apply them to a graph-based dataset.

2.5 GRAPH NEURAL NETWORKS

Traditional machine learning models, like neural networks, often rely on fixed-size
input representations, such as vectors or grids, which work well for structured data like
images or time series. However, many real-world systems involve complex, relational,
and irregular structures that cannot be naturally captured in these formats. As a result,
these models often struggle to generalize when tasked with reasoning about structured
and relational data.

Convolutional Neural Networks Convolutional Neural Networks (CNNs), which
have achieved remarkable success across many scientific and engineering applica-
tions, face similar challenges. Despite their power, CNNs are fundamentally limited by
their reliance on structured, uniform grids. Traditional CNN architectures operate on
domains where there is an underlying euclidian structure (Bronstein et al., 2017), mak-
ing them not well suited for problems involving complex or irregular geometries—such
as those encountered in mesh-based simulations of physical systems. In such cases,
applying CNNs requires embedding the geometry into a dense uniform grid or interpo-
lating the data to fit the grid structure. Both approaches introduce significant trade-offs,
like increase in computational costs or sacrifices resolution and accuracy in regions
of interest. To overcome these fundamental limitations, graph-based methods such as
Graph Convolutional Networks Graph Convolutional Networks (GCNs) have been pro-
posed (Kipf; Welling, 2017; Defferrard; Bresson; Vandergheynst, 2017). Unlike CNNs,
GCNs operate directly on irregular graph structures and naturally adapt to the topology
of the data.

To better handle these data structures, GNNs have emerged as a powerful class
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of models by incorporating relational inductive biases (Battaglia et al., 2018), which is
the architectural assumptions that guide learning about entities and their relationships.
GNNs operate directly on graph-structured data, enabling computations over nodes
(entities), edges (relations) and global attributes. This relational reasoning framework
allows GNNs to model complex systems such as molecules, physical simulations, and
social networks, where the interactions between components are as critical as the
components themselves.

2.5.1 Graphs

Graphs are a flexible and powerful data structure used to model relationships be-
tween entities. Formally, a graph consists of a set of vertices representing entities and
a set of edges representing the connections or relationships between them, commonly
denoted as G = [V , E ] (Diestel, 2017). Unlike regular Euclidean data such as images
or time series, graph data is inherently irregular and unordered, making it ideal for
modeling complex systems where interactions are important, non-uniform and topologi-
cally rich. This structure appears naturally in many real-world applications—from social
networks and molecules to physical simulations and transportation systems—where
entities are best understood through their interconnections rather than their positions
in a grid. Graph data also enables the encoding of both local and global relationships,
offering a flexible framework for a wide array of tasks.

This diversity of applications also implies different ways of expressing and char-
acterizing graphs. It can be used to represent static or dynamic systems, directed
or undirected interactions, and homogeneous or heterogeneous node and edge at-
tributes. Because the connectivity between graph elements is relevant to the problem
environment, the need for a machine learning model that is able to capture it grew, mo-
tivating the development of Graph Neural Networks, a family of deep learning models
designed specifically to operate on graph structures through message passing mecha-
nisms. GNNs have shown good performance in areas as varied as chemistry, weather
prediction, particle physics, recommendation systems, and simulation of physical pro-
cesses (Sanchez-Gonzalez et al., 2020). Their ability to aggregate information from
a node’s neighborhood and generalize across different graph topologies makes them
particularly suited for tasks involving relational reasoning and structured data.

Table 4 presents representative benchmark datasets commonly used in graph
learning research, illustrating the diversity of graph structures, scales, and learning
tasks supported by modern GNN frameworks.

Among this diverse datatype, an increasingly important area of research involves
their use with mesh-based datasets, particularly in scientific computing, physical sim-
ulation, and engineering design, where the domain is often discretized using a mesh.
Mesh-based graphs have its nodes correspond to mesh elements and the edges repre-
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Table 4 – Common benchmark graph datasets available in PyTorch Geometric.

Dataset Graph Type Approx. Size Typical Task / Domain

Cora Directed, homo-
geneous

2.7k nodes, 5.4k
edges

Node classification (citation
network)

CiteSeer Directed, homo-
geneous

3.3k nodes, 4.7k
edges

Node classification (citation
network)

PubMed Directed, homo-
geneous

19.7k nodes, 44k
edges

Node classification
(biomedical citations)

MUTAG Undirected, ho-
mogeneous

188 graphs (∼18
nodes/graph)

Graph classification (molec-
ular structures)

ZINC Undirected, ho-
mogeneous

∼250k graphs Graph regression (molecu-
lar properties)

QM9 Undirected, ho-
mogeneous

∼134k graphs Graph regression (quan-
tum chemistry)

OGBN-Arxiv Directed, homo-
geneous

169k nodes, 1.1M
edges

Large-scale node classifi-
cation

Source: Adapted from the PyTorch Geometric documentation (Fey; Lenssen, 2023).

sent topological connections between them, thus defining the graph’s connectivity. This
transformation enables the application of GNNs directly to the underlying geometric
and physical structure of the domain. As demonstrated in recent works by Brandstetter,
Worrall, and Welling (2023) and Gao, Zahr, and Jian-Xun Wang (2022), mesh-based
GNNs can learn to approximate the solution of time-independent PDEs with high fidelity
by encoding both geometric information and physical parameters into the graph struc-
ture. Approaches such as MeshGraphNets (Pfaff et al., 2021) and its extensions build
on this concept, allowing for efficient and generalizable learning across varying geome-
tries, resolutions, and boundary conditions. These mesh-to-graph transformations have
enabled GNNs to become powerful surrogates for traditional numerical solvers, offering
advantages in speed, scalability, and adaptability.

In practice, graph-structured data often originates from the transformation of
other data representations into nodes and edges. For example, molecular structures
can be mapped to graphs by representing atoms as nodes and chemical bonds as
edges, while mesh-based domains can be converted into graphs by associating nodes
with mesh vertices or elements and edges with their topological connectivity. Figure 10
illustrates examples of data-to-graph conversions.

2.5.2 Applications of Graph Neural Networks

In the wide context of machine learning, the structure of the model, its objective
and the dataset it is using all influence the design and application of the developed
model. When the data is best represented as a graph, where relationships and struc-
ture play a central role, traditional models fail to achieve a suitable result, motivating the
development of specialized approaches. Graph Neural Networks have rapidly evolved
into a key framework for learning on graph-structured data, addressing the limitations of
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Figure 10 – Example of data to graph conversion.

Source: Author.

traditional machine learning models when applied to non-Euclidean domains. Inspired
by classical neural network architectures such as CNNs and RNNs, GNNs general-
ize these paradigms by incorporating relational inductive biases to model interactions
between entities and their relationships. The field now encompasses a variety of spe-
cialized architectures, each developed to address specific tasks, typically at the node
level, edge level, or graph level. Beyond these, more advanced approaches support
subgraph-level reasoning (Ying et al., 2019), dynamic or spatio-temporal graph analysis,
and hierarchical GNNs that capture multi-scale structure.

Node-level tasks such as classification (Velickovic et al., 2018; Li; Han; Wu, 2018;
Kipf; Welling, 2017) and and regression tasks (Bayram, 2021) aim to predict properties
of individual nodes within a graph, often using partial label information. Edge-level tasks
include link prediction and edge classification (Lo et al., 2022), which are used to infer
missing connections or label interactions between entities. At a higher level, graph-level



Chapter 2. Theoretical Basis 37

tasks such as graph classification or regression (Yang et al., 2023; Ling et al., 2023)
involve learning a holistic representation of an entire graph to predict outcomes such as
molecular activity, structural properties, or behavior of dynamic systems. These tasks
are often supported by architectural components like pooling and readout layers that
aggregate node-level features into a graph-level representation. The versatility of GNNs
in handling these tasks has contributed significantly to their widespread adoption across
both academic research and industrial applications.

Figure 11 illustrates some of the most common learning tasks addressed by
graph neural networks.

Figure 11 – Examples of common GNNs tasks.

Source: Adapted from (DataCamp, 2021).

2.5.3 Message Passing Mechanism

At the core of most modern Graph Neural Networks lies the message passing
method, a general framework for learning representations of graph-structured data. The
central idea is that the feature vector of a node is iteratively updated by aggregating
information from its neighbors, thereby capturing local topology and feature-level in-
teractions. This process typically unfolds over multiple layers (or time steps), enabling
information to propagate across the graph.

This mechanism is the main motivator for this project’s case study, its success in
problems involving physical applications indicates that its application could be a good
solution for the problem proposed in chapter 4.
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Figure 12 – Message passing with aggregation example.

Source: Author.

General Formulation

Formally, consider a graph G = (V , E), where V is the set of nodes and E ⊆ V×V
is the set of edges. Let h(k )

v ∈ Rd denote the feature vector of node v at layer k , and let
N (v ) denote the set of neighbors of node v . The general message passing framework
at layer k can be expressed in three steps:

1. Message computation:

m(k )
uv = ϕm

(
h(k )

v u[k − 1], h(k )
v v [k − 1], euv

)
(19)

2. Aggregation:

m(k )
v = AGGREGATE(k )

({
m(k )

uv : u ∈ N (v )
})

(20)

3. Update:
h(k )

v = ϕu
(

h(k )
v v [k − 1], m(k )

v

)
(21)

This general formulation follows the Message Passing Neural Network framework
proposed by Gilmer et al. (2017). Here, ϕm is a message function that may optionally
use edge features euv , and ϕu is the update function, often implemented as a MLP.

Aggregation Functions

The aggregation step must be permutation invariant (Zaheer et al., 2018), mean-
ing the result should not depend on the order in which neighbors are processed. Com-
mon aggregation functions include:
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• Mean Aggregation:

m(k )
v =

1
|N (v )|

∑
u∈N (v )

h(k )
v u[k − 1] (22)

• Sum Aggregation:
m(k )

v =
∑

u∈N (v )

h(k )
v u[k − 1] (23)

• Max Aggregation:
m(k )

v = max
u∈N (v )

h(k )
v u[k − 1] (24)

• Attention-based Aggregation: (Velickovic et al., 2018)

m(k )
v =

∑
u∈N (v )

α
(k )
uv h(k )

v u[k − 1] (25)

where the attention weights α
(k )
uv are computed as:

α
(k )
uv =

exp
(

LeakyReLU
(

a⊤[Wh(k−1)
u ∥Wh(k−1)

v ]
))

∑
w∈N (v ) exp

(
LeakyReLU

(
a⊤[Wh(k−1)

w ∥Wh(k−1)
v ]

)) (26)

where W and a are learnable parameters, and ∥ denotes vector concatenation.

Layer Stacking

By stacking multiple message passing layers, a GNN can capture information
from increasingly distant nodes, effectively increasing the receptive field. However, deep
GNNs can suffer from the oversmoothing problem, where node embeddings become
indistinguishable across the graph (Li; Han; Wu, 2018; Oono; Suzuki, 2021).Techniques
such as residual connections, normalization, and skip connections are commonly used
to mitigate this.

Moreover, the expressive power of message passing GNNs is closely tied to
the Weisfeiler-Lehman (WL) test for graph isomorphism (Xu et al., 2019).Standard
GNNs are provably no more powerful than the 1-WL test in distinguishing certain non-
isomorphic graphs. This has inspired the development of more expressive models,
such as higher-order GNNs, subgraph-aware architectures, and GNNs with learnable
structure.

2.5.4 Similarities between message passing and FEM

A fundamental justification for employing Graph Neural Networks as surrogate
models for FEM simulations lies in the structural isomorphism between the finite el-
ement mesh and the graph topology. In FEM, continuous physical domains are dis-
cretized into a mesh consisting of nodes and elements, a structure that is mathemat-
ically equivalent to a graph G = (V, E) where vertices V represent mesh nodes and
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edges E encode the connectivity derived from mesh elements. Unlike standard MLPs
or CNNs, which often require mapping unstructured meshes onto regular grids, thereby
losing geometric fidelity, GNNs operate directly on the unstructured data. This grants the
surrogate model a strong geometric inductive bias, allowing it to naturally respect the
underlying topology and boundary conditions of the physical system (Pfaff et al., 2021;
Gao; Zahr; Wang, J.-X., 2022). , Beyond static representation, the iterative message
passing mechanism in GNNs shares a striking computational parallel with the numerical
solvers used in FEM, specifically the assembly of the global stiffness matrix from local
elemental contributions. In classical FEM, the state of a node (e.g., displacement or
temperature) is determined by solving equilibrium equations that sum contributions from
adjacent nodes via shape functions. Analogously, a message passing neural network
updates a node’s hidden state by aggregating messages, learned feature vectors, from
its immediate neighbors (Gilmer et al., 2017; Pfaff et al., 2021). Stacking multiple GNN
layers allows this local information to propagate across the graph, effectively mimicking
the iterative steps of a sparse linear solver or the time-stepping of an explicit dynamic
analysis, where local forces propagate to affect the global deformation field.
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3 PROBLEM DESCRIPTION AND TECHNICAL REQUIREMENTS

This chapter explains the motivation behind the problem of this thesis and how
it is expected to integrate a bigger project under development at Fraunhofer IPT. It is
composed by a description of the Fraunhofer IPT and the department responsible for
the project in which the thesis is contextualized. Under this context, the problem and
its requirements are presented, estabilshing the demands in terms of performance and
implementation guidelines.

3.1 FRAUNHOFER-GESELLSCHAFT

The Fraunhofer-Gesellschaft, based in Germany, is one of the world’s leading
organizations for applied research with 75 institutes and independent research units. It
plays a major role in innovation by prioritizing research on cutting-edge technologies
and the transfer of results to industry (Gesellschaft, 2025).

The Fraunhofer Institute for Production Technology (IPT) develops system so-
lutions for the networked, adaptive production of sustainable and resource-efficient
products and the associated services. Our focus is on process technology, produc-
tion machines, production quality and metrology, and technology management, and
ranges from the fundamentals to the digital transformation of production. The institute
develops and refines both new and optimizing methods, technologies, and processes
aimed at shaping the future of production. Its work spans from highly specialized in-
dividual technologies to integrated system solutions, all with a focus on sustainable
manufacturing (IPT, 2025c).

3.1.1 High Performance Cutting Department

The department is concerned with the development of technologies and solu-
tions for machining operations throughout the entire process chain, from process de-
sign through real time data collection, to consulting and prototype manufacturing. The
benefits of advanced technological expertise, integrated systems capabilities, and state-
of-the-art machinery are used to conduct comprehensive, target-oriented research and
development activities. Focus is placed on simultaneous multi-axis milling and turning
of complex components manufactured from superalloys, ultra-hard steels, lightweight
composites, and other specialized materials. These processes find typical application in
fields such as turbomachinery, aerospace, toolmaking, and medical technology. Digital-
ization is considered a fundamental component in achieving a thorough understanding
of manufacturing processes and in maintaining a sustainable competitive edge (IPT,
2025b).
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DPart

High performance milling of thin-walled geometries has a very challenging na-
ture due to its complexity, requiring highly advanced production environments. These
environments cover the planning, manufacturing and quality assurance for the produc-
tion of modern products, which are characterized by the interaction of multiple different
software and hardware components. A digital twin framework has already been estab-
lished within the company infrastructure, and this project is intended to be integrated
into this existing system.

A digital twin is a virtual representation of a physical object, system, or process
that mirrors its real-world counterpart in real time. Built using data collected from sen-
sors, simulations, or historical records and is used to monitor, analyze, and optimize
performance throughout the system. One key advantage of using a digital twin is the
ability to simulate and predict behavior under different conditions without interfering
with actual operations. This supports improved decision-making and reduces risks and
reworking.

This digital twin environment was named dPart®, which represents a strategic
framework as well as an implemented working appliance in the field of process technol-
ogy at Fraunhofer IPT. The system is being continuously developed since 2018, and is
already advancedly implemented regarding technology model microservices such as
dexel-based engagement, modal analysis, milling force, tool static and workpiece de-
flections. The components also include computer-aided manufacturing (CAM) systems
for computer-aided process planning, machine tools for carrying out the production task,
and coordinate measuring machines for quality assurance (IPT, 2025a).

3.2 PROBLEM DESCRIPTION

In the context to rework, in Turbomachinery, components tend to have higher
amplitude of vibrations because of their high aspect ratio and difficult to machine mate-
rials. For example, in the manufacturing of blade integrated disks, which is a structurally
complex workpiece, the major challenge faced by the industries is the amount of re-
work. The main challenge faced by manufacturing industries is the monitoring of the
milling process which when done effectively could save reworks, which is estimated to
be around 25%. Through effective monitoring, vibrations and chatter, one of the major
contributors to BLISK rework, could be effectively controlled and stabilised.

Although cutting stability has been studied in detail over the past half-century,
vibration predictions are difficult to make due to the continuous changes in stiffness
of the thin-walled workpiece. On one hand, there is variation of the force application
point due to the different tool positions and on the other hand, a change in stiffness and
mass of the workpiece due to material removal. Currently this question is approached
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Figure 13 – Dpart pipeline highlighting where the GNN surrogate will be used.

Source: Adapted from (High Performance Cutting Department, 2025).

with finite element method simulations, but they are time-intensive, resource-heavy, and
scale poorly with mesh size, and the need to do it for multiple cutter locations increases
the time needed to create a good estimation of the workpiece dynamics with reasonable
precision at all cutter locations. The FEM process has been optimized to a degree
where further improvements are challenging to achieve. Additionally, interpolation fails
to capture the complexity of the non-linear nature of partial differential equations whose
solutions are approximated, which is a problem that machine learning can excel at.

The objective of this project is to develop a surrogate model for FEM simulations,
supported by a pipeline that encompasses all key stages of the workflow. As part of
this pipeline, the workflow includes data generation, preprocessing, graph construction
and model training.

Figure 13 highlights the participation of this project inside the digital twin envi-
ronment.

3.2.1 Technical Requirements

The following functional requirements were established for the project:

1. Data Processing and Graph Construction: Aquire and convert mesh and FEM data
into graph-based representations. Develop scripts to extract node-level features,
generate embeddings, and define graph structures.
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2. Graph-Based Machine Learning: Implement various GNN models for surrogate
modeling.

3. Model Evaluation: Compare predicted results from machine learning models
against Ansys FEM simulation data.

4. Scalability Testing: Apply models to datasets of increasing size or complexity to
assess scalability and generalization.

5. Result Visualization: Generate plots or visual outputs to illustrate model predic-
tions.

In addition, there is an expectation that the project will meet the following non-
functional requirements:

1. Computational Efficiency: The model must offer faster prediction times than tradi-
tional FEM simulations.

2. Accuracy: The model should reach a defined acceptable error margin compared
to FEM results, ensuring that approximations are useful.

3. Scalability: The system should be capable of handling large mesh sizes and
different cutter locations without increases in runtime or memory usage.
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4 PROPOSED SOLUTION AND METHODOLOGY

The objective of this project is to develop a surrogate model for Finite Element
Method (FEM) simulations, supported by a structured and modular pipeline encompass-
ing all key stages of the workflow. This pipeline includes data generation, preprocessing,
graph construction, model training, and evaluation.

The previous chapter presented the theoretical background and state of the art
supporting this work, covering the fundamentals of finite element analysis, machin-
ing dynamics, and recent advances in machine learning for physics-based problems.
Building upon this foundation, the present chapter details the proposed solution and
methodology adopted to implement a Graph Neural Network based surrogate model,
ensuring compliance with the technical and integration requirements established in
Chapter 3.

The proposed solution aims to serve as an alternative to repeated FEM simula-
tions by learning a data-driven approximation of the structural response of thin-walled
workpieces under milling conditions. Rather than replacing FEM entirely, the surrogate
model is designed to reproduce equivalent deformation responses with significantly
reduced computational cost, enabling faster evaluation within digital twin environments.

To achieve this objective, the methodology reformulates FEM simulation outputs
as a graph-based learning problem. Mesh connectivity, nodal geometry, and simulation-
derived quantities are encoded as graph features, allowing GNNs to exploit both local
neighborhood interactions and global structural topology. The methodology is structured
into the following main stages:

1. Data Generation and Acquisition: FEM simulations are performed using AN-
SYS Mechanical to generate high-fidelity modal data. Simulations are executed
at multiple toolpath positions corresponding to different material removal states,
capturing the evolving dynamic behavior of thin-walled structures. The solver out-
puts natural frequencies and associated mode shapes, which serve as ground
truth for supervised learning.

2. Preprocessing and Graph Construction: Simulation outputs are processed
using custom scripts to extract mesh connectivity, nodal coordinates, boundary
conditions, and deformation fields. These quantities are converted into graph
representations, where nodes correspond to mesh vertices and edges encode
topological adjacency. Node embeddings are constructed to combine geometric
and physical information into a format suitable for GNN training.

3. Model Design and Training: Two GNN architectures are implemented and eval-
uated, a conventional GCN and a MeshGraphNet-inspired encoder-processor-
decoder architecture. The training framework supports configurable architectures
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and hyperparameters without direct code modification, enabling systematic exper-
imentation. Models are trained to predict nodal displacement fields for selected
vibration modes, and performance is assessed against FEM ground truth.

4. Post-Processing, Validation, and Integration: Predicted deformation fields are
denormalized to physical units and exported in engineering-compatible formats.
Quantitative error metrics and qualitative visualizations are used to evaluate pre-
diction fidelity. Outputs are structured to ensure compatibility with the existing
Datagen and ANSYS workflows, enabling seamless integration into the dPart®
digital twin framework.

A schematic overview of the complete pipeline is shown in Figure 14, illustrating
the flow of information from FEM simulations to the trained GNN surrogate and back to
engineering formats.

4.1 SCOPE, ASSUMPTIONS, AND CONSTRAINTS

The methodology targets single-part, thin-walled workpieces represented by sur-
face meshes with consistent meshing conventions. Boundary conditions and simulation
metadata are assumed to be available at preprocessing time. To constrain problem
complexity and ensure feasibility within the project timeline, the analysis is limited to the
first two vibration modes, which capture the dominant structural deformation behavior
during machining.

Higher-order modes are excluded due to their reduced influence on the overall
deformation response. Nevertheless, the proposed pipeline is fully extensible, and the
same preprocessing, training, and validation procedures could be applied to additional
modes if required.

Architectures requiring materially different input representations or training paradigms
were excluded to preserve comparability and integration with the existing Datagen
framework.

4.2 HOW THE SOLUTION MEETS THE REQUIREMENTS

Technical adequacy:

• Graph representations preserve mesh topology and local neighborhoods critical
for structural response prediction.

• Node embeddings encode geometric, physical, and boundary-related information
relevant to deformation behavior.

• Normalization strategies reduce scale bias and improve numerical stability during
training.
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Figure 14 – Overview of the proposed GNN-based surrogate modeling pipeline.

Source: Author.

Computational efficiency: Once trained, the surrogate model produces defor-
mation predictions orders of magnitude faster than full FEM simulations, supporting
rapid evaluation across multiple toolpath locations.

Integrability: All intermediate and final data formats (graphs, STL meshes, text-
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based nodal fields) are consistent with existing Datagen and ANSYS conventions,
minimizing disruption to upstream and downstream processes.

With this presented methodology, the project should achieve a modular and
scalable methodology for transforming ANSYS FEM simulation outputs into graph-
based datasets and training mesh-aware GNN surrogate models. The design choices
regarding data representation, normalization, model architecture, and output formats
were guided by accuracy, stability, and integration into existing digital twin workflows.
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5 DEVELOPMENT AND RESULT ANALYSIS

5.1 SOLUTION DEVELOPMENT

This chapter presents the development and results obtained throughout the
implementation of the proposed project. Building upon the concepts presented in Chap-
ter 2 and the requirements introduced in Chapter 3, the following sections describe how
the solution was constructed, how the data and models were integrated, and how the
performance of the implemented architectures was evaluated.

The development is organized into four stages of the workflow, beginning with the
generation of simulation data, followed by preprocessing and graph construction, model
training and concluding with evaluation. Each stage plays a critical role in ensuring that
the surrogate model can accurately reproduce the deformation behaviour predicted by
the finite element method.

Figure 15 – Overview of the proposed project steps.

Source: Author.

To clarify the overall structure of the implementation, Figure 15 illustrates the
complete pipeline adopted in this project, highlighting the data flow and the contribution
of each component to the final solution and the future steps that are going to be describe
in Chapter 6.



Chapter 5. Development and Result Analysis 50

5.1.1 Data Generation

The initial stage of the development process consists of generating the geometric
and process-related data required for the numerical simulations and learning tasks. The
necessary inputs for this stage are the workpiece geometry, the fixed base defining the
boundary conditions, and the machining toolpath. Together, these elements define both
the physical domain under analysis and the mechanical loading conditions imposed
during the milling process.

The core problem addressed in this work is the dynamic behaviour of very thin-
walled workpieces during milling. Such components exhibit low structural stiffness,
making them highly susceptible to vibrations and large deformation amplitudes. In order
to increase these effects, the problem was approached by intentionally increasing the
degree of material removal, reducing the structural stiffness of the component. This
reduction in stiffness ensures that the deformation patterns are sufficiently pronounced
to be captured by both FEM simulations and the surrogate models.

Geometric Modelling and Toolpath definition

The geometric model and toolpath were generated using Siemens NX, a computer-
aided design and manufacturing (CAD/CAM) environment. Within NX, the workpiece
geometry is defined by specifying the base region, which will be defined as the bound-
ary condition in the simulations, and the machined surface. The surrounding block
geometry is designed to replicate the industrial setup used in practice.

Subsequently, a milling toolpath is generated to reproduce the planned manu-
facturing process. Although the geometry and tool motion correspond to a realistic and
simplified industrial scenario, the amount of material removed was increased when com-
pared to the original finishing operation. This was done to highlight the material removal
aspect of the operation, increasing the difference between different cutter locations.

Figure 16 displays the sample toolpath generated for this work, later exported
and used as an input for data generation.

Mesh and embeddings extraction

Following the geometric and process definition, the prepared workpiece and
toolpath data are introduced into the internal Datagen pipeline, which is based on
ANSYS Workbench. This pipeline integrates all simulation stages required to obtain
structural dynamic data relevant to the milling process.

The focus of this work is on the ANSYS Mechanical component of the pipeline,
where FEM simulations are performed to evaluate the structural response of the work-
piece. ANSYS Mechanical is a finite element analysis (FEA) environment designed for
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Figure 16 – Example toolpath used for data generation.

Source: Author.

structural mechanics simulations under prescribed boundary and loading conditions,
making it well suited for data generation.

The simulations are executed at multiple tool positions along the milling path,
capturing variations in dynamic response associated with progressive material removal.
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Modal Analysis

The modal analysis is conducted using ANSYS Harmonic, as the project’s in-
terest lies in the vibrational characteristics of the workpiece. The simulation outputs a
set of eigenfrequencies and their associated mode shapes, which describe the natural
vibration behaviour of the structure.

Each eigenfrequency corresponds to a characteristic oscillation frequency of
the workpiece, while its associated mode shape represents the spatial deformation
pattern across the mesh. These mode shapes are expressed as three-dimensional
nodal displacement fields, containing both amplitude and direction of deformation at
each mesh node.

In this study, only the first two eigenmodes are considered, as they capture the
dominant structural behaviours of the workpiece and are expected to pose different
levels of difficulty for the predictive models. Higher-order modes usually contribute less
to the overall deformation response and are therefore excluded to restrict the scope of
this project. It should be noted, however, that the same data processing, training, and
evaluation pipeline could be directly applied to these modes if required.

Figure 17 – Example of modal analysis results.

Source: Author.

Exported Data and Graph Representation

To automate data extraction during the finite element simulations, a custom AN-
SYS scripting routine is executed as part of the Datagen simulation workflow. This
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routine exports both the undeformed mesh geometry and the deformation data associ-
ated with each vibration mode.

The undeformed mesh is exported in Standard Tessellation Language (STL)
format, while the deformation data are stored in text files. Each text file contains nodal
information for a specific eigenmode, including the node identifier, spatial coordinates
(x , y , z), and the corresponding displacement vector components (ux , uy , uz). As a
result, a single undeformed mesh is associated with multiple deformation fields, each
corresponding to a different eigenfrequency obtained from the modal analysis.

The STL format was selected due to its standardized and lightweight represen-
tation of surface meshes as collections of triangular elements. This format enables
straightforward extraction of mesh connectivity, which is later used to define graph
edges. Additionally, it is widely supported by robust Python libraries, such as Trimesh,
which facilitate efficient parsing, manipulation, and preprocessing of mesh data during
the graph construction stage.

In the resulting graph representation, mesh vertices are mapped to graph nodes,
while edges are defined based on mesh adjacency. At this stage, node-level features
include geometric information, such as spatial coordinates. This formulation allows
the graph neural network to operate directly on the underlying geometric and physical
structure of the workpiece.

Figure 18 – Example of data obtained from ANSYS.

Source: Author.

Rationale for Data Format Selection

The combination of STL files for mesh geometry and text files for nodal defor-
mation data was chosen to satisfy both practical and methodological requirements of
the proposed workflow. Firstly, this data structure provides a clear separation between
geometric connectivity and physical response quantities. The mesh topology, extracted
from the STL file, defines the graph structure, while the deformation data stored in text
files serve as node-level features and learning targets. This separation aligns naturally
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with graph-based learning formulations and simplifies data preprocessing. Secondly,
the selected formats are lightweight and widely supported, enabling efficient storage,
transfer, and manipulation of large datasets. The use of standard file formats also en-
sures compatibility with existing simulation pipelines and post-processing tools. Finally,
this representation supports scalability and extensibility, allowing additional physical
quantities or simulation outputs to be incorporated without altering the underlying mesh
representation.

Material and Process Description

The simulations performed in this study are based on a milling process designed
to represent a thin-walled machining scenario with pronounced structural flexibility. The
main characteristics of the simulated setup are summarized below.

Workpiece Dimensions

The workpiece geometry is defined by a rectangular prismatic domain with over-
all dimensions of 10 mm × 50 mm × 130 mm (thickness × width × height). The lower
30 mm of the total height corresponds to the base region, which is rigidly fixed and
serves as the clamping interface and boundary condition. The remaining 100 mm consti-
tutes the thin-walled, free-standing section subjected to material removal and dynamic
excitation during the milling process. This geometric configuration was selected to ac-
centuate structural flexibility and vibration sensitivity, providing a good representative
case for the surrogate model training.

Material and Machining Strategy

The workpiece material is titanium alloy Ti–6Al–4V, which is widely used in
aerospace and turbomachinery applications due to its high strength-to-weight ratio
and resistance, but is also known for its difficult machinability and hardness, having a
tendency to induce vibrations during the process. The machining strategy chosen for
this workpiece corresponds to a top-down milling operation, in which material removal is
applied from the free end of the workpiece toward the clamped base, this technique was
employed due to the low complexity of the chosen workpiece. The operation consists
of removing 2.5 mm uniformly along the lateral surfaces in the XY plane, extending
over the full 100 mm height of the top section. This machining configuration results in a
progressively thinning structure with reduced stiffness, amplifying dynamic effects and
increasing the sensitivity of the workpiece to vibrational modes as material is removed.

The selected configuration approximates a milling process done in the depart-
ment, while intentionally emphasizing thin-walled behaviour. This design choice ensures
that the resulting dataset captures deformation patterns that are representative of the
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machining conditions and suitable for training and evaluating graph-based surrogate
models. The material properties, boundary conditions, and process parameters defined
in this section form the basis for the finite element simulations and directly influence the
modal characteristics and deformation fields analyzed in subsequent sections.

5.1.2 Data Preprocessing

The preprocessing stage is of great importance in the context of machine learn-
ing and is equally essential in this project. In this stage, the data collected previously
from ANSYS is read and transformed into graph structures, which are subsequently
embedded for use in training. The relevant information associated with each graph
element is stored in a format compatible with PyTorch Geometric.

The initial procedure consists of separating and reading the STL files. These
files are separated based on their identification numbers, and each undeformed part
is paired with its corresponding deformation text files. Considering the use of Python
for this stage, the Trimesh library was selected due to its efficiency and convenience in
converting three-dimensional meshes into graph representations. With both geometries
loaded, the nodal displacements are computed by matching the node ID from the
undeformed mesh to its corresponding deformation found at the deformation text file.

The resulting dataset is then structured for training, where each mesh is repre-
sented as a graph, and each graph has local node features and edges.

Node Input Features

Each node in the mesh graph is represented by nine input features that com-
bine geometric, structural, and process-related information. These features provide the
graph neural network with both the physical and topological context necessary to learn
deformation behavior.

1. Cartesian Coordinates

These three features define the spatial position of each node in the mesh. They
provide the model with geometric awareness, allowing it to distinguish between re-
gions of the component and estabilish a connection between node positions and their
deformed result. Since the deformation field varies spatially, these coordinates are
essential for establishing positional relationships within the network.

2. Boundary Condition Flag

This binary variable identifies whether a node is constrained by boundary con-
ditions, meaning it is a fixed or clamped node. Nodes with a value of 1 are immobile,



Chapter 5. Development and Result Analysis 56

while those with 0 are free to deform. This feature should allow the network to correctly
infer areas where deformation is physically restricted.

3. Near Cutter Location Flag

This feature indicates whether a node lies within a predefined radius of the cut-
ting tool. Nodes close to the machining zone experience higher deformation due to
direct tool contact, receiving 1 as value, while distant nodes experience less vibra-
tions, receiving 0. Including this feature can help the model distinguish stressed from
unstressed regions.

4. Distance to Cutter Location

This continuous feature represents the Euclidean distance between each node
and the cutting tool position:

di = ∥xi − xcutter∥2

It provides a quantitative measure of proximity to the tool, complementing the binary
near-cutter flag. This could assist the network in learning that deformation magnitude
typically decreases with distance from the machining area.

5. Degree Normalization

The degree normalization represents the local connectivity of each node within
the mesh, scaled by the maximum degree of the graph:

degnorm(i) =
deg(i)

maxj deg(j)
(27)

where deg(i) is the number of edges connected to node i . This feature encodes
the local geometric density or stiffness of the mesh, giving the model information about
structural variations in regions with different connection densities.

6. Mean Edge Length

This feature corresponds to the average length of all edges incident to a node,
given by:

Lmean(i) =
1

deg(i)

∑
j∈N (v )i

∥xi − xi j∥2 (28)

This value reflects the local mesh resolution, where smaller values indicate finely
meshed regions (often near complex and important parts) and larger values corre-
spond to coarser regions. Providing this information could help the model understand
variations in geometric scale and local stiffness.
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7. Cutter Direction Cosine

This feature represents the cosine of the angle between the vector from each
node to the cutter and the global machining axis (in the use case of this project, the
Z -axis):

cos(θi ) =
(xcutter − xi ) · ẑ
∥xcutter − xi∥2

(29)

It encodes the orientation of each node relative to the cutter’s movement direc-
tion, distinguishing between nodes located above, below, or lateral to the machining
axis. This is meant to give more information about machining forces, could provide
more relevant information for data obtained from five-axis machining processes.

Normalization of Coordinates and Distances

All distance-related quantities (nodal coordinates, distance to cutter, and mean
edge length) are normalized by the maximum radial distance from the mesh centroid:

xi
′ =

xi − c

dmax
, where c =

1
N

N∑
i=1

xi , dmax = max
i

∥xi − c∥2 (30)

This ensures that all meshes are scale-invariant, preserving geometric propor-
tions and stabilizing network training. The final input feature vector for each node thus
has dimension [N, 9], combining spatial, mechanical, and process-based information.

Preprocessing Code Description

This stage is meant to transform simulation data into data used by machine
learning models by performing mesh parsing, feature extraction, graph construction,
and dataset serialization. Two main components are involved in this process: a pri-
mary preprocessing script that performs all necessary operations and supports data
validation and experimentation, and a dataset class designed for scalable training.

The main preprocessing file serves as an exploratory and validation-oriented
implementation of the pipeline. Its primary purpose is to load the raw FEM outputs, verify
data integrity, and test different strategies for mesh handling and feature construction
before consolidating them into a reusable dataset format.

The undeformed workpiece geometry is imported in STL format and processed
using the Trimesh library. The STL file represents the surface discretization of the work-
piece as a set of triangular faces, from which vertex coordinates and face connectivity
are directly obtained. Since the indexing of STL vertices does not correspond to the
node numbering used in the finite element solver, a nearest-neighbor mapping is per-
formed to associate each STL vertex with the closest undeformed FEM node based
on Euclidean distance. This mapping enables the transfer of nodal deformation values
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Figure 19 – Example of data extraction from a mesh.

Source: Author.

computed in ANSYS to the corresponding STL vertices, this data is saved in text files
for easier handling.

The graph topology is then derived directly from the mesh connectivity encoded
in the STL faces. Each mesh vertex is represented as a graph node, while edges are
constructed from the triangular adjacency information provided by the STL mesh, such
that all triangle edges contribute to the graph structure. This approach preserves the
original surface discretization of the finite element model, ensuring that the resulting
graph faithfully reflects the physical connectivity of the workpiece. The preprocessing
script also includes intermediate visualization and checks, allowing rapid inspection of
the data being transformed.

The dataset class file encapsulates the finalized preprocessing logic into a struc-
tured dataset class compatible with graph learning frameworks. It is designed to provide
a clean interface for loading, storing, and accessing graph samples during model train-
ing and evaluation.

This class loads preprocessed graph objects, each representing a specific eigen-
mode. Each graph contains node features, edge indices defining mesh connectivity, and
node-level target values corresponding to displacement vectors. The class also stores
metadata such as the number of nodes, feature dimensionality, and output dimensions,
enabling dynamic model configuration.
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To ensure efficient training, the dataset implements standardized normalization
and denormalization procedures based on dataset-level statistics. These statistics are
computed once and reused across training and validation splits, ensuring numerical
stability and consistent scaling across experiments. The dataset structure supports
batching, which is essential when working with large meshes and multiple simulation
instances. By separating exploratory preprocessing from the finalized dataset implemen-
tation, this two-stage design improves reproducibility, scalability, and maintainability.

Node Mismatch Issue

The initial preprocessing method presented concerning problems related to data
consistency. However, a significant problem emerged during the process of subtracting
the nodes from the STL files. This was identified due to a high degree of inconsistency,
which was attributed to a small discrepancy in the number of nodes between the files.
Upon examination of the point cloud, as illustrated in Figure 20, the component in ques-
tion was observed to be unaltered and accurate. However, in subsequent developments,
due to suboptimal training outcomes, it was decided to take a more comprehensive
verification of the dataset, verifying the connections. The graph components were then
reconstructed in an STL file from the training data, and the same process can be applied
to reconstruct the component from the results of network inference. The reconstruc-
tion revealed that the connections were inconsistent, resulting in a poor dataset, as
illustrated in Figure 21.

Figure 20 – Example of a point cloud display for a mesh.

Source: Author.
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Figure 21 – Resulting STL file without node matching.

Source: Author.

To address this problem, it was necessary to explore alternative methods of
exporting workpiece data through ANSYS that were also feasible within Datagen’s
existing pipeline. This was due to the fact that STL file export is managed internally by
the software and is not easily customizable. To circumvent this, the node data utilized
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internally by ANSYS was acquired. In contrast to an STL file, which represents only
the surface of the part, the node data also contains the mesh volumetric information.
This created the necessity of filtering the surface nodes. The utilization of the recently
obtained data, stored in a text file, facilitated the preprocessing part. This process
enabled the identification of the corresponding deformations of each node within its
designated file. This procedure ensured that the STL file of the reconstructed deformed
part was consistent with the expected outcome, as shown in Figure 22.

Figure 22 – Corrected resulting STL file.

Source: Author.

Additionally, due to how boundary conditions are estabilished in Ansys, they
could not be automatically introduced, which required additional code implementations
to preprocessing.
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5.1.3 Model Definition and Training Strategy

The objective of the learning stage is to construct a graph-based surrogate
model capable of approximating the deformation fields obtained from finite element
simulations. Given the mesh-structured nature of the input data and the node-level
regression objective, graph neural networks are a natural choice, as they are explicitly
designed to exploit relational structure and local neighborhood interactions. In this work,
the focus is placed on models that have previously demonstrated effectiveness as
learned simulators or surrogate models for physical systems discretized on meshes.

Model Selection Rationale

The original MeshGraphNets architecture employs GraphNet blocks, in which
each block performs a complete message-passing cycle consisting of an edge update
multilayer perceptron, an aggregation step, and a node update MLP. While this design
enables explicit learning of edge-level interactions, it significantly increases computa-
tional cost and memory consumption, especially for large finite element meshes with
dense connectivity. Moreover, it requires the definition and storage of edge features,
which would require more preprocessing steps, and not fit the dataset considered in
this work.

To address these limitations, the MeshGraphNet architecture was adapted into a
simplified variant referred to as Modal Analysis Mesh Graph Net Modal Analysis Mesh
Graph Net (MAMGN). In this formulation, the original GraphNet blocks are replaced by
node-centric graph convolutional layers, eliminating the need to maintain and update
explicit edge features. This modification substantially reduces memory usage and ac-
celerates training. Given that the deformation response in this application is primarily
governed by geometric configuration, boundary conditions, and machining-related node
features, rather than heterogeneous or time-varying edge attributes, this simplification
is well aligned with the underlying physics of the problem.

In addition to MAMGN, a conventional graph convolutional network was selected
as a baseline model. The GCN provides a simpler architecture with fewer message-
passing steps and serves as a reference point to evaluate the benefits of deeper,
iterative message-passing schemes. Together, these two models enable a controlled
comparison between a shallow feed-forward GNN and a mesh-aware surrogate model
inspired by physical simulation principles.

Graph Neural Network Architectures

Although both models employed in this work are based on graph convolutional
layers, their internal structure and learning behavior differs.
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The GCN model follows a conventional feed-forward graph neural network de-
sign, in which successive graph convolutional layers transform node features through a
predefined sequence of hidden dimensions. Each layer performs neighborhood aggre-
gation based on the mesh connectivity, and the prediction is obtained in a single forward
pass through the network. Due to the limited number of message-passing layers, in-
formation propagation is restricted to relatively local neighborhoods, which reduces
the risk of oversmoothing and limits the influence of distant nodes. As a result, this
GCN model acts primarily as a feature extractor and provides an efficient baseline for
node-level deformation prediction.

The MAMGN architecture adopts an encoder-processor-decoder architecture
inspired by the original MeshGraphNets framework. The encoder projects the nine-
dimensional input node features into a latent space of dimension L, where the message-
passing operations are performed. The processor stage consists of K repeated message-
passing blocks, each implemented as a GCNConv layer followed by a residual connec-
tion. This structure enables iterative refinement of the latent node representations, al-
lowing information to propagate across the entire mesh over multiple message-passing
steps. Such iterative updates should resemble the relaxation behavior of finite element
solvers, where local interactions progressively influence the global deformation state.

Finally, the decoder maps the refined latent representations back to a three-
dimensional displacement vector at each node. Because the latent dimension remains
constant throughout the processor stage, the model effectively performs K successive
correction steps in the same feature space. This distinguishes MAMGN from standard
GCNs and enables it to behave as a learned physical simulator rather than a purely
feed-forward predictor.

The idea behind having two models is to provide a comparison between two
different message-passing strategies in the context of mesh-based surrogate modeling,
with MeshGraphNets being chosen due to showing promising results as a surrogate
model for fluid dynamics simulation.
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Figure 23 – GCN architecture.

Source: Author.
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Figure 24 – MAMGN architecture.

Source: Author.
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Training Pipeline

Both models are trained in a supervised learning setting, where the input consists
of graph-structured representations of the undeformed mesh and associated process-
related node features, and the target output is the nodal displacement field obtained
from FEM simulations. Training is performed independently for each vibration mode con-
sidered in this work, allowing the models to specialize in learning the spatial deformation
patterns associated with individual eigenmodes.

The training pipeline includes dataset splitting into training and validation subsets,
feature normalization, batch-wise graph loading, and periodic checkpointing of model
parameters. Model selection is based on the validation loss, and the best-performing
checkpoint is retained for subsequent evaluation. This pipeline enables reproducible ex-
perimentation and supports rapid comparison between architectures without modifying
the underlying codebase.

All experiments were conducted on a system equipped with an Intel Xeon pro-
cessor based on the Skylake microarchitecture, featuring 8 physical cores operating at
2.0 GHz. The system architecture is 64-bit and supports standard x86_64 instruction
sets. Model training was performed using an NVIDIA A100 GPU with 80 GB of on-board
memory. System memory consisted of 16 GB of ECC-enabled RAM.

Table 5 – System specifications used for all experiments.

Component Specification
CPU Intel Xeon (Skylake microarchitecture), 8 physical cores @ 2.0 GHz
Architecture 64-bit (x86_64 instruction set)
GPU NVIDIA A100, 80 GB memory
System Memory 16 GB ECC-enabled RAM

The dataset used for training and evaluation was generated from the finite el-
ement simulations described previously, each graph contains information of a differ-
ent cutter location, corresponding to a different material removal state. The complete
dataset contains 100 graph samples, which were split into training, validation, and test
sets using a 80/10/10 ratio. The average graph size is 88965 nodes and 266883 edges.
Due to the size of individual graphs, training was performed using small batch sizes, to
remain within GPU memory limits.

Training was carried out for 1000 epochs using the Adam optimizer, with an
initial learning rate of 0.0005. In addition to loss monitoring, the previous mentioned
evaluation metrics are obtained every 50 epochs.

5.1.4 Loss Function and Evaluation Metrics

The learning objective is defined as a node-level regression problem, where the
model predicts three-dimensional displacement vectors for each node in the mesh. To
ensure robustness to outliers while maintaining sensitivity to small prediction errors,
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a Smooth L1 loss function is employed during training. This loss function combines
mean squared error and mean absolute error losses and is particularly well-suited for
regression tasks involving physical quantities with varying magnitudes.

Model performance is evaluated using multiple complementary metrics, including
coordinate-wise errors, total deformation, and percentage-based error metrics. These
metrics allow for a detailed view of directional accuracy, deformation magnitude, and
relative error distribution across the workpiece. In addition to numerical metrics, visual-
ization of predicted deformation fields on the mesh is used to verify spatial consistency
of the predictions.

To assess the performance of the proposed surrogate model, it is essential to
analyze its global error, how accurately it reproduces the spatially varying deformation
field predicted by the FEM simulations and where these errors occur, as errors near cut-
ter location are not a good result. Since the output consists of three-dimensional nodal
displacements defined over a mesh, making the most relevant metrics be: coordinate-
wise errors to quantify directional accuracy, total deformation (∆) metrics evaluate the
magnitude of total deformation, and spatial distributions reveal localized regions of
underperformance. These metrics capture different aspects of result quality and help
identify the strengths and weaknesses of the model. Because deformation amplitudes
vary across the workpiece, percentage-based metrics are required to contextualize
prediction error relative to the local ground-truth values. Finally, mesh visualizations are
used as support to verify fidelity, spatial location of the errors and irregularities.

Loss

The surrogate model is trained using the Smooth L1 loss function, a variant of
the Huber loss. This loss combines a quadratic penalty for small errors with a linear
penalty for larger deviations, which makes it particularly suitable for deformation predic-
tion where abrupt variations may occur near the cutter or at boundary regions. For a
predicted displacement ûi and the corresponding ground truth value ui , the Smooth L1
loss is defined as:

Lβ(ûi , ui ) =


1
2 (ûi − ui )2, if |ûi − ui | < β

β|ûi − ui | − 1
2β

2, otherwise
(31)

The surrogate model is trained using the SmoothL1Loss function available at
the PyTorch library. This criterion is closely related to the classical Huber loss, as both
share the same structure where a quadratic penalty is applied for small errors and a
linear penalty for larger ones. However, it is important to mention that the PyTorch im-
plementation is not mathematically identical to the original Huber formulation. PyTorch
applies a different scaling in the quadratic region and uses a threshold parameter β that
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influences the transition between the two regimes. Therefore, the Smooth L1 function
used in this work is a variant of the Huber loss, with slightly modified behaviour tailored
for stability in deep learning applications.

The PyTorch Smooth L1 loss is defined as:

LSmoothL1
β (ûi , ui ) =


1

2β (ûi − ui )2, if |ûi − ui | < β

|ûi − ui | −
β
2 , otherwise

(32)

where β is the transition threshold (set to β = 0.01 in this work). This differs from
the classical Huber loss, given by:

LHuber
δ (ûi , ui ) =


1
2 (ûi − ui )2, if |ûi − ui | ≤ δ

δ
(

|ûi − ui | − δ
2

)
, otherwise

(33)

The main differences are the normalization factor 1
2β in the quadratic region and the

different shifting term in the linear region. Despite these differences, both formulations
share the same purpose: combining the smoothness of MSE near zero with the robust-
ness of MAE for large deviations.

This loss function offers several practical advantages for the task, providing
stable and well-behaved gradients and avoiding gradient explosion that will later be
analyzed in the results presented at section 5.2.

Metrics

The evaluation of the proposed surrogate model requires more than a numerical
comparison of predicted and simulated deformation values. Because the task involves
learning complex, spatially varying structural behaviour on irregular meshes, evaluation
must be done using metrics that take into account the fidelity of the final result. Consid-
ering this necessity, multiple quantitative and qualitative evaluation tools were adopted,
which were explored during the model development and training refinements.

To assess prediction quality, the training and validation loops generate a series
of diagnostic plots over the dataset.

Axis-wise MAE curves:

These plots track the Mean Absolute Error Mean Absolute Error (MAE) in meters
for the x , y , and z coordinates across training epochs. They indicate whether the model
captures deformation consistently in each spatial direction and reveal imbalances (e.g.,
a tendency to learn the dominant deformation axis first). This is particularly relevant to
analyze which components are exhibiting larger errors and identify biases in the model.
The same equation can be used for coordinates Y and Z.



Chapter 5. Development and Result Analysis 69

MAEx =
1
N

N∑
i=1

∣∣ûi ,x − ui ,x
∣∣ (34)

MAPE and Standard Deviation curves:

The Mean Absolute Percentage Error Mean Absolute Percentage Error (MAPE)
and the standard deviation of the error were computed for each axis and for the vector
of total deformation. These metrics complement the MAE by expressing performance
relative to the magnitude of deformation, which is essential in regions near the cutter
where small displacements cannot tolerate large percentage errors.

Standard Deviation of the Error per Axis

STDx =

√√√√ 1
N

N∑
i=1

(∣∣ûi ,x − ui ,x
∣∣− MAEx

)2 (35)

Mean Absolute Percentage Error per Axis

MAPEx =
1
N

N∑
i=1

(∣∣ûi ,x − ui ,x
∣∣∣∣ui ,x

∣∣ + ε

)
× 100% (36)

Together, these visual and numerical tools should enable a comprehensive eval-
uation of the GNN surrogate model. They are meant to identify convergence issues,
feature importance, model weaknesses, and the conditions under which the predictions
aligned most closely with the FEM ground truth.

5.2 RESULT ANALYSIS

This section presents and discusses the results obtained for the two trained archi-
tectures across the first and second vibration modes. With the evaluation methodology
and metrics previously defined, the focus here is on analyzing the behaviour of the
models, comparing their predictive capabilities, and illustrating how well they reproduce
the deformation fields generated by the FEM simulations.

For each experiment, the analysis will account for global model behaviour and
learning dynamics, through the evolution of the loss function and errors along the
training epochs. Accuracy, evaluated quantitatively using the coordinate-wise and to-
tal deformation errors over the test set. And finally, spatial and geometric fidelity, by
analysing deformation fields, error heatmaps, and reconstructed STL predictions This
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way it is possible to analyze and select the models based on their training behaviour,
convergence properties, predictive performance and visually to validate the final results.

5.2.1 Experimental Results and Model Comparison

Training Behaviour and Convergence

This subsection evaluates the training dynamics of the proposed graph neural
network architectures, with emphasis on convergence behaviour, optimization stability,
and the relationship between numerical loss reduction and physically meaningful pre-
diction accuracy. Both the GCN and the MAMGN models were trained under identical
conditions for the first and second vibration modes, enabling a direct comparison of
their learning behaviour.

For vibration mode 1, both models converge relatively quickly, suggesting that
the dominant deformation pattern is easier to learn and can be captured with a limited
number of message-passing steps. In contrast, mode 2 exhibits slower convergence,
higher residual loss and higher variation, which is consistent with the increased spatial
complexity and higher-frequency deformation characteristics of this mode. The close
overlap between training, validation, and test losses demonstrates strong generalization
and the absence of overfitting. The final convergence toward a low plateau confirms
that the surrogate models successfully approximates the FEM deformation field with
consistent behaviour across the dataset.

Figure 25 – Loss evolution over training epochs for GCN Mode 1.

Source: Author.
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Figure 26 – Loss evolution over training epochs for MAMGN Mode 1.

Source: Author.

Figure 27 – Loss evolution over training epochs for GCN Mode 2.

Source: Author.



Chapter 5. Development and Result Analysis 72

Figure 28 – Loss evolution over training epochs for MAMGN Mode 2.

Source: Author.

Figures 25, 26, 27 and 28 illustrate the evolution of the training loss across
epochs for the two vibration modes and architectures. In both cases, the loss decreases
steadily, indicating stable gradient propagation and the absence of numerical instabili-
ties such as exploding or vanishing gradients. Differences in convergence speed and
final loss levels can also be observed between the two architectures, reflecting their
distinct message-passing mechanisms and internal representations, with GCN being
equal in the first mode and slightly inferior in the second mode.

Axis-Wise Mean Absolute Error Percentage

In addition to loss evolution, Figures 29, 30, 31,and 32 present the mean absolute
percentage error progression over training epochs. The reduction in MAPE follows a
trend similar to that of the loss curves, confirming that numerical optimization correlates
with improved predictive accuracy in physical space. However, minor discrepancies
between loss reduction and error stabilization can be observed, indicating that further
training beyond a certain point yields diminishing returns in terms of physically relevant
accuracy.

A more detailed inspection of axis-wise error evolution reveals uneven learning
behaviour across spatial directions. Errors along the X axis remain consistently higher
compared to Y and Z, which may be attributed to lower displacement magnitudes,
increased sign changes in the deformation field, or reduced signal-to-noise ratio in this
direction. These observations underline the importance of evaluating directional error
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Figure 29 – MAPE evolution over training epochs for GCN Mode 1.
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Figure 30 – MAPE evolution over training epochs for MAMGN Mode 1.
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Figure 31 – MAPE evolution over training epochs for GCN Mode 2.
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Figure 32 – MAPE evolution over training epochs for MAMGN Mode 2.

0 200 400 600 800 1000
Epoch

0

50

100

150

200

M
AP

E 
(%

)

MAPE (%) vs Epoch
MAPE X
MAPE Y
MAPE Z
MAPE | |
MAPE Near Cutter

Source: Author.



Chapter 5. Development and Result Analysis 75

components when assessing surrogate models for structural dynamics.
Overall, the training behaviour demonstrates that both models are capable of

learning stable mappings between mesh geometry and deformation fields, while also
revealing architectural differences in convergence efficiency and robustness across
vibration modes.

Axis-Wise Mean Absolute Error in Physical Units

In addition to the percentage-based metrics, the MAE was evaluated for each
displacement component individually. All MAE values are expressed in millimeters,
directly representing the physical deviation from the FEM reference solution.

Since the model predicts the displacement vector components independently,
evaluating MAE per axis provides a detailed assessment of directional prediction be-
haviour. This decomposition enables identification of anisotropic learning effects and
avoids masking axis-specific discrepancies through vector magnitude aggregation.

Although MAPE is evaluated both per axis and for the total deformation, MAE
is computed only for the individual displacement components. The total deformation
MAPE already reflects the relative accuracy of the total deformation magnitude. Com-
puting an additional MAE on the total deformation would not provide usefull information,
as the directional MAE values already quantify the absolute physical deviation of the
predicted displacement field.

Figure 33 – MAE evolution over training epochs for GCN Mode 1.
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Figure 34 – MAE evolution over training epochs for MAMGN Mode 1.
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Figure 35 – MAE evolution over training epochs for GCN Mode 2.
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Figure 36 – MAE evolution over training epochs for MAMGN Mode 2.
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Figures 33, 34, 35, and 36 illustrate the evolution of MAE over the training epochs
for each spatial direction and architecture. For vibration mode 1, both models converge
toward low MAE values across all axes, confirming that the dominant modal deformation
pattern can be approximated with high physical precision. The final errors remain within
a small fraction of a millimeter, indicating deviations in the micrometer range.

For vibration mode 2, higher MAE levels are observed, particularly along the X
direction. This behaviour is consistent with the increased spatial complexity and higher-
frequency characteristics of the second vibration mode. The elevated MAE values align
with the previously observed trends in loss and MAPE evolution.

A consistent directional pattern can be identified across experiments, where the
X-axis exhibits higher MAE values compared to Y and Z. This effect may be attributed
to lower displacement magnitudes, more frequent sign changes in the modal field due
to the torsion, or directional sensitivity in the graph aggregation mechanism.

When comparing architectures, MAMGN achieves systematically lower MAE
values across both vibration modes. The improvement is higher for mode 2, suggesting
that the extended message-passing structure enhances long-range spatial information
propagation, which is essential for modeling higher-order deformation patterns.

Overall, the axis-wise MAE analysis confirms that both models achieve physically
meaningful approximation quality while revealing architectural differences in directional
robustness and stability.
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Final Quantitative Performance

This subsection compares the final predictive performance of the trained models
using quantitative error metrics evaluated on the test dataset. The objective is to assess
how accurately each architecture reproduces the reference FEM displacement fields
after training convergence, and to determine their suitability as surrogate models for
modal deformation prediction.

Table 6 summarizes the final MAPE and additional relevant metrics for both
models and both vibration modes. The results show that prediction accuracy varies
significantly between modes, with consistently lower errors observed for the first vibra-
tion mode. This outcome aligns with expectations, as the first mode typically exhibits
smoother and more globally coherent deformation patterns.

When comparing architectures, MAMGN achieves lower average errors across
both modes, particularly for the second vibration mode. This suggests that the iterative
message-passing structure of the processor stage enables more effective long-range
information propagation across the mesh, which is critical for capturing higher-order
deformation patterns. In contrast, the GCN model, which performs a limited number of
message-passing steps, shows a tendency to under-represent global interactions.

Axis-wise error decomposition further highlights model-specific performance
characteristics. While both architectures perform similarly along the Y and Z axes,
discrepancies are more pronounced along the X axis, where errors remain compar-
atively higher. This behaviour may indicate that certain deformation components are
more sensitive to graph connectivity and neighborhood aggregation depth.

Despite these differences, both models achieve error levels that suggest mean-
ingful approximation of the underlying FEM solutions. The quantitative results therefore
support the feasibility of GNN-based surrogate models for modal deformation predic-
tion, while also highlighting architectural trade-offs between simplicity and expressive
power.

Table 6 – Final prediction error metrics for both models and vibration modes.

Model Mode MAPE MAPE near Cutter Location MAE X[mm] MAE Y[mm] MAE Z[mm]
GCN Mode 1 0.1078% 0.1449% 0.2416 0.0200 0.0476
MAMGN Mode 1 0.0533% 0.0648% 0.1248 0.0102 0.0235
GCN Mode 2 0.2336% 0.2979% 0.3374 0.2823 0.1421
MAMGN Mode 2 0.1340% 0.1952% 0.2128 0.1598 0.0829

Table 6 presents the performance of each model at its best-performing epoch,
using the total deformation as the variable for MAPE computation. For both vibration
modes, MAMGN achieves lower error metrics than the GCN baseline when analyz-
ing the best epoch. The performance gap is more pronounced for vibration mode 2,
indicating superior modeling of long-range dependencies.
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Figure 37 – MAPE over test set for GCN Mode 1.

Source: Author.

Figure 38 – MAPE over test set for MAMGN Mode 1.

Source: Author.
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Figure 39 – MAPE over test set for GCN Mode 2.

Source: Author.

Figure 40 – MAPE over test set for MAMGN Mode 2.

Source: Author.
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Figures 37, 38, 39 and 40 shows the distribution of MAPE across test meshes,
where the mesh IDs correspond to the toolpath steps, higher mesh IDs indicate that
more material has been removed. Error increases with geometric complexity and mate-
rial removal, particularly for mode 2. Across all cases, MAMGN demonstrates improved
robustness, maintaining lower error levels.

Qualitative and Spatial Analysis

While quantitative metrics provide a global measure of predictive accuracy, they
do not fully capture spatial error distributions or localized discrepancies in the defor-
mation field. This subsection therefore presents a qualitative analysis of selected test
cases, focusing on the spatial correspondence between predicted and reference defor-
mation patterns.

Figures 41 and 44 show representative visualizations of the FEM ground truth
alongside the predictions generated by the GCN (Figures 42 and 45) and MAMGN
models (Figures 43 and 46). For vibration mode 1, both models reproduce the overall
deformation shape and nodal displacement direction with high fidelity, indicating that
dominant structural behaviour is well captured.

Differences become more evident when zooming in at the meshes, where local-
ized deviations and amplitude attenuation can be observed, particularly in the middle
of the blade or near boundary constraints. In these areas, both models tends to have
noisy results, creating small spikes on the mesh, and since MAMGN has less error,
the spikes are less prevalent, preserving the smooth surface. Error visualization further
reinforces that predictions are able to capture where in the mesh the deformations are
happening, being very accurate in producing an overall similar shape to the ground
truth.

Overall, the qualitative analysis complements the quantitative evaluation by
demonstrating that the proposed models not only minimize global error metrics but
also capture physically meaningful deformation structures. These spatial insights are
essential for assessing the practical applicability of surrogate models in vibration-aware
process planning and digital twin integration.
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Figure 41 – Deformations ground truth for Mode 1.

Source: Author.

Figure 42 – Deformations infered by GCN for Mode 1.

Source: Author.
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Figure 43 – Deformations infered by MAMGN for Mode 1.

Source: Author.

Figure 44 – Deformations ground truth for Mode 2.

Source: Author.
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Figure 45 – Deformations infered by GCN Mode 2.

Source: Author.

Figure 46 – Deformations infered by MAMGN Mode 2.

Source: Author.
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In both modes, MAMGN more closely reproduces the FEM deformation patterns,
having less noise at the blade part, presenting a better result overall.

5.2.2 Discussion and Result Synthesis

This section synthesizes the results presented in the previous subsections, link-
ing quantitative metrics, training dynamics, and qualitative observations to the original
objectives of this work. The experimental evaluation demonstrates that graph neural net-
works can effectively approximate FEM-based modal deformation fields when trained
on mesh-derived graph representations.

Across all experiments, prediction accuracy is consistently higher for the first
vibration mode, reflecting the smoother and more globally coherent nature of its de-
formation pattern. Higher-order modes introduce increased spatial complexity, which
challenges models with limited message-passing depth and emphasizes the impor-
tance of iterative information propagation.

The comparison between GCN and MAMGN highlights a clear trade-off between
architectural simplicity and expressive capacity. While the GCN offers faster conver-
gence and lower computational overhead, MAMGN achieves superior accuracy and
robustness, particularly for more complex deformation regimes.

Importantly, the results indicate that the surrogate models capture not only nu-
merical patterns but also physically interpretable deformation behaviour, supporting
their potential use in accelerated vibration analysis pipelines. However, residual errors
in specific spatial regions and directions point to limitations related to dataset size,
feature expressiveness, and boundary condition representation.

These findings collectively suggest that GNN-based surrogate modeling is a
viable and promising approach for structural dynamics prediction in milling applications,
while also identifying clear directions for future refinement and extension.
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6 CONCLUSION

This chapter concludes the present work by summarizing the problem addressed,
the proposed methodology, and the main results obtained. It reflects on what objectives
were achieved, discusses the main limitations encountered, and suggests potential
improvements and directions for future work.

6.1 SUMMARY OF THE WORK AND MAIN RESULTS

The objective of this project was to investigate the feasibility of using GNNs as
surrogate models for predicting deformation fields in thin-walled workpieces subjected
to machining operations. The problem is particularly challenging due to the high geo-
metric complexity of finite element meshes, the strong influence of boundary conditions,
and the dynamic nature of machining-induced vibrations.

To address this problem, a data generation pipeline based on harmonic finite
element simulations in ANSYS was employed to obtain eigenfrequencies and associ-
ated nodal deformation fields. These simulation outputs were transformed into graph-
structured data, where mesh nodes were mapped to graph nodes and mesh connectiv-
ity defined the graph topology. A dedicated preprocessing stage was developed to align
STL-based mesh geometry with nodal deformation data and to enrich node features
with geometric, boundary-condition, and process-related embeddings.

Two graph-based learning approaches were evaluated, a conventional graph
convolutional network and a modified MeshGraphNet inspired architecture, referred to
as MeshGraphNetLite. Both models were trained to predict nodal displacement vec-
tors, and their performance was assessed in terms of spatial accuracy and qualitative
deformation patterns. The results demonstrate that GNN-based surrogate models are
capable of learning meaningful deformation behaviors directly from mesh-based data,
with the MeshGraphNetLite architecture showing better performance.

6.1.1 Expectations, Objectives, and Limitations

The expectations for this project were high, as it represents an experimental and
new approach within the department and addresses a topic that is still being explored
in the literature. While machine learning has been increasingly applied to scientific
discovery in the recent years, its use as a surrogate for finite element simulations in
machining contexts is still limited.

The primary objectives of the project that were achieved include the develop-
ment of a complete data generation, preprocessing, and training pipeline, and it was
demonstrated that graph-based models are suitable to the task of learning deformation
patterns on complex meshes. However, some goals were not achieved, as this study



Chapter 6. Conclusion 87

was not able to provide with a method to properly measure the scalabilty and speed to,
failing to propose a comparison to the traditional FEM method. The dataset size was
constrained by the computational cost of FEM simulations and the necessity to man-
ually design new processes, limiting the acquisition and diversity of training samples.
Additionally, only a subset of vibration modes was considered, and the prediction task
was restricted to deformation fields, excluding direct frequency estimation. Some unsat-
isfactory results, indicate that further feature engineering or architectural refinements
are required.

6.2 EVALUATION OF FUNCTIONAL REQUIREMENTS

6.2.1 Data Processing and Graph Construction

The first requirement concerned the acquisition and transformation of mesh and
FEM simulation data into graph-based representations suitable for machine learning.
This objective was successfully achieved through the development of a structured
preprocessing pipeline that converts FEM meshes into graph structures with explicitly
defined nodes, edges, and node-level features.

Node features were extracted from geometric and physical quantities, and graph
connectivity was derived directly from the mesh topology. The results in Chapter 5
confirm that the generated graph representations preserve the spatial relationships
required for surrogate modeling. The stability of the training process and the spatial
consistency of the predictions demonstrate that the graph construction pipeline retained
the essential physical information embedded in the FEM data.

6.2.2 Graph-Based Machine Learning Implementation

The implementation of multiple GNN architectures fulfilled the requirement of
exploring graph-based surrogate modeling approaches. The comparative experiments
presented show clear differences in convergence behavior, prediction accuracy, and
generalization capability between the tested models. The results indicate that graph-
based architectures are capable of learning the spatially distributed deformation behav-
ior of the workpiece directly from mesh-structured input data. The observed reduction
in prediction error over epochs confirms that the models successfully captured relevant
geometric and mechanical patterns.

6.2.3 Model Evaluation Against FEM Results

A central requirement was the quantitative comparison of GNN predictions with
reference Ansys FEM simulations. This was achieved through a comparison using
appropriate error metrics and spatial visualization of deviations. The results demon-
strate that the trained models approximate FEM outputs within an acceptable range.
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While minor localized discrepancies remain, the overall prediction trends align with the
simulation data ground truth.

6.2.4 Scalability Testing

The scalability requirement was not addressed in this work, only one dataset
was created and used, having the purpose to validate and conclude that the surrogate
model is capable of solving the proposed problem.

6.2.5 Result Visualization

The visualization requirement was fulfilled through spatial plots of predicted and
reference displacement fields, convergence curves and quantitative error diagrams, as
well as STL models and point cloud visualizations. These visualizations enabled quali-
tative assessment of spatial prediction patterns and provide interpretability for domain
experts. The integration of visualization into the evaluation workflow strengthened the
transparency and communicability of the results.

6.3 EVALUATION OF NON-FUNCTIONAL REQUIREMENTS

6.3.1 Computational Efficiency

A key non-functional requirement was that the surrogate model must offer signifi-
cantly faster prediction times than traditional FEM simulations. While the training phase
itself is computationally intensive, inference is highly efficient. But a proper comparison
was not presented in this work.

6.3.2 Accuracy

Accuracy was defined as maintaining prediction errors within an acceptable.
Based on the quantitative metrics presented, the best-performing models for the first
mode are able to output good results. Although the results for the second mode could
be better, the overall deformations are reproduced reliably. This level of approximation
is sufficient for a first experiment with surrogate modeling purposes.

6.3.3 Scalability

Since scalability testing was not implemented, this requirement cannot be calcu-
lated and therefore, was not shown in this work.

6.3.4 Impact of the Work

From a technological perspective, this work demonstrates the potential of graph-
based learning methods to act as fast surrogate models for simulation-driven engi-
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neering problems. Such models can significantly reduce the time required to evaluate
deformation responses compared to full FEM analyses, enabling faster design iterations
and decision-making processes.

For industrial and research contexts, the proposed approach opens the possibility
of integrating learned simulators into existing digital manufacturing pipelines. This could
lead to improved productivity, reduced computational costs, and enhanced insight into
process interactions.

6.3.5 Future Works

Several directions for future work can be cited. First, the model outputs could
be extended to predict both nodal deformations and their corresponding natural fre-
quencies, enabling a more complete representation of the vibrational behavior. Noise
reduction strategies and improved feature normalization may further enhance prediction
accuracy, particularly for challenging deformation components.

From a modeling perspective, the dataset could be adapted to more closely
follow the original MeshGraphNets model by incorporating edge features that encode
geometric or physical relationships. Increasing the size and variability of the dataset
would likely improve generalization and robustness. Finally, full integration of the devel-
oped models into the Datagen pipeline would enable automated end-to-end surrogate
simulation, allowing the approach to be applied to other machining processes and struc-
tural configurations and estabilish ground for comparisons between the two different
approaches.
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