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Abstract

In this thesis, we address the problem of learning mesh-specific, impulse-dependent
fracture patterns in real time. Our approach is based on regressing a distance field over
the mesh surface, encoding the proximity of each vertex to fracture lines, which is sub-
sequently segmented into distinct pieces using graph-based methods such as watershed
segmentation. The goal is to achieve real-time performance, which is something the
current approach does not achieve for large meshes.

We evaluate different neural architectures, comparing a multilayer perceptron to
DeltaConv, a graph convolutional model, and find that the MLP provides superior per-
formance. In addition, we assess multiple segmentation strategies and identify water-
shed as the most effective, followed by hierarchical segmentation. We also find that
the segmentation algorithms do not achieve real-time performance for large meshes.

These results highlight the potential of machine learning-based fracture simula-
tions, but also indicate that distance field segmentation is not capable of real-time
performance using our tested algorithms. This suggests that future work should focus
on directly learning the labels rather than relying on distance fields as an intermediary
representation in real-time scenarios.
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Chapter 1

Introduction

In modern video games, realism plays a crucial role in enhancing player immersion. One
important aspect of this is accurate physical interactions of objects, including fractures and
destructions. From entire buildings collapsing in action games like Battlefield, to blocks
breaking in more arcade-style games like Minecraft. It is important that the fractures we
see in video games feel right, so as not to break the player’s immersion. However, achieving
realistic, versatile and efficient fracture simulations is often not possible in real-time, and
thus a balance must be found between computational performance and visual fidelity.

To run fracture segmentation algorithms in real-time (17 ms), we opted to use machine
learning. Machine learning methods for mesh segmentation have been developed to de-
compose 3D objects into meaningful parts [52, 79, 82]. These approaches can segment a
mesh, such as a car, into components such as wheels, body, hood, and windows. Fracture
segmentation extends part segmentation by predicting how an object will break and assign-
ing labels to the resulting fragments. While conceptually related to part segmentation, this
task introduces additional challenges. In part segmentation, the mapping between geometry
and labels is constant: the same region of a mesh is always associated with the same label.
In contrast, fracture segmentation is inherently variable. The assignment of fracture labels
depends not only on the geometry of the mesh but also on factors such as impact location,
direction, and force. Consequently, fracture segmentation requires reasoning beyond the
ground-truth mesh geometry, as the variability in fracture patterns complicates the use of
consistent labelling.

Because we do not attempt to learn specific labels for predefined regions of the mesh,
conventional segmentation methods struggle to learn the arbitrary labellings associated with
our fracture patterns. Because of this, we decide against learning labellings for our fracture
pieces. Instead, we learn a distance field over the surface of our mesh, with values indicating
the distance to the nearest fracture. To retrieve the individual fracture pieces, we apply seg-
mentation algorithms to the distance field in order to obtain the corresponding labels. Works
like DeepFracture [24] similarly try to learn distance fields encoding fracture proximity, but
find that their 3D approach is not capable of running at real-time speeds. Real-time mod-
els capable of predicting realistic fracture patterns are very enticing for time-essential use
cases such as video games or prototyping interactive scenes. This is why we use a method-
ology similar to DeepFracture, but attempt to achieve real-time speeds by restricting the
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1. INTRODUCTION

computation to the 2D mesh surface rather than the full 3D volume.
In video games, visual accuracy is about plausibility rather than physical correctness.

When simulating fractures, the goal is not to produce real-world physics perfectly but to
ensure the breaks and cracks appear in the right places and look believable to the player. To
determine if our fractures look good enough for a video game setting, we determine their
visual coherence. To do this we rely on results produced by our method and use these to
establish a threshold which our method must meet in order to look believable.

This research aims to utilise impulse-dependent learned unsigned geodesic distance
fields on the surface of meshes, that are then used to segment a mesh into pieces using
segmentation methods. We aim to do this in a real-time fashion, such that it can be used in
interactive and real-time settings, like video games.

1.1 Research Questions

Through our thesis, we aim to answer the following research question:

• Can we learn a distance field on the surface of a mesh representing impulse-dependent
fracture patterns and retrieve fractures using segmentation methods in real-time and
with good enough accuracy that it would be usable in a video game?

To address this research question, we first construct a dedicated dataset and implement
a run-time framework to support experimentation. Within this framework we train and sys-
tematically evaluate multiple models using hyperparameter optimization. We further inves-
tigate and compare segmentation methods and determine their performance on the output
of the tested learning models. To structure the investigation, the main research question is
further divided into a set of sub-questions:

1. How do convolutional learning architectures compare with multilayer perceptrons
for predicting impulse-dependent distance fields on mesh surfaces with respect to
predictive accuracy and runtime speed?

2. When comparing popular surface-based mesh segmentation algorithms, which of
the segmentation algorithms is fastest and most accurate at segmenting the distance
fields?

3. What impact does the tessellation have on the performance of the model?

We aim to answer these research questions by constructing our own method and dataset.
We then test the performance of our method by performing an experiment where we test
the inference speed and accuracy of a DeltaConv and MLP-based approach. We further
compare various segmentation methods, testing these on various meshes for both learning
models and comparing their accuracy and speed.

2
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1.2 Outline

This thesis is organized into six chapters. We begin by reviewing relevant literature in
chapter 2. Then, chapter 3 goes over theoretical foundations by examining several critical
papers in greater depth. Our proposed methodology is detailed in chapter 4, following an
evaluation in chapter 5. Finally, we present our conclusions and discuss possible future
work in chapter 6 and chapter 7.
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Chapter 2

Related Work

This chapter discusses existing fracture simulation methods as well as existing methods for
applying deep learning to 3D content. We also discuss segmentation algorithms, with a
focus on graph-based image segmentation algorithms and other segmentation approaches
that can be applied to meshes. For fracture simulations, we focus on types of brittle fracture
simulations and distinguish between real-time and offline methods.

2.1 Brittle fracture simulations

Brittle fracture simulations refer to methods attempting to simulate brittle fractures. Brittle
fractures are a type of fracture where the material fractures very quickly when put under
stress, and very little deformation occurs [60]. In nature, these types of fractures are found
in stone, glass, and ceramics [31].

The other main types of fractures are ductile fractures and fatigue fractures. Ductile
fractures happen when the material first undergoes significant deformation before fracturing
[60]. Fatigue fractures are other fracture types where small cracks form each time the
material is put under stress, slowly building up over time until the material fractures [45].

We follow prior work that models brittle fracture as effectively instantaneous and ne-
glects deformation, allowing the pre-fracture mesh to be reused without additional geomet-
ric transformations. Under this assumption, the fracturing process can be formulated as a
labelling problem [24, 30].

Traditionally, brittle fracture simulations have been split into two categories: physics-
based simulations and real-time simulations.

2.1.1 Physics-based simulations

There are many ways of simulating brittle fractures using stress-based physical simulations.
These include Finite Element Methods (FEM) [14, 40, 47, 10], Boundary Element Methods
(BEM) [21, 19, 20], Point-based methods [51, 16] and Spring-Mass based systems [46, 35].
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2. RELATED WORK

Finite Element Methods

The finite element method (FEM) has long been used to calculate fractures in engineering
applications [40]. FEM is a mesh-based approach that models fractures as a Lagrangian
problem, solving equations for individual particles [14]. With advances in computing
power, it became feasible to compute fractures in computer graphics using physically based
systems. Early work applied FEM to simulate fractures by computing internal stresses and
propagating cracks, combined with dynamic re-meshing to accurately map the fracture sur-
face onto the mesh [47, 48]. Later, Delaunay triangulation-based re-meshing schemes were
introduced to provide finer fracture detail [8].

An extended formulation, the extended finite element method (XFEM), was subse-
quently proposed, which eliminates the need for re-meshing [70]. By allowing cracks to
propagate freely through the domain without modifying the original mesh, XFEM achieves
greater precision than classical FEM. More recent work has combined XFEM with linear
elastic fracture mechanics (LEFM) to further enhance accuracy while maintaining the ad-
vantage of avoiding re-meshing [10].

Boundary Element Methods

The most common mesh-based alternative to FEM is the boundary element method (BEM)
[21], another solver for systems of partial differential equations. While FEM typically mod-
els fractures as a Lagrangian problem, BEM treats them as an Eulerian problem by focusing
on the boundary of the mesh and performing calculations on this surface. Unlike FEM,
BEM does not require re-meshing and operates only on the boundary of the problem [71].
Since discretisation is required only on the active regions of the boundary, BEM enables
calculations inside the mesh without volumetric discretisation, providing higher accuracy
compared to FEM [40].

This methodology has been extended in various directions. One line of work developed
a high-resolution LEFM-based approach that allows separate control over crack initiation
and propagation [19]. A related contribution introduced an approximate method that re-
duces the computational load of BEM by substituting certain cases with a rigid body sim-
ulation, enabling faster computation with minimal accuracy loss [20]. Another approach
instead relied on solving the LEFM system directly using a boundary formulation; while
limited to fractures initiated on the mesh, it avoids volumetric sampling and thus improves
computational efficiency [86].

Point-based methods

Point-based methods can be divided into several groups, with methods based on the Material
Point Method (MPM) being among the most widely used.

Early work introduced a meshless approach that addressed fracture location restrictions
present in some FEM-based techniques. In this method, the mesh is represented by sampling
points as nodes inside and on the surface, and fractures are initiated based on eigenvalue
thresholds. During fracture propagation, node interactions and connectivity are updated,
and once fracturing is complete, the results are mapped back onto the original mesh [51].
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2.1. Brittle fracture simulations

MPM-based methods have been coupled with a Lagrangian energy formulation on tetra-
hedral meshes to simulate both brittle and ductile fractures [74]. In this framework, material
points serve as carriers of accumulated damage, providing indicators for when and where
the underlying mesh will fracture once critical thresholds are exceeded. This approach en-
ables fracture simulations of comparable quality to finite element methods (FEM), while
substantially reducing the dependence on high-quality mesh discretizations.

More recent work has focused on combining MPM with continuum damage mechanics
and rigid body models to achieve simulations that are significantly faster than BEM. These
methods typically employ Voronoi diagram-based crack surface extraction, which avoids
re-meshing but can result in a loss of fracture detail [16].

Spring-Mass based systems

Spring-mass based systems used to be popular as some of the first methods that attempted
the physical modelling of fractures, thanks to their computational speed. But are rarely used
in cases where physical accuracy is important, due to more realistic methods like FEM or
BEM being available. Norton et al. were some of the first to attempt the use of spring-mass
based systems and noted that, even though their objectives were successful, the realism of
the method should be improved [46]. More recently, Levine et al. used spring-mass based
systems in combination with peridynamics, allowing them to decouple a string’s stiffness
from its length and causing them to better capture non-local formulations and increasing
stability [35]. However, Spring-mass based systems still share the limitations of other point-
based methods, while also being less accurate and suffering from instability under more
complex conditions.

The methods above have great realistic qualities, but are not used in real-time settings
due to their computational costs or instabilities, often taking multiple minutes per fracture.
Even when performing fracture on simplified versions of the original mesh, these methods
would not perform in any real-time setting or would not guarantee consistent performance.

2.1.2 Real-time physics simulations

A variety of methods aim to approximate brittle fracture simulations in real-time applica-
tions. They usually do as much pre-computation as possible and sacrifice physical accuracy
for speed. These methods can be split into three groups: Voronoi diagram-based methods
[55, 43, 61, 28, 28], methods predefining the fracture pattern and number of pieces [69, 63]
and other methods [18, 50].

Voronoi Diagram-based Methods

Voronoi diagram-based methods offer an efficient alternative to physics-based methods.
First introduced by Raghavachary, this technique proposes a theoretical framework where
cracks propagate along seeded Voronoi diagrams and are either driven by artistic or pro-
cedural control [55]. More recently, Müller et al. proposed a method focusing on large-
scale destruction where meshes are represented by volumetric approximate convex decom-
positions, which support partial fracture patterns and fractures are defined by artists [43].
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Comparatively, Schvartzman and Otaduy propose a method that leverages high-dimensional
centroidal Voronoi diagrams to give more artist control and focus on robuster, more real-
istic fracture patterns [61]. Jung and Redenbach developed a model that synthesizes crack
structures in 3D images. Extending the shortest path algorithm to 3D and formulating a
minimum-weight surface problem on a randomly seeded cellular complex consisting of 3D
Voronoi diagrams. Enabling them to construct realistic-looking cracks, which they then
map back to real images of concrete to construct a synthetic crack dataset, to be used by
machine learning methods [28].

Fracture Pre-computation

Some methods predefine fracture patterns and, during runtime, swap the model with a pre-
computed fractured version. One such approach introduced a collision-centered prescoring
algorithm that allows fractures to propagate in a physically plausible manner [69]. An-
other line of work precomputes a set of fracture modes by solving a sparsified eigenvalue
problem, which outputs the lowest-energy fractures for the mesh using modal analysis. At
runtime, an impulse triggers the selection of one of these predefined fracture patterns, en-
abling real-time performance [63]. Similarly, a modal analysis approach was proposed that
precomputes modal data and uses it at runtime to determine contact duration and forces
between bodies, after which an energy-based algorithm propagates the fractures [18]. This
method yields more realistic-looking fracture surfaces, though at the cost of less realistic
fracture locations.

Precomputation is highly efficient, since most of the heavy computation is performed
in advance, leaving minimal overhead at runtime. However, such methods lack physical
flexibility, as the fractures are not dynamically generated based on material properties.

Other Real-Time Methods

Beyond precomputation, real-time fracture has also been explored through adaptations of
physics-based models. One example is a FEM-based physics engine designed for games,
which integrates fracture handling as part of a broader simulation system [50]. Instead
of employing element splitting, this approach uses an artist-controlled splinter-based tech-
nique. Real-time performance is achieved by employing a tetrahedral FEM optimized for
efficiency and robustness, though at the expense of physical accuracy.

2.2 Learning models

In this subsection we give an overview of machine learning and deep learning approaches
that aim to decompose shapes into meaningful pieces or by implicitly learning shape repre-
sentations.

2.2.1 Mesh-based methods

MeshCNN [22] is a convolutional neural network tailored for triangular meshes. It intro-
duces specialized convolution and pooling layers that operate directly on mesh edges, lever-
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aging the geodesic structure of the underlying surface. Convolutions are performed on an
edge along with the four edges belonging to its incident triangles. Pooling is implemented
through edge collapse operations that preserve the mesh topology by collapsing low feature
magnitude edges first, allowing the network to select edges relevant to the task.

Primal-Dual Mesh Convolutional Neural Networks [42] represent a mesh using two
graph structures: a primal graph, which encodes face adjacencies, and a dual graph, which
encodes edge relationships. This allows them to apply convolutions on both faces (primal)
and edges (dual). Their convolutions and pooling operations are conceptually related to
those of MeshCNN, but due to their dual representations they achieve slightly better accu-
racy.

2.2.2 Voxel-based methods

Voxel-based methods represent 3D geometry on a regular grid, enabling the use of standard
3D convolutional architectures. VoxNet is one of the earliest systems in this category, in-
terpreting LiDAR point clouds as voxel occupancy grids and applying a 3D CNN for object
classification in real-time [41]. 3D ShapeNet follows a similar strategy, but is designed for
CAD models and employs higher-resolution voxel grids in order to capture geometric de-
tail. This dense representation, however, leads to substantial memory consumption due to
the cubic scaling of voxel grids [81].

To address this limitation, OctNet introduces a data-dependent, unbalanced octree struc-
ture that allocates voxels only where geometric information is present, thereby reducing
memory usage and computation while retaining detail where needed [58]. Other approaches
rely on sparse voxel convolutions, such as those implemented in Minkowski CNNs. These
networks also use sparsity in voxelized data and have been applied to both 3D shape analysis
and spatio-temporal encoding of 4D data [11]. Despite these advances, most sparse-voxel
networks still struggle to achieve truly real-time performance at high resolutions.

Voxel grids have also been used in generative modeling. For example, 3D-GANs op-
erate directly on voxel occupancy grids to learn distributions of 3D shapes and synthesize
new geometry [80]. While effective, these methods remain constrained by the resolution
and memory limits inherent to voxel-based representations.

2.2.3 Point cloud-based methods

Point clouds are discrete unordered sets of 3D positions representing objects in space. Ma-
chine learning methods used to struggle to work with point clouds, due to their unordered
nature. That is why previously people used to transform point-cloud information to voxel
data.

Some of the most well-known point cloud-based learning methodologies are PointNet
[52] and its derivatives like PointNet++ [53] and PointNext [54]. Before PointNet, it was
common to convert point clouds into voxels, causing large overheads. Qi et al. solved this
by introducing an order-invariant way of learning point clouds using max pooling, while
also ensuring the architecture works for both local and global tasks, like part segmentation
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and classification [52]. This was then improved again in PointNet++, which focussed on
adding hierarchical feature learning, increasing accuracy for fine-grain details [53].

Compared to PointNet, which uses supervised learning, there are also unsupervised
techniques that try to learn a representation of point clouds. FoldingNet uses auto-encoders
to learn an encoding from point clouds to 2D grids [83]. Nazir et al. use a combination
of AutoEncoders and a chamfer distance-based loss to create a model that has improved
generalization capabilities [44]. Xie et al. were the first to use contrastive learning in a
3D spatial point cloud sense. They show that pre-training any point cloud encoder, from
PointNet++ to FoldingNet, works well [82].

DeltaConv is a model designed to construct convolutional layers that operate directly on
surfaces derived from point clouds. The network is divided into scalar and vector streams,
which are connected through geometric vector-based operators. This design enables the
model to explicitly represent and process directional information [79].

2.2.4 Distance field based methods

DeepSDF uses learned signed distance fields to represent shapes by training an autoencoder
to capture the latent space of shapes [49]. MetaSDF extends this idea by framing shape
space learning as a meta-learning problem, using gradient-based meta-learning algorithms
that allow for more flexible shape reconstruction [67]. In contrast, NeuralUDF employs
unsigned distance functions, allowing them to also reconstruct inner structures, instead of
only the outside of shapes [9].

In our work, we similarly employ unsigned distance fields, but not to represent the ge-
ometry of objects. Instead, following the approach of DeepFracture [24], we use distance
fields to represent and model mesh fractures. Our method draws inspiration from these ex-
isting distance field-based techniques, but we apply them in a different context to represent
fracture patterns.

2.2.5 DeepFracture

DeepFracture is an approach working directly with meshes that attempts to learn 3D frac-
tures of a single mesh using a latent vector-controlled approach. Learning so-called 3D
Geometrically-Segmented Signed Distance Functions representing a mesh and then using a
segmentation algorithm on the learned distance functions to separate the mesh into pieces
[24]. Due to their segmentation algorithm and model complexity, the approach is not real-
time.

Recently, Kim et al. have attempted to model brittle fracture as an unordered segmenta-
tion of a point cloud and tried leveraging a deep neural network trained on a physics-based
dataset to predict the structural weakness of objects [30]. They have, however, noted that
their approach is limited by datasets and the inadequacy of traditional segmentation bench-
marks. Compared to DeepFracture, they directly learn the labelling, instead of a distance
field having to be segmented and also passing the desired number of different labels, being
less realistic, but providing more artist control.
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Another deep learning based fracture methodology is StressNet, a network which uses
a temporal independent convolutional neural network of fractures combined with bidirec-
tional long short-term memory to model temporal dynamics. They use this methodology to
predict evolution of stress over time, but never reach real-time performance [75].

DeepFracture demonstrates the potential of combining distance fields with machine
learning to generate realistic fracture patterns. However, the method is not capable of real-
time execution. Building on these ideas, our work focuses on adapting this approach to
achieve real-time performance.

2.3 Segmentation methods

Various approaches have been proposed for mesh segmentation. As summarized in [59], ex-
isting methods can be broadly grouped into region-growing approaches, watershed methods,
iterative clustering techniques, hierarchical clustering, and boundary-based segmentation.

Region Growing

Seeded region-growing was introduced in [1] for the segmentation of intensity images,
where predefined seeds guide the expansion of homogeneous regions and thus control the
formation of region boundaries.

Region-growing ideas have since been adapted to 3D mesh analysis. In particular, [34]
employ Markov Random Fields to smooth mesh attributes and produce spatially coherent
vertex clusters, improving the robustness of subsequent region-growing–based segmenta-
tion.

Watershed

Watershed segmentation uses a flooding process that starts at a local minimum and incre-
mentally floods a region, stopping once it finds a different flooding process from another
local minimum [23]. Mangan and Whitaker were the first to extend the watershed segmen-
tation algorithm from images to meshes, by considering all connected vertices to be the
neighbours, instead of adjacent pixels [39]. They used watershed to segment a mesh based
on per-vertex curvature values, also being the first to introduce a merging step, preventing
over-segmentation.

iterative clustering

Lloyd’s k-means algorithm [38] represents one of the earliest iterative clustering approaches,
minimizing within-cluster variance. Variants of iterative clustering have been adapted for
mesh segmentation.

Liu et al. [36] incorporate perceptual cues, which they capture using eigenvalue-based
geometric analysis, to segment meshes efficiently. Lai et al. [32] further introduce a
random-walk formulation that enables meaningful mesh segmentation at interactive speeds.
Together, these works illustrate how iterative clustering ideas extend naturally to surface
segmentation tasks.
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hierarchical clustering

Classical hierarchical clustering methods, such as Ward’s minimum-variance approach [77],
iteratively merge or split clusters to form a multilevel grouping structure.

This hierarchical principle has been applied to mesh segmentation in various forms. At-
tene et al. [5] segment meshes by clustering mesh primitives detected from local geometric
features. Shapira et al. [66] instead use the shape diameter function and interpret segmen-
tation as a skeletonization problem, yielding consistent part decompositions across shapes.
These methods highlight how hierarchical strategies can capture multi-scale organization in
geometric data.

Boundary-based methods

Boundary-based segmentation approaches focus on identifying curves on the surface that
delineate meaningful parts. Lee et al. [84] introduce an “intelligent scissoring” technique
that employs 3D snakes to detect and find defining shape contours, achieving speeds of up to
multiple minutes per segmentation. Zheng et al. [85] propose an interactive decomposition
framework in which users place strokes on the mesh; the system infers the most natural
cut by aggregating information from multiple user-provided cues. Such methods emphasize
boundary quality and user guidance, but suffer from long computation times.

2.4 Datasets

There are not many datasets containing fractured meshes. The two main datasets are Break-
ing Bad [62] and Fantastic Breaks [33]. The Breaking Bad fracture dataset is generated
using the similarly named Breaking Good methodology [63], also developed by Sellán et al.
[62]. Their dataset consists of multiple synthetic fractures of a variety of object groups and
their original mesh counterparts. The Fantastic Breaks dataset by Lamb et al. was created
by hand annotating fractures on 3D scanned meshes of real-world objects. These meshes
were hand-cleaned and paired with synthetically generated restoration meshes that aim to
resemble the original object [33]. Both of these datasets are not suitable for our needs, since
the goal of our research is to learn the fracture patterns of meshes based on impulse posi-
tion and direction. Neither of the datasets provides this information and thus we decided to
create our own dataset.
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Chapter 3

Preliminaries

This chapter provides a more detailed background into existing methods heavily utilized in
our work. Our main focus lies on DeltaConv [79], a convolutional graph-based learning
model that works on point clouds and meshes.

3.1 DeltaConv

Leaning on point-clouds or meshes requires the use of direction-dependent operators allow-
ing for the capture of local geometric structures such as ridges or edges. Many existing
learning models are not capable of fully capturing such geometric features, as they rely
on isotropic operators, which are directionless. In image processing, directional operators
are easily constructed, since the image grid has a fixed coordinate system: its pixels. This
allows for simple definitions of directional filters on images.

However, DeltaConv is designed to work on mesh surfaces where no fixed coordi-
nate system exists. The local neighbourhood is therefore rotationally ambiguous and we
are unable to consistently construct directional filters. Conventional graph-convolutional
models use Laplacians to construct their convolutions, exacerbating this issue, as Lapla-
cians are isotropic and therefore directionless. This limitation motivates the need for an
anisotropic surface-based convolutional operator. DeltaConv addresses this by constructing
such a surface-based convolutional filter capable of capturing directional information.

3.1.1 The Core Idea of DeltaConv

DeltaConv, like other graph-convolutional models, is formulated in terms of Laplacian op-
erators. The standard Laplacian is isotropic, but can be written as the divergence of the
gradient [78]. This allows us to access a vector-based intermediate representation. Com-
bining these representations using MLPs together with non-linearities is what allows for
anisotropic behaviour.

The core idea of DeltaConv is to learn intrinsic operators directly on the surface. In
addition to the divergence and gradient, they also learn to combine the co-gradient, curl,
and Hodge-Laplacian. Due to the operators acting on vectors and scalars, the authors for-
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mally define a vector stream containing vector information and a scalar stream for scalar
information, with some operators transferring information between the streams.

For each layer, the outputs of the operators at every vertex are passed, together with
the vertex features, to small MLPs that learn how to combine these operator responses. All
operators and MLPs are defined in a coordinate-independent manner. This removes the need
for a fixed reference frame and guarantees that the resulting anisotropic filters are invariant
to rotations of the surface. This ensures that the model produces the same output for each
vertex, irrespective of the chosen local basis or any other rotations.

3.1.2 The DeltaConv Operator

The local neighbourhood of each vertex is defined using the K-Nearest neighbours selected
from the mesh or pointcloud. This neighbourhood is what defines the local surface patch
on which the operators act per-vertex. Each vertex is associated with C features, yielding a
total of N×C features for a pointcloud of size N.

The feature at point i in layer l is defined as xl
i ∈RCl for each vertex in the scalar stream

and the collection of all scalars is called X . In the vector stream each feature is represented
as a pair (αi,βi) compared to a local tangent plane, and all vectors are stored in V . The
choice of basis is irrelevant, as long as it is orthogonal to the surface normal.

Property Scalar→Scalar Scalar→Vector Vector→Scalar Vector→Vector

Operators Pointwise MLP +
max-pooling

Gradient G, Co-
gradient JG

Divergence D, Curl
−DJ, Norm || · ||

Identity I, Hodge-
Laplacian LH =
−(GD− JGDJ)

Input X ∈ RN×C X ∈ RN×C V ∈ R2N×C V ∈ R2N×C

Output x′i ∈ RC (GX)i ∈ R2C (DV )i, (−DJV )i,
||vi|| ∈ RC

(LHV )i ∈ R2C

Role Aggregate scalar
features

Encode directional
change

Extract sinks, rota-
tion, magnitude

Mix vectors in a lo-
cal neighbourhood

Table 3.1: DeltaConv operators

Table 3.1 shows the different operators in DeltaConv that can be applied to both the
vector and scalar stream. For a more in-depth explanation on how these operators interact,
the reader is referred to the original DeltaConv paper by Wiersma et al..

Learning Anisotropic Filters

Now that all operators have been defined, we can finally see how DeltaConv learns anisotropic
Filters. All features for each stream are concatenated and passed into MLPs together with
the output of the operators defined before and passed to the next layers. This is done as
follows: v′i = hΘ0(vi,(GX)i,(LHV )i) for the vector stream. We can see that the Vector MLP
takes as input: the vector features (or identity I), the gradient of the scalar stream, and the
Hodge-Laplacian output of the vector stream.
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The Scalar pass looks as follows: x′i = hΘ1(xi,(DV ′)i,(−DJV ′)i, ||v′i||)+max j∈N (i) hΘ2(x j)
and takes as input: the scalar features, the divergence of the vector stream, the curl of the
vector stream, the norm of the vector stream, as well as the maximum pooling of the local
neighbourhood. Here N (i) represents the local neighbourhood of vertex i.

3.1.3 DeltaConv Segmentation Architecture

The DeltaConv architecture that presents both classification and segmentation models was
inspired by DGCNN [76]. The two designs are largely similar, with the main distinction
being the extended segmentation head. Since our work builds on a modified segmentation
model, the discussion that follows will concentrate on the same.

The authors report that the most effective segmentation architecture is composed of
three convolutional layers. These layers are structured as: Conv(3,64,64), Conv(64,128,128),
Conv(128,256,256), where the first argument corresponds to the number of input channels
(in this case, three).

Following these layers, the outputs are concatenated into a feature vector of dimension
488 for each point. This vector is subsequently projected to the embedding space of size
1024 through a global MLP. In the original approach, a one-hot encoded categorical vec-
tor is appended to this global embedding before being passed to a segmentation-specific
head. In our implementation, however, we omit the categorical vector and employ a slightly
modified segmentation head to change the model to a regression task, which we discuss in
subsection 4.4.2. For the segmentation task, the authors optimize the cross-entropy loss.
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Chapter 4

Methodology

This chapter presents a detailed description of the proposed method. We begin with an
overview of the approach in section 4.1. The generation of ground-truth fracture data and
the construction of the dataset are described in section 4.2.

The formulation of the fracturing process as a learning problem is introduced in sec-
tion 4.3. The learning models employed, along with the architectural adaptations made
to meet the specific requirements of this work, are presented in section 4.4. section 4.5
presents our definition of real-time.

Subsequently, section 4.6 details the inference pipeline and the segmentation methods
used. The evaluation metrics employed to assess model performance are discussed in sec-
tion 4.7.

Finally, implementation details are provided in section 4.8.

4.1 Overview

Our method is inspired by DeepFracture [24], which we introduced in subsection 2.2.5.
Whereas DeepFracture learns a volumetric distance field to the nearest fracture boundary,
our method focuses on learning a surface-based distance field to the nearest fracture bound-
ary on the mesh surface. This restriction to surface evaluation should enable faster compu-
tation times. Similar to DeepFracture, our approach involves learning a distance field to the
fracture boundary that is conditioned on impact location and direction. Limiting our model
to learning the impulse-dependent distance field for one mesh at a time is consistent with
the approach employed by DeepFracture.

A visualization of our pipeline can be seen in Figure 4.1 and consists of two main parts:
dataset generation and inference.

During dataset generation, multiple fracture simulations are computed for the given
mesh under varying impact configurations. The resulting fracture boundaries are processed
to compute a surface-based distance field for each fracture, which is stored together with
the impulse information.

During inference, the trained model is provided with the mesh and a specific impulse.
The model predicts the corresponding surface distance field on the mesh, which is subse-
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quently passed to a segmentation algorithm to produce the final fracture boundary predic-
tion.

Dataset Generation Pipeline
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Figure 4.1: Overview of the pipeline

4.2 Dataset Generation

4.2.1 Input

The input to the dataset generation pipeline is a single mesh Mo. The mesh is required to be
watertight, and its vertices and edges must form a single connected, navigable graph.

4.2.2 Breaking Good

The fracture generator we use is Breaking Good [63]. Breaking Good identifies plausi-
ble fracture modes of a mesh by solving a sparsified eigenvalue problem, from which the
lowest-energy fracture modes are extracted. These modes are precomputed for a given
shape, and at runtime the impact is projected onto the modes allowing for impact-dependent
fracture patterns without the need for online crack propagation simulations.

Breaking Good allows us to generate datasets within a few hours, whereas more physi-
cally accurate methods may require several days of computation [40, 47]. While Breaking
Good does not model fracture physics in full detail, it provides a controlled and efficient
testbed for evaluating whether our approach can learn meaningful, impulse-dependent frac-
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ture patterns. Demonstrating successful approximation in this setting motivates future in-
vestigation into learning more physically realistic fracture behaviors.

An additional advantage of Breaking Good is its inherent impulse-dependent fracture
generation, which is essential for our experiments. Notably, both Breaking Good and our
approach rely on precomputation to achieve real-time performance at inference time, with
the primary distinction being our use of a learned model to represent fracture behavior.

4.2.3 Computing Fractures

The dataset generation process begins by loading a single mesh Mo, consisting of vertices,
edges, and vertex normals, and defining the desired dataset size n. If the mesh does not
contain normals, these are computed as a preprocessing step. The mesh is then passed to
the Breaking Good pre-computation module [63], which computes a fracture modes object,
from which we retrieve the fracture patterns.

For each fracture m ∈ {1, . . . ,n}, a random point pi is sampled on the mesh surface and
used as the impact position. The impact direction di is defined as the inverse normal at pi

where i ∈ {1, . . . ,number of vertices of Mo} . The impact position and direction are then
passed to the run-time component of Breaking Good, which produces a fracture labelling
fi. This labelling assigns a numerical label to each vertex of Mo, indicating its fracture piece
membership. As in the original Breaking Good implementation, the fracture generation is
repeated with newly sampled impulses until a valid fracture is produced.

To determine whether a fracture labelling is valid, we apply three criteria. First, all
fracture pieces must satisfy a minimum size constraint, as very small pieces are likely to
be artifacts. Second, the combination of impulse parameters and fracture labelling must be
unique within the dataset. Finally, the labelling must contain at least two distinct labels,
ensuring that an actual fracture has occurred. Samples that fail any of these checks are
discarded and regenerated using a newly sampled impulse.

Ideally, impact positions would be uniformly distributed over the mesh surface. How-
ever, discarding invalid fracture samples introduces a bias in the dataset: structurally weaker
regions of the mesh tend to be overrepresented, while stronger regions are underrepresented
due to the absence of fractures. The implications of this bias are discussed further in chap-
ter 7.

4.2.4 Computing the Unsigned Distance Field

The output of the fracture generator is a variety of labellings of fractured meshes. But
instead of using these labels directly, we apply additional post-processing steps on them
before we use them.

Mapping back to the original mesh

To improve performance, we follow the approach of Breaking Good and perform fracture
labeling on a downsampled version of the original mesh, denoted Md , rather than on the
original mesh Mo. Let vo = {vi

o} denote the set of vertices of the original mesh and vd = {v j
d}

the set of vertices of the downsampled mesh, where indices i and j enumerate vertices in the
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respective meshes. Because the downsampling process does not guarantee identical scale or
alignment between the two meshes, a mapping between the vertex sets vd and vo is required.

We approximate this mapping by assuming that downsampling preserves the overall
shape of the mesh while introducing only a global translation and uniform scaling of vertex
positions. Proceeding under this assumption, we compute the axis-aligned bounding boxes
of both meshes and apply a scaling and translation that aligns the bounding box of Md with
that of Mo. This transformation is applied to all vertices vd .

Let fd = { f j
d} denote the fracture labeling produced by Breaking Good on the down-

sampled mesh, where each vertex v j
d is assigned a fracture label f j

d . Since downsampling
may introduce small geometric distortions, fracture labels cannot be transferred directly via
the rescaled mesh. Instead, for each vertex vi

o ∈ vo, we identify the index

k = argmin
j

(
distance(vi

o,v
j
d)
)

(4.1)

corresponding to the closest vertex in the transformed downsampled mesh. The fracture
label of vi

o is then assigned as f i
o = f k

d , where fo = { f i
o} denotes the resulting fracture

labeling on the original mesh.
Since impact positions are initially sampled on the downsampled mesh Md , each impact

position is first transformed using the same scaling and translation applied to the vertices vd .
The transformed point is then projected onto the surface of the original mesh Mo by selecting
the closest surface point, yielding the final impact position associated with fracture instance
m. A visual comparison between the original mesh and the downsampled mesh, as well as
the applied rescaling, is shown in Figure 4.2.

For each fracture instance m in our dataset of Mo, the procedure described above is
applied to generate a single dataset sample. We denote the resulting fracture labelling on
the original mesh by Fm, which assigns a fracture label to every vertex of Mo. Together with
Fm, we store the corresponding impact position pm and impact direction dm.

(a) Downscaled Mesh (b) Original Mesh

Figure 4.2: Comparison between the original mesh and downscaled mesh, the red dot shows
the impact point
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Edge Points

For every generated fracture, we define two types of vertices: edge vertices and non-edge
vertices. Edge vertices lie on the boundary between fracture pieces and are characterized
by having at least one neighbouring vertex with a different ground-truth label. In contrast,
non-edge vertices have no neighbours with different ground-truth labels.

Edge set E is defined in Equation 4.2 by considering all vertices vi ∈Mo and selecting
only the vertices where the neighbour N(vi) has a different ground-truth label fi.

E = {vi ∈ v | ∃v j ∈ N(vi) : fi ̸= f j} (4.2)

A visualization of the edge set E is shown in Figure 4.3b, whereas Figure 4.3a shows
the ground-truth labels associated with the edge set.

Unsigned Distance Field

We compute an unsigned distance field (UDF) over the surface of the mesh to encode the
proximity of each vertex to the fracture boundary. To calculate the distance field, at each
vertex vi ∈ Mo, we store the geodesic distance to the nearest fracture edge ve, represented
by the points in the edge set E.

Formally, the UDF value at vertex vi is defined as

UDFi = min
ve∈E

dist(vi,ve) (4.3)

where dist(., .) denotes the geodesic distance along the mesh surface.
We use geodesic distance rather than Euclidean distance to ensure that the gradients

of the distance field are better aligned along the surface of the mesh. As distances are
solely defined on the surface and no inside or outside exists, a signed distance field is not
applicable, therefore we use an unsigned distance field.

A visualization of this concept is provided in Figure 4.3. Specifically, Figure 4.3a shows
the ground-truth labels of the fracture, while Figure 4.3b highlights points on the fracture
boundary and inside edge set E. Finally, Figure 4.3c presents the geodesic distance field on
the mesh, indicating the geodesic distance of each vertex to the edge set.

4.3 Learning framework

We formulate fracture prediction as a regression problem in which a model learns to map
an impact impulse and a mesh surface to an unsigned distance field encoding the proximity
of each vertex to the fracture boundary. The learning framework is defined as a function
shown in Equation 4.4 that takes as input an impulse I, consisting of an impact position and
impact direction, together with the vertex positions v1, . . . ,vn of a mesh Mo, and outputs
a predicted unsigned distance field over the mesh. The mesh connectivity is not provided
explicitly to the model.

(UDF1,UDF2, . . . ,UDFn) = f (I,v1,v2, . . . ,vn) (4.4)
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(a) Ground-truth fracture la-
bels on the Stanford Bunny
mesh.

(b) Edge vertices (green)
forming the fracture bound-
ary set E; non-edge vertices
are shown in red.

(c) Unsigned geodesic dis-
tance field to the fracture
boundary set E, with darker
shades indicating larger dis-
tances.

Figure 4.3: Computation of the unsigned geodesic distance field. From left to right: ground-
truth fracture labeling, extracted fracture boundary vertices forming the edge set E, and the
resulting unsigned geodesic distance field defined on the mesh surface.

During training, we use a custom loss function that emphasizes accuracy near fracture
boundaries. These regions correspond to small unsigned distance field values and are critical
for the subsequent segmentation step, whereas errors farther away from the boundaries have
a limited effect on the final fracture prediction. Let yi denote the ground-truth unsigned
distance field value at vertex i and ŷi the predicted value. We define the adapted mean
absolute error (AMAE) loss as shown in Equation 4.5.

L = ∑
i

|yi− ŷi|
1+α|yi|

(4.5)

The variable α controls the strength of the weighting. This formulation penalizes errors
near fracture boundaries more strongly, while progressively reducing the contribution of
errors at larger distances. This is a worthwhile trade-off since these areas are critical for
segmentation performance.

4.4 Network architectures

Although the learning models are treated as black boxes in our framework, the choice of
network architecture has a significant impact on both segmentation accuracy and compu-
tational efficiency. As discussed in section 2.2, prior work has shown that convolutional
models outperform MLPs for mesh and point cloud segmentation tasks on varying geome-
tries. Motivated by these findings, we aim to assess whether the same performance benefits
also apply to our task. In our setting, the mesh itself remains fixed, while the applied im-
pulse varies to produce different fracture patterns. Consequently, our primary interest lies in
examining how the use of (graph-)convolutional layers affects both segmentation accuracy
and computational efficiency.
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We compare a simple multi-layer perceptron (MLP) baseline with a graph-convolutional
architecture based on DeltaConv, which was selected for its use of anisotropic operators
that are well suited for capturing geometric details. We investigate whether these properties
translate to improved performance for fracture pattern prediction.

4.4.1 MLP architecture

The MLP models were implemented in PyTorch, with varying depths and widths explored
by adjusting both the number of layers and the number of nodes per layer. All hidden layers
share the same dimensionality within a configuration. Each layer is followed by Layer
Normalization and a ReLU activation.

For each vertex, the network receives the 3D coordinates concatenated with the impact
impulse parameters as input, and outputs a single unsigned distance field value. The network
is therefore applied independently to all vertices of the mesh.

4.4.2 DeltaConv architecture

We adapt the DeltaConv segmentation architecture described in subsection 3.1.3 to perform
regression of unsigned distance field values. The main difference lies in the output: while
the original segmentation architecture produces N×C outputs, representing the probability
of each node belonging to class C, our variant predicts N continuous values, corresponding
to the distance field at each point. An overview of the adapted architecture is provided in
Figure 4.4.
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Figure 4.4: DeltaConv regression architecture. LW = convolutional layer width, LA = num-
ber of convolutional layers, ES = embedding size, and TF = total number of concatenated
convolutional features (i.e., LA * LW).

The architecture is parameterized by six hyperparameters controlling the depth, neigh-
borhood size, and feature dimensionality, kernel of the convolutional blocks:

1. Number of convolutional layers – specifies the total depth of convolutional stages.
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2. Convolutional layer size – defines the number of output channels of each convo-
lutional layer; unlike the segmentation model, we employ a constant size across all
layers.

3. MLP depth – determines the number of fully connected layers used within each
convolutional block.

4. Embedding size – sets the dimensionality of the embedding space, consistent with
the original design.

5. Number of neighbours – controls the neighborhood size considered in each Delta-
Conv layer.

6. Gradient kernel width – governs the spatial extent of gradient computation, e.g.,
restricting to first- or second-order neighbours.

Since our task does not involve categorical classification, the categorical vector used
in the original segmentation architecture was omitted. Apart from the reduced output di-
mensionality, the inference head remains similar to that of the segmentation model, with
one modification: leaky ReLU activations were replaced by standard ReLU, which yielded
improved performance in our experiments.

We further modified DeltaConv to enable partial precomputation, thereby reducing in-
ference time. Since the same mesh is used throughout, the k-nearest neighbor search and
the corresponding matrix construction could be performed in advance and reused during
inference.

4.5 Real-Time Constraint

Electronic Arts specifies that Battlefield 6 requires a minimum frame rate of 30 fps for
basic playability, with 144 fps recommended for optimal experience [4]. This maps to per-
frame budgets of 34 ms and 7 ms respectively. Empirical studies in interactive systems
show that below certain frame-rate thresholds, performance and responsiveness degrade.
For example, in the domain of first-person shooters, Claypool et al. found significant drops
in aiming accuracy and user satisfaction when frame rates fall below 30 fps [12]. In related
HCI experiments, moving-target selection tasks performed 14 % better at 60 fps than at 30
fps [27]. Moreover, studies of frame-rate variation indicate that jitter or frame time spikes
negatively impact perceived quality even if the average frame rate remains high [37]. Hence,
while 30 fps may be treated as a lower bound in practice, it is important to design fracture
techniques well above that threshold, not only to avoid performance degradation, but also
to maintain consistency and responsiveness under worst-case conditions.

If the target performance is to sustain a minimum of 30 fps during fracture events, while
the game ordinarily operates at 60 fps, the available rendering budget changes accordingly.
Under normal conditions, each frame is budgeted approximately 17 ms for rendering. Dur-
ing a fracture event, we must still maintain our minimum threshold of 30 fps, which cor-
responds to a maximum frame time of 34 ms. Thus, the fracture algorithm must complete
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within this 17 ms window to maintain real-time performance and prevent the overall frame
rate from dropping below the 30 fps threshold.

4.6 Inference

During inference, the trained model is given the entire mesh together with a contact position
and direction and predicts an unsigned distance field value for each vertex. The mesh and
the predicted UDF are fed into the segmentation method, which converts the distance field
into a discrete fracture labeling. Based on groupings of segmentation methods made by
previous work [64, 59], we evaluate the following segmentation methods: Region Growing,
Watershed, K-Means, Hierarchical Clustering and Felzenszwalb segmentation.

4.6.1 Segmentation methods

In this section, we describe each segmentation method in detail and outline any adaptations
needed to integrate them into our pipeline.

Watershed Segmentation

As DeepFracture applies morphological flooding algorithms to segment their volumetric
distance field, watershed segmentation is a natural candidate for segmenting surface-based
unsigned distance fields [7, 24].

Watershed segmentation aims to accomplish a segmentation task by viewing it as a
flooding problem. It treats UDF intensity values as a topographic surface, identifying basins
and watershed lines to segment objects. It is inspired by flooding where it fills basins, which
in practice are local minima, until boundaries are formed.

While classical watershed algorithms grow regions from local minima, we initialize
flooding from local maxima, which correspond to regions far from fracture boundaries, and
propagate labels toward the boundaries. Watershed segmentation has a user-controlled pa-
rameter called threshold. This parameter will control the minimum value for neighbouring
clusters to be merged. A high value will cause oversegmentation, whereas a low value will
produce undersegmentation.

The watershed algorithm starts by finding local optima and queuing these vertices in
a priority queue while assigning them all unique labels. Then it iteratively pops a vertex
from the queue and looks at its neighbours. If the neighbour has not been visited yet, we
assign it the same label as the current vertex. If the neighbour has been visited and both
the neighbour and the current vertex are above the threshold while having different labels,
we merge all vertices with either of the labels into a new, larger group. This process can be
seen in more detail in Algorithm 1

The only difference between our watershed segmentation and the default watershed
segmentation is that we merge connected groups while flooding. This is usually done in a
separate loop after the flooding algorithm has finished, but in our case, it is possible to apply
these operations simultaneously in a single loop.
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Algorithm 1 Watershed Segmentation
1: Initialize all nodes as unvisited
2: Assign unique labels to local maxima
3: Enqueue all local maxima
4: while the queue is not empty do
5: Dequeue a node
6: Mark the node as visited
7: for each neighbor of the node do
8: if neighbor is unvisited and has lower or equal UDF then
9: Assign the neighbor the current node’s label

10: Enqueue the neighbor
11: end if
12: if neighbor has a different label and either UDF exceeds a threshold then
13: Merge the two labels
14: end if
15: end for
16: end while
17: Return the final labels for all nodes

Region growing

Region Growing is a seeded segmentation technique that iteratively expands regions from
an initial set of vertices [1]. In our framework we seed these vertices similar to watershed,
by picking all local maximal UDF values as initial seeds.

Starting from these seeds, regions are grown by repeatedly assigning unlabeled neigh-
bours to the regions most popular around them. Vertices are processed in decreasing UDF
order, ensuring regions expand from the fracture interior towards the fracture boundaries.
Post-processing steps similar to watershed are applied to merge small clusters.

The complete region growing procedure is summarized in Algorithm 2.

Hierarchical Clustering

Hierarchical agglomerative clustering [77] is a bottom-up clustering method in which each
vertex initially forms its own cluster and clusters are iteratively merged based on a pairwise
similarity measure. In our setting, the mesh connectivity defines the adjacency graph, and
edge weights are derived from the predicted unsigned distance field.

We assign each mesh edge (x,y) a score equal to the sum UDF(x)+UDF(y) and then
sort all edges in decreasing order. Edges connected far from fracture boundaries there-
fore appear first, and edges crossing fractures appear last. Clusters are then iteratively
merged until the edge sum falls below a certain threshold, after which the process termi-
nates while preventing merges across fracture boundaries. This procedure is summarized in
Algorithm 3.

This causes large interior pieces to form early in the process, while pieces near fracture
boundaries remain separated.
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Algorithm 2 Seeded Region Growing
1: Initialize all nodes as unvisited
2: Initialize all nodes with label −1 (unlabeled)
3: Select K seed nodes and assign them unique labels
4: Initialize region statistics for each label (e.g., mean UDF per region)
5: Enqueue all seed nodes
6: while the queue is not empty do
7: Dequeue a node u
8: Mark u as visited
9: for each neighbor v of u do

10: if UDF of v ≥ 0.1 AND UDF of u ≥ 0.1 then
11: Assign v the label L(u)
12: Update region statistics for label L(u)
13: Enqueue v
14: end if
15: end for
16: end while
17: Return the final labels for all nodes

A limitation of this approach is the forming of many small clusters near the fracture
boundary, caused by the conservative merging criterion. These small fragments have little
influence on the global fracture geometry and could probably be removed through post-
processing steps, but these steps have not been implemented in the current pipeline. To
mitigate this, we select conservative parameter values when applying the method.

Algorithm 3 Hierarchical Clustering
1: Initialize each vertex with a unique label
2: Sort all edges in decreasing order of the sum of UDF values of their endpoints
3: for each edge (x,y) in the sorted edge list do
4: if UDF(x)+ UDF(y) is below threshold then
5: break
6: end if
7: if x and y belong to different clusters then
8: Merge clusters of x and y
9: end if

10: end for
11: return cluster labels

K-Means

From the family of iterative clustering algorithms, we selected K-Means [38] due to its
widespread popularity. We applied the K-Means algorithm to our data, using each point’s
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x, y, z, and UDF values as features.
The K-Means algorithm attempts to segment its input data in k different clusters, with

each data point belonging to the cluster with the nearest mean. After a data point has
been assigned to a cluster, the cluster mean is updated, and the process is repeated until
convergence. The K-Means algorithm can be seen in Algorithm 4.

Algorithm 4 K-Means Clustering
1: Initialize K cluster centers m1,m2, . . . ,mK

2: repeat
3: for each item ti in the dataset do
4: Assign ti to the cluster with the closest mean
5: end for
6: for each cluster do
7: Update the cluster mean based on assigned points
8: end for
9: until convergence criteria is met

10: return final cluster assignments

Felzenszwalb segmentation

Felzenszwalb segmentation [17] is a graph-based region merging algorithm that constructs
a minimum spanning tree over the input graph and incrementally merges regions based
on internal difference criteria. Although originally developed for image segmentation, its
formulation on weighted graphs makes it directly applicable to mesh-based data.

m←max(UDF)

UDFt
i = (10 · (m−UDFi))

10 (4.6)

We use the same concept for edge weighting as for Hierarchical clustering where the
weight is the sum of the UDF values of the vertices belonging to the edge, as defined in
Equation 4.6. Before segmentation, we apply a transformation to the values which trans-
forms values close to the fracture boundary to very large numbers and attempts to minimize
values for interior vertices. This inverts the original distance field and ensures that internal
differences used by the method become very small inside fracture pieces.

Felzenszwalb segmentation then processes the weighted graph by sorting the edges in
decreasing order and initializes each vertex as its own component. Then components are
iteratively merged when the edge weight is sufficiently small relative to the internal variation
of the connected components. The full procedure is summarized in Algorithm 5.

4.7 Metrics

We evaluate our approach at two distinct stages of the pipeline. First, we assess the accuracy
of the predicted distance fields against their corresponding ground truth. This stage isolates
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Algorithm 5 Graph-Based Segmentation (Felzenszwalb–Huttenlocher)

1: Sort all edges E into π = (o1, . . . ,om) by non-decreasing weight
2: Initialize a segmentation S0 where each vertex is in its own component
3: for q = 1 to m do
4: Let oq = (vi,v j) be the q-th edge in π

5: Let Ci be the component in Sq−1 containing vi

6: Let C j be the component in Sq−1 containing v j

7: if Ci ̸=C j and w(oq)≤MInt(Ci,C j) then
8: Merge Ci and C j to form segmentation Sq

9: else
10: Sq← Sq−1
11: end if
12: end for
13: return Sm

the quality of the regression component and indicates how accurately the model predicts the
fractures.

Second, we evaluate the performance of our segmentation methods applied to the pre-
dicted distance fields. This stage reflects the final performance of our method.

4.7.1 Evaluation Metrics for Distance Field Prediction

To evaluate the performance of the predicted distance field we use two metrics. Firstly,
we use the Mean Squared Error (MSE) to indicate how accurate the model is overall at
predicting the distance field over the mesh. Secondly, we use Adjusted Mean Absolute
Error (AMAE), defined as the loss function in Equation 4.5, to better reflect the overall
prediction performance, with greater emphasis on the areas close to the fracture boundary.

4.7.2 Evaluation metrics for segmentation accuracy

Segmentation performance is evaluated using metrics that operate on labeled point clouds.
Their goals are to assess the segmentation performance in different ways to give a more
comprehensive overview.

Chamfer Distance

In this work, we employ Chamfer distance [6] to quantify the similarity between two finite
point sets. Let A and B denote two such sets in a metric space. The Chamfer distance
is defined as the sum of two directed terms: the average distance from each point in A
to its nearest neighbour in B, and the average distance from each point in B to its nearest
neighbour in A, as stated in Equation 4.7 and Equation 4.8 [15].

In our application, A corresponds to the set of points in our predicted labelling and B
to a set of points in the ground-truth labelling. We compute the Chamfer distance in two
distinct contexts: Firstly, we calculate boundary correspondence in our Boundary Chamfer
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value metric. Secondly, we calculate region correspondence in our Region Chamfer value
metric.

chamfer(A,B) =
1
2n

n

∑
i=1

∣∣Ai−NN(Ai,B)
∣∣+ 1

2m

m

∑
j=1

∣∣B j−NN(B j,A)
∣∣ (4.7)

NN(x,C) = argmin
y∈C

∥∥x− y
∥∥ (4.8)

Boundary Chamfer score

To define the Boundary Chamfer (BC) score, we first extract boundary points for both
predicted and ground-truth segmentations using the edge-detection procedure detailed in
chapter 4. By restricting A and B to those points that lie on the fracture boundaries, we
obtain two boundary point sets whose Chamfer distance directly quantifies the similarity
between the predicted and ground-truth fracture lines.

Region Chamfer score

The Region Chamfer (RC) score measures the geometric correspondence between pre-
dicted and ground-truth fracture pieces. For each ground-truth fragment, the most similar
predicted fragment is identified using the Chamfer distance. It is defined using the fol-
lowing directed covering procedure [3]: For each pair of ground-truth and predicted frac-
ture regions, we compute their Chamfer distance. Because the total number of fragments
never exceeds ten, a brute-force evaluation over all possible pairings is computationally
trivial. Formally, let G = {gi}N

i=1 denote the set of ground-truth fragments and P = {p j}M
j=1

the set of predicted fragments, with N,M < 10. We first compute the Chamfer distance,
chamfer(gi, p j) for every (i, j) ∈ {1, ...,N}{1, ...,M}. Then for each ground-truth fragment
gi, we select the predicted fragment p j∗ that minimizes:

j∗(i) = argmin
1≤ j≤M

chamfer(gi, p j), (4.9)

The Region Chamfer score is then defined as the sum of the minimal distances over all
ground-truth fragments:

DRegion =
N

∑
i=1

chamfer
(
gi, p j∗(i)

)
. (4.10)

A lower value of DRegion indicates a closer geometric correspondence between the predicted
and ground-truth fracture pieces.

Adjusted Rand Index

The Adjusted Rand Index (ARI) [25] evaluates the similarity between two clustering out-
comes. The ARI evaluates the agreement between two partitions by considering all pairs of
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samples and determining whether each pair is consistently assigned to the same or different
clusters across both partitions. Unlike the standard Rand Index, ARI corrects for chance,
making it especially suitable for comparisons across clusterings with varying numbers of
clusters.

For simplicity and clarity, in Equation 4.11 we present the formula of the standard Rand
Index [57], as the Adjusted Rand Index involves more complex computations designed pri-
marily to correct for chance agreement. However, the core idea of evaluating the similarity
between clustering outcomes is identical for both instances.

RI =
a+b(n

2

) (4.11)

For the normal Rand Index, a indicates the number of pairs of elements that are in the
same cluster in both partitions, b indicates the number of pairs that are in different clusters
in both partitions, and n is the total number of elements.

The ARI produces values in the range from -1 to 1, where a score close to 1 denotes
similarity between clusterings, a score of 0 suggests random agreement, and negative values
indicate poorer agreement than expected by random chance. Therefore, ARI values close
to 1 indicate that the predicted fracturing is close to the ground-truth fracturing. While
ARI values close to, or below, 0 indicate a bad match between predicted and ground-truth
fracture.

Adjusted Mutual Information

Additionally, we utilize the Adjusted Mutual Information (AMI) [73] score to measure
the similarity between two clustering results. AMI evaluates the mutual independence be-
tween two clusterings by quantifying the shared information, adjusted for chance, which
is intimately linked to entropy. It quantifies the amount of information obtained about one
random variable by observing the other random variable.

Similar as before, in Equation 4.12 we present the formula for Mutual Information
[65, 68], instead of Adjusted Mutual Information, as the formula for Adjusted Mutual In-
formation involves more complex computations designed to correct for chance agreement,
while the core idea remains unchanged.

MI(U,V ) =
|U |

∑
i=1

|V |

∑
j=1

P(i, j) log
P(i, j)

P(i)P( j)
(4.12)

For the Mutual Information, U and V represent the predicted and ground-truth cluster-
ings, P(i, j) is the joint probability distribution that a randomly selected object belongs to
cluster i in partition U and cluster j in partition V . P(i) and P( j) are the marginal probabili-
ties of an object belonging to cluster i in partition U and cluster j in partition V , respectively.
The probabilities represent the percentage of occurrence for each label in a single fracture.
For example, P(i) represents the number of occurrences of label i divided by the total num-
ber of vertices in the predicted clustering U .

The AMI score ranges from 0, no agreement beyond chance, to 1, perfect agreement.
Therefore, when comparing predicted to ground-truth segmentations, AMI values close to
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1 indicate a predicted fracturing close to the ground-truth, while values close to 0 indicate
that the predicted fracture is not much better than a random fracturing when compared to
the ground-truth.

Segmentation Acceptance criterion

To determine whether a segmentation is suitable for real-time use in a video game, we
introduce a binary acceptance criterion based on the Adjusted Rand Index. Segmentations
with ARI ≥ 0.7 are considered acceptable. We motivate our threshold in chapter 5.

4.8 Implementation Details and Hyperparameters

Compute and software

All experiments were run on a NVIDIA GeForce RTX 4070 Ti SUPER (16 GB VRAM).
Our models were implemented using PyTorch. Graph-based segmentation methods were
implemented using NetworkX. Geodesic distances were computed using Potpourri3D.

Data representation

Our method does not perform normalization of vertex coordinates. Instead we manually
normalized our meshes using blender before importing by uniformly scaling such that the
largest x, y, or z axis equals 1. Breaking good also uses normalization of meshes when
generating the fracture patterns. However, normalized meshes need to be provided, since
we map the fractures back to the original mesh.

The impact direction is represented as a unit vector, while impact position is defined as
the vertex location on the mesh. UDF values are measured based on the provided mesh.
Consequently, hyperparameters such as the AMAE weighting α and segmentation thresh-
olds are scale-invariant to the input meshes.

Loss

We train our models using the adapted mean absolute error (AMAE) loss (Equation 4.5)
with α = 10, which emphasizes accuracy near the fracture boundaries.

Randomness

During training we set torch.manual seed(1). Randomness in the CUDA kernel was
not controlled. Runtime measurements were obtained using torch.cuda.synchronize()
before and after code blocks to ensure accurate GPU timing.

MLP

For the MLP, each vertex is represented by a 9D input feature vector consisting of vertex
coordinates (x,y,z) concatenated with impact position and impact direction (3+3+3). Train-
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ing is done using the Adam optimizer (lr = 1e-4) for 200 epochs using AMAE. The batch
size is defined as the number of vertices per optimization step.

DeltaConv

DeltaConv is trained on samples consisting of entire meshes, consisting of vertices with the
same 9D features as above. Each batch consists of 5 meshes/impulses. Training was done
use Adam (lr = 1e-4) for 100 epochs. Since the mesh is fixed, kNN neighborhood queries
and associated matrices are precomputed and reused during inference.

4.8.1 Segmentation hyperparameters

Local maxima are defined as vertices whose UDF value is strictly larger than all directly
connected neighbours. For watershed, two adjacent regions are merged when at least one
of the two vertices incident to the connecting edge has a UDF of 0.2.

For region growing, regions are merged if both connected vertices connected by an edge
have UDF values of at least 0.1. Region expansion is controlled by a consideration threshold
that is decremented by 0.004 until it reaches 0, when it considers all vertices immediately.

Hierarchical segmentation merges regions based on the sum of the UDF values of the
vertices incident to each edge. Edged are processed in decreasing sum order and this process
is stopped below sums of 0.2.

K-Means targets 3 clusters and prior to clustering all UDF values above 0.5 are clipped
to 0.5 to limit the influence of outliers.

Felzenszwalb segmentation is implemented using a library made by Rakshit. Although
originally designed for images, the method is based on graphs and was therefore adapted
to work on mesh-based graphs. We use their method with a scale parameter k of 4 and a
minimum size of 20 vertices. We use a data transform for better performance, discussed
previously in Equation 4.6.

These values were selected through manual experimentation on a small validation subset
and are expressed in normalized mesh space.
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Chapter 5

Experiments

This chapter evaluates the proposed surface-based impulse-dependent brittle fracture pre-
diction framework on varying meshes and mesh-sizes using both an MLP and a graph-
convolutional DeltaConv architecture. We additionally evaluate several segmentation algo-
rithms on varying meshes and mesh sizes.

5.1 Setup

5.1.1 Baseline

Our work is inspired by DeepFracture of Huang and Kanai. Since neither source code
nor training data for DeepFracture is publicly available, a direct quantitative comparison is
not feasible. Instead, we adopt its core conceptual ideas and study how different learning
architectures in our surface-based framework perform. In particular, we evaluate the perfor-
mance of a per-vertex MLP and a graph-based architecture based on DeltaConv to analyse
the effect of explicitly modelling mesh connectivity.

5.1.2 Data

We evaluate our method on three watertight triangle meshes of varying geometric complex-
ity: the Stanford bunny [72], a simple chair model made in Blender, and a vase chosen from
the Breaking Bad dataset [62]. These meshes were chosen to represent a range of shapes:
the Stanford Bunny represents a smooth shape with localized weak points such as the ears;
the chair contains multiple protrusions such as the legs and armrest; and the vase is a thin
walled object, allowing us to evaluate the robustness of the method.

For each mesh, we generate a dataset of 1000 fracture instances using Breaking Good
[63]. Each instance consists of randomly sampled pairs of impulses and per-vertex geodesic
distance fields representing the fracture boundary.
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5.1.3 Evaluation Procedure

For each mesh, the dataset is first split into a fixed training set (85%) and a held-out test set
(15%). The test set is never used for hyperparameter tuning.

To avoid data leakage, we perform 5-fold cross-validation with fixed splits: in each
fold, a distinct 1/5th of the data serves as the validation set, and the remaining 4/5ths as the
training set. These partitions remain constant across all models. When passing Optuna the
performance of the cross-validation, we make sure to pass it the mean performance of the
folds.

Hyperparameter optimization is performed on the training set using 5-fold cross-validation.
In each fold, four fifths of the training data are used for training and the remaining fifth for
validation. These folds assignments are kept consistent across all models. The validation of
each fold is repeated 5 times to ensure consistent accuracy and run-time measurements. We
use Optuna [2] to optimize the hyperparameters of both the MLP and DeltaConv models,
using the mean validation performance as the optimization objective while optimizing for
both run-time and AMAE loss. NSGAII, a multi-objective genetic algorithm [13], was used
to suggest hyperparameter configurations.

After retrieving the best performing hyperparameters, we retrain the model on the full
training set and evaluate on the held-out test set to measure final performance. This proce-
dure ensures that no information from the test set is used during model selection.

5.1.4 Acceptance criterion

Figure 5.1 contains both correct and incorrectly placed fractures used for calibrating the
threshold. In column 1 of the grid, segmentations produced by watershed, region growing
and hierarchical segmentation closely match the ground-truth and all achieve ARI values
above 0.75. Column 5 shows some incorrectly placed fractures for watershed and region
growing with ARI values close to 0.6. Based on these observations we select the acceptance
threshold as ARI ≥ 0.7.
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gt udf

ground truth ground truth ground truth ground truth ground truth

predicted

0.001 0.032 0.002 0.002 0.107

gt labels

ground truth ground truth ground truth ground truth ground truth

Region Growing

0.851 0.354 0.832 0.018 0.556

Watershed

0.889 0.338 0.889 0.937 0.590

Hierarchical

0.779 0.251 0.779 0.876 0.513

K-Means

0.222 0.103 0.224 0.419 0.234

Felzenszwalb

0.363 0.275 0.363 0.408 0.781

Figure 5.1: Segmentation results with MLP. Rows (top to bottom): ground-truth unsigned
distance field (UDF), predicted UDF, ground-truth segmentation, and results from region
growing, watershed, hierarchical, k-means, and Felzenszwalb. Columns: dataset samples.
In UDFs, white = near fracture, red = far. Segmentation colors are arbitrary and only dis-
tinguish regions. Numbers indicate Rand index for segmentations (higher is better) and
AMAE for UDFs (lower is better). Red dots mark impact points.
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5.2 Architecture Comparison

This section presents a comparison between the MLP and DeltaConv architectures, which
we evaluate based on their ability to predict distance fields and applicability to downstream
segmentation methods.

Model selection is based on AMAE regression accuracy and inference efficiency, eval-
uated using the methodology described in the evaluation procedure section. Although we
optimize hyperparameters for distance field regression, we also report segmentation met-
rics to test the impact of regression quality on the segmentation stage. We illustrate this
correlation in Figure 5.5.

We first evaluate the performance of the MLP architecture, then test the DeltaConv
model, and finally provide a direct comparison between their best-performing configura-
tions. In this section we always use watershed segmentation to test segmentation perfor-
mance. In the next section, we evaluate different segmentation approaches.

5.2.1 MLP hyperparameter tuning

This subsection analyzes how the depth and width of the MLP influence regression accuracy
and inference speed. All evaluated models use constant-width hidden layers with layer
normalization and ReLU activation functions. The number of hidden layers varies between
1 and 20, while the width of the hidden layers is varied between 32 and 1024 neurons. A
total of 1000 different configurations were tested.

0.000 0.001 0.002 0.003 0.004 0.005 0.006
Inference Time (s)
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0.0070
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Pareto Analysis of AMAE and Runtime MLP
Pareto-optimal trials
Other trials
Chosen optimal trial

Figure 5.2: Plot showing the pareto front for the MLP plotting inference time (s) against
validation AMAE

Figure 5.2 shows the Pareto front of the MLP model between AMAE and inference
time. The lowest observed AMAE values are as low as 0.0056, while faster configurations
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achieve inference times under 1 ms, with increased error. We see regression improvements
beyond AMAE of approximately 0.0057 are accompanied by a sharp increase in inference
time, indicating diminishing returns on the Pareto curve past this point.

Based on this trade-off, we identify the optimal range for our MLP models as the models
on the Pareto front with AMAE values between 0.0056 and 0.0060. Within this interval,
inference time has not yet begun to increase significantly, while achieving near-optimal
regression accuracy.

arg min
t∈trials

(√
runtime2

t +3 ·AMAE2
t

)
(5.1)

We select a single representative configuration from the Pareto front by minimizing the
weighted objective function shown in Equation 5.1. We assign higher weight to AMAE
than to inference time. As we will show later, the overall runtime is dominated by the
segmentation step and thus the runtime during the inference stage has limited effect on the
overall performance. The selected configuration is indicated by a blue dot in Figure 5.2.

Hidden Size Layers

704 7

Table 5.1: Model configuration for the chosen Pareto optimal network.

The selected hyperparameters consists of a 704 neurons per layer, with 7 Hidden layers,
as can be seen in Table 5.1. These hyperparameters were relatively high, with respect to the
range of possible hyperparameter options.

AMAE Inference Time (ms) BC RC MSE ARI AMI

0.00588 1.461 0.0588 0.0228 0.00796 0.900 0.851

Table 5.2: Performance metrics for the best-performing configuration.

Table 5.2 summarizes the performance metrics of the selected Pareto-optimal MLP con-
figuration. The model achieved low AMAE values of 0.00588 with an average inference
time of 1.46 ms. High segmentation quality was obtained, as indicated by ARI and AMI
scores of 0.900 and 0.851, respectively, along with low boundary and region consistency
errors (BC = 0.0588, RC = 0.0228).
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Figure 5.3: A parallel coordinate plot showing the impact of the hyperparameters on the
AMAE distance field regression score

Figure 5.3 shows the parallel coordinate plot of the relationship between MLP hyperpa-
rameters and segmentation performance. The plot indicates the correlation between models
with small hidden layer sizes and high losses, as well as correlations between a smaller
layers sizes and higher losses. We see a slightly clearer ordering of AMAE performance
for hidden size, than for the number of layers indicating it to be a slightly more important
parameter.
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Figure 5.4: Hyperparameter Importance for the MLP AMAE calculated using fANOVA
hyperparameter importance evaluation algorithm

Figure 5.4 reports the relative importance of MLP hyperparameters with respect to
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AMAE, computed using the fANOVA hyperparameter importance evaluation algorithm
[26]. The results indicate that hidden layer sizes has a stronger influence on the regression
accuracy than the number of layers, confirming the trends we saw in the parallel coordinate
plot.

Dataset AMAE Inference Time (ms) BC RC MSE ARI AMI

Validation 0.00588 1.461 0.0588 0.0228 0.00796 0.900 0.851
Test 0.00676 1.460 0.0854 0.0490 0.0244 0.838 0.805

Table 5.3: MLP Chosen configuration performance

A comparison between the selected MLP configuration on the validation and test sets
is shown in Table 5.3. As expected, the model performs slightly worse on the held-out
test set compared to the validation set. This indicates limited overfitting and reasonable
generalisation to unseen fractures.
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Figure 5.5: Plot showing the correlation between Adapted Mean Absolute Error and Bound-
ary Chamfer distance

Figure 5.5 visualizes the relationship between regression error (AMAE) and segmenta-
tion performance (Boundary Chamfer distance). A Pearson correlation analysis, as shown
in Table 5.4, shows a correlation coefficient of r = 0.767 with a p-value of 7.05× 10−25.
This statistically significant positive correlation indicates that improvements in regression
error lead to better fracture segmentation performance.

5.2.2 DeltaConv hyperparameter tuning

This subsection analyzes the impact of its hyperparameters on DeltaConv. The hyperpa-
rameters are: the number of convolutional layers, size of convolutional layers, number of
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Metric Value

Correlation coefficient (r) 0.767
P-value 7.05×10−25

Table 5.4: Pearson Correlation Results

MLP layers, embedding size, number of neighbours used, and gradient kernel width. We
ran roughly 150 trails, while again optimizing for both regression accuracy and runtime.

The hyperparameters and their ranges are summarized in Table 5.5. The number of
convolutional layers is limited to six to prevent excessive GPU memory usage. Similarly,
we limit the number of features per convolutional layer to the range of 64-1024 and the
embedding size to 64-2048 to ensure training remains feasible within our hardware budget.
The number of neighbours is varied between 2 and 30 and controls how many k-nearest
neighbours are considered, while the gradient kernel width varies between 1 and 3 and
determines the size of the kernel relative to the average edge length in each shape.

Hyperparameter Lower Bound Upper Bound

Number of Convolutional Layers 1 6
Number of features in Convolutional Layers 64 1024
Number of MLP Layers 1 3
Embedding Size 64 2048
Number of Neighbours 2 30
Gradient Kernel Width 1 3

Table 5.5: DeltaConv Hyperparameter Search Ranges

Training each DeltaConv model requires substantially more time compared to MLP
models. Therefore, the search space for certain hyperparameters was deliberately restricted
to practically relevant ranges. Additionally, hyperparameters such as the number of convo-
lutional layers were limited to prevent excessive VRAM consumption, which could lead to
CUDA memory issues in our setup.
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Figure 5.6: Plot showing the Pareto front for DeltaConv plotting inference time (ms) against
Validation AMAE during Optuna Optimization

Figure 5.6 shows the Pareto front of the DeltaConv model, illustrating a trade-off be-
tween AMAE and inference time. Each dot represents an Optuna run with varying param-
eters. The curve indicates that trials with AMAE scores below approximately 0.007 start to
have inference times exceeding 10 ms, while trials with runtimes close to 1 ms start to have
errors exceeding 0.008. We selected the representative trial from the Pareto front using the
same weighted objective function as for the MLP, shown in Equation 5.1.

Number of
Convolutional Layers

Conv Layer
Size

Embedding
Size

Number of MLP
Layers

Number of
Neighbours

Grad Kernel
Width

2 292 343 1 5 2

Table 5.6: Hyperparameters for the chosen Pareto Optimal DeltaConv model: number of
convolutional layers, convolutional layer size, embedding size, number of MLP layers,
neighbourhood size, and gradient kernel width.

The hyperparameters of the selected DeltaConv configuration are presented in Table 5.6.
The model employs two convolutional layers with 292 features each, an embedding dimen-
sion of 343, and a single MLP layer for these embeddings. Furthermore, five neighbours
were used, and the kernel width was set to a value of 2. Overall, these hyperparameter
choices are on the lower end of the ranges explored during testing, reflecting the trade-of
between regression accuracy and computational cost for our real-time system.

Table 5.7 reports the performance of the selected DeltaConv configuration on the val-
idation and test sets. The results indicate consistent behaviour across both splits, with an
expected modest decrease in regression quality on the held-out test set. Interestingly, the
segmentation performance is actually higher for the test set.
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Dataset AMAE Inference Time (ms) BC RC MSE ARI AMI

Validation 0.00737 2.711 0.189 0.128 0.0222 0.720 0.726
Test 0.00876 2.762 0.172 0.119 0.0348 0.738 0.734

Table 5.7: DeltaConv Chosen configuration performance
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Figure 5.7: A parallel coordinate plot showing the impact of the hyperparameters on the
loss for DeltaConv

Figure 5.7 presents a parallel coordinate plot for the relationship between DeltaConv
hyperparameters and validation AMAE. although multiple parameters vary simultaneously,
certain trends are evident. We observe that configurations with a low number of neighbours
are associated with higher AMAE values. In addition, we observe that DeltaConv models
with 3 MLP layers include many runs with poor AMAE values.
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Figure 5.8: Plot showing parameter importance for DeltaConv for each metric

Figure 5.8 reports the fANOVA-estimated [26] importance of the DeltaConv hyperpa-
rameters with respect to each evaluated performance metric. Convolutional layer size and
the number of convolutional layers are the dominant factors influencing inference time. A
clear distinction is observed for parameter importance between metrics that measure regres-
sion accuracy (AMAE and MSE) and those that measure segmentation performance (BC,
RC, ARI and AMI).

For the regression metrics, all parameters seem to contribute comparable importance,
indicating that either multiple parameters jointly influenced the distance field prediction or
that the available data was insufficient for fANOVA to isolate dominant factors. In contrast,
the number of neighbours is consistently the most influential parameter for segmentation
quality across all segmentation metrics.

5.2.3 Comparing MLP and DeltaConv

This subsection compares the performance of the MLP and DeltaConv with respect to re-
gression and segmentation accuracy, as well as computational efficiency. The comparison
is performed by analyzing the respective Pareto fronts and by evaluating the performance
of the selected configurations identified in the previous subsections.
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Figure 5.9: Plot showing the Pareto front for both the MLP and DeltaConv plotting inference
time (s) against validation loss using logarithmic axis.

Figure 5.9 presents an overlapped view of the Pareto front of both the MLP and Delta-
Conv. The MLP consistently achieves lower validation AMAE at comparable or lower in-
ference times. While we anticipated the MLP to have a runtime advantage due to its simpler
architecture, the observed regression performance of DeltaConv remains consistently lower
across the explored hyperparameter ranges for the fixed-mesh setting considered here.

Model AMAE ↓ Inference Time (ms) ↓ BC ↓ RC ↓ MSE ↓ ARI ↑ AMI ↑

MLP 0.00676 1.460 0.0854 0.0490 0.0244 0.838 0.805
DeltaConv 0.00876 2.762 0.172 0.119 0.0348 0.738 0.734

Table 5.8: Pareto Chosen configuration Evaluation Metrics

Table 5.8 compares the selected Pareto-optimal configurations of the MLP and Delta-
Conv architectures on the held-out test set. The MLP performs better at regressing the
distance field and has lower segmentation error across all reported metrics while requiring
approximately half the inference time.

Figure 5.10 visualizes the predicted distance fields for both MLP and DeltaConv, while
also showing the ground-truth. The displayed examples show that both methods capture
the overall fracture boundary structure, with both methods producing the same incorrect
fracture in the third column. However, as shown below each image, the MLP produces
lower average per-vertex AMAE values in the majority of the cases.
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Figure 5.10: UDF prediction comparison between DeltaConv and MLP. Values below each
example show average per-vertex AMAE. White indicates vertices near the fracture bound-
ary (low UDF), red indicates vertices farther away (high UDF). Columns use constant im-
pulse information.

5.2.4 Investigating the slow inference speed of DeltaConv

This subsection analyzes the factors that contribute to the higher inference time of the Delta-
Conv architecture. In addition to increased memory consumption, which limits the feasi-
ble model size, DeltaConv exhibits significantly longer runtimes compared to the MLP. To
identify computational bottlenecks, we synchronized CUDA execution between individual
submodules of the DeltaConv forward pass and recorded their execution times during vali-
dation.

Table 5.9: Runtime breakdown (milliseconds) of a DeltaConv model with 3 layers and 500
layer size. Runtime breakdown is per subcomponent

Component Default (ms) Optimized (ms)

DeltaNet — internal breakdown
k-NN Graph + Matrix Build 4.24 0.10
Value Retrieval 0.15 0.11
DC Layer, Iteration 1 1.90 1.90
DC Layer, Iteration 2 4.60 4.60
DC Layer, Iteration 3 1.70 1.70
Subtotal (DeltaNet) 12.59 8.41

Concatenation 1 0.07 0.06
Global Embedding MLP 0.22 0.22
Pooling 0.34 0.44
Concatenation 2 0.08 0.08
Output MLP 0.35 0.35
Total (top-level) 13.65 9.56
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Table 5.9 reports a component-wise runtime breakdown for a DeltaConv configuration
with three convolutional layers of width 500, comparing the default implementation with
an optimized version in which the k-nearest neighbour graph and operator matrices are
precomputed.

Pre-computing these components improved performance by approximately 4 ms, pri-
marily by eliminating the repeated k-NN graph construction and matrix creation. The
DeltaConv layers themselves still remain the largest contributors to runtime. In the opti-
mized configuration the three convolutional layers account for 88% of the total inference
time.

Interestingly, the second iteration of the DC layer takes almost 3 times as much time
as the two outer layers. This suggests that these inner layers are more costly due to prop-
agations of vectors between layers. Since the majority of the runtime is spent on the con-
volutional layers themselves, opportunities for further optimization using pre-processing is
limited.

5.3 Comparing segmentation methods

In this section, we evaluate the performance of the segmentation methods when applied to
predicted unsigned distance fields. The methods are compared with respect to segmentation
accuracy and computational efficiency. Additionally, we compare how the segmentation
methods differ predicting unsigned distance fields for both MLP and DeltaConv, whose
performance can be seen in Table 5.10.

We compared 5 segmentation methods, Watershed segmentation, Region growing, K-
Means, Hierarchical segmentation and Felzenszwalb segmentation. These methods takes as
input the ground-truth mesh and the predicted UDF.

Model AMAE MSE Seg. Method Duration (ms) RC BC ARI AMI
DeltaConv 0.0087 0.034 Felzenszwalb 80.20 0.244 0.177 0.516 0.555

Hierarchical 359.4 0.411 0.104 0.749 0.623
K-Means 68.27 0.262 1.201 0.014 0.094
Region Growing 363.5 0.056 0.109 0.835 0.814
Watershed 26.80 0.111 0.157 0.754 0.743

MLP 0.0071 0.024 Felzenszwalb 672.8 0.236 0.164 0.533 0.569
Hierarchical 357.1 0.395 0.075 0.802 0.670
K-Means 66.86 0.265 1.191 0.017 0.097
Region Growing 328.7 0.034 0.057 0.892 0.866
Watershed 23.66 0.043 0.080 0.855 0.816

Table 5.10: Performance comparison of models across segmentation methods with dura-
tions in milliseconds (three significant digits), with best-performing values highlighted.

Table 5.10 reports the segmentation accuracy and runtime for all segmentation methods
applied to distance fields produced by both learning models. K-Means performs consis-
tently poorly for both models across all segmentation metrics for both models. Region
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5.3. Comparing segmentation methods

Growing achieves the highest segmentation accuracy, followed by Watershed and Hierar-
chical segmentation.

Hierarchical segmentation performs well for all segmentation metrics, apart from Re-
gion Chamfer where it performs even worse than K-Means. Out of the top performing
methods, Watershed has a substantially faster runtime compared to Region Growing and
Hierarchical. Felzenszwalb is consistently worse than the top 3 methods, while performing
better K-Means.

All methods, apart from K-Means, consistently perform better on the MLP than on
DeltaConv for all segmentation metrics. The segmentation methods have very similar run-
time between MLP and DeltaConv output, apart from Felzenszwalb which is significantly
slower on MLP data.

Segmentation Consistency

Table 5.11 reports how consistently our methods meet our segmentation threshold. This
data agrees with what we saw before: Hierarchical, Region Growing and Watershed all
perform well and the differences in consistency are marginal. Region Growing has both the
highest average and consistency in meeting the threshold. Hierarchical has the third highest
average, but meets the threshold with a slightly higher consistency than Watershed, which
on average performs better.

Method Accuracy (ARI) Threshold percentage

Felzenszwalb 0.533 7 %
Hierarchical 0.802 86 %
K-Means 0.014 0 %
Region Growing 0.892 88 %
Watershed 0.855 85 %

Table 5.11: Comparison between average ARI values and percentage of ARI values meeting
our threshold of 0.7 on the bunny mesh test set for each segmentation method

Results for the MLP model

Figure 5.11 shows segmentation outputs for all segmentation methods based on MLP pre-
dicted distance fields. We observe that, while looking at columns 1, 2, and 4, Region Grow-
ing, Watershed and Hierarchical Segmentation perform best. These methods create segmen-
tations that closely resemble the ground-truth. In column 5, we observe that these methods
all incorrectly segment the ears, which are not present in the ground-truth segmentation.
However, the MLP incorrectly predicts an ear fracture. Similarly, in column 3, the MLP
incorrectly predicts a fracture through the body itself, which yields incorrect segmentations
compared to the ground-truth.

K-Means produces incorrect segmentations across all examples. Felzenszwalb produces
somewhat plausible segmentations, but always segments the ears, even in cases where the
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distance field does not predict fractures in these areas, resulting in unstable fracture predic-
tions.

Results for the DeltaConv model

Figure 5.12 shows the same image grid, but instead using DeltaConv model predictions.
Region growing, Watershed, and Hierarchical segmentation perform well in columns 1 and
4. Contrary to the MLP, the segmentation models struggle to segment the distance field for
column 2, where Region growing and Hierarchical segmentation cannot find a segmentation
at all. DeltaConv, like the MLP, also incorrectly predicts a full body fracture in column 3
and an incorrect ear fracture in column 5, which can be seen in the resulting segmentations.

As with the MLP, K-Means does not create any comprehensive fractures, while Felzen-
szwalb creates comprehensible fractures, but produces a lot of over-segmentation close to
the ears.

5.4 Comparing various meshes

Table 5.12 presents the segmentation performance of the evaluated methods for different
shapes, including standard deviations for all metrics. Since the MLP previously outper-
formed DeltaConv, only the MLP results are reported here. Image grids containing non-
bunny meshes can be found in Appendix A.

Method Bunny Chair Vase

AMAE 0.00645 0.01710 0.00956

Duration (ms ↓) BC (↓) ARI (↑) Duration (ms ↓) BC (↓) ARI (↑) Duration (ms ↓) BC (↓) ARI (↑)
Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Felzenszwalb 667.50 36.3 0.162 0.15 0.531 0.20 19.10 0.25 0.270 0.14 0.240 0.21 9.04 12.6 0.321 0.09 0.002 0.02
Hierarchical 353.10 27.9 0.075 0.11 0.806 0.21 8.60 8.89 0.090 0.12 0.670 0.34 2.86 0.21 0.068 0.04 0.432 0.25
K-Means 64.20 31.5 1.194 0.23 0.018 0.04 5.50 8.43 0.510 0.18 0.120 0.10 4.25 12.5 0.640 0.09 0.003 0.01
Region Growing 325.50 64.5 0.060 0.12 0.893 0.22 20.30 4.05 0.120 0.11 0.710 0.32 11.45 0.83 0.128 0.11 0.224 0.22
Watershed 24.40 23.4 0.077 0.11 0.867 0.22 4.00 11.3 0.130 0.14 0.620 0.30 1.58 0.12 0.137 0.07 0.264 0.17

Table 5.12: Structured comparison of methods across Bunny, Chair, and Vase with segmen-
tation metrics. Best mean values per object are bolded (excluding constant AMAE).

For these experiments, we measured Boundary Chamfer (BC) distance to assess the
correctness of the fracture lines and Adjusted Rand Index (ARI) to assess the correctness of
the segmentation.

For the bunny mesh, a newly trained model was used, resulting in slightly different but
comparable data to earlier experiments. Watershed achieved the lowest runtime on average.
Its runtime standard deviation was nearly equal to the mean, indicating that while some runs
were faster, a smaller number took considerably longer. Among the methods, watershed still
had the lowest runtime standard deviation. For BC, the standard deviations were similar
across most methods, with k-means notably higher and Felzenszwalb slightly higher than
the others. For ARI, standard deviations were also similar, with k-means showing a lower
deviation due to its consistently poor performance.

For the chair mesh, results were similar to the bunny but with some differences. Wa-
tershed remained the fastest method, though its runtime was closer to that of k-means and
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gt udf

ground truth ground truth ground truth ground truth ground truth

predicted

0.001 0.004 0.045 0.002 0.010

gt labels
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Region Growing

0.937 0.838 0.334 0.862 0.868

Watershed

0.902 0.761 0.321 0.791 0.803

Hierarchical

0.755 0.459 0.192 0.544 0.586

K-Means

0.098 0.084 0.017 0.118 0.077

Felzenszwalb

0.621 0.326 0.334 0.292 0.749

Figure 5.11: Segmentation results with the MLP. Rows (top to bottom): ground-truth un-
signed distance field (UDF), predicted UDF, ground-truth segmentation, and results from
region growing, watershed, hierarchical, k-means, and Felzenszwalb. Columns: dataset
samples. In UDFs, white = near fracture, red = far. Segmentation colors are arbitrary and
only distinguish regions. Numbers indicate Rand index for segmentations (higher is better)
and AMAE for UDFs (lower is better). Red dots mark impact points.
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gt udf

ground truth ground truth ground truth ground truth ground truth

predicted

0.002 0.017 0.045 0.011 0.014

gt labels

ground truth ground truth ground truth ground truth ground truth

Region Growing

0.937 0.000 0.322 0.919 0.853

Watershed

0.902 0.101 0.322 0.332 0.797

Hierarchical

0.735 0.000 0.195 0.514 0.560

K-Means

0.097 0.085 0.019 0.145 0.110

Felzenszwalb

0.597 0.304 0.328 0.241 0.749

Figure 5.12: Segmentation results with DeltaConv. Rows (top to bottom): ground-truth
unsigned distance field (UDF), predicted UDF, ground-truth segmentation, and results from
region growing, watershed, hierarchical, k-means, and Felzenszwalb. Columns: dataset
samples. In UDFs, white = near fracture, red = far. Segmentation colors are arbitrary and
only distinguish regions. Numbers indicate Rand index for segmentations (higher is better)
and AMAE for UDFs (lower is better). Red dots mark impact points.
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hierarchical clustering. Watershed also had the highest runtime standard deviation for this
mesh. In terms of BC, hierarchical outperformed both watershed and region growing. For
ARI, region growing achieved the highest performance, with hierarchical ranking second.
On this smaller mesh, hierarchical was more competitive with watershed in terms of run-
time.

For the vase mesh all segmentation methods performed quite poor, with k-means again
performing the worst. Watershed was the fastest method, with a very low runtime stan-
dard deviation. For BC, hierarchical outperformed the other methods. For ARI, hierarchi-
cal again achieved the best performance. On this mesh, hierarchical provided the overall
strongest segmentation results.

5.5 Investigating Dataset Impact

In this section, we examine the influence of the dataset characteristics on the performance
of our models. We compare the performance across multiple datasets that differ only in
the resolution or size of the underlying mesh, while keeping all other experimental condi-
tions constant. This approach allows us to isolate the effect of dataset scale and assess its
contribution to model and segmentation performance.

Table 5.13 presents the performance of each segmentation method on the bunny mesh
at varying resolutions. The meshes used were: the original (1×) with approximately 3,300
vertices, a 3× subdivided version with about 9,900 vertices, and a 9× subdivided version
with around 29,000 vertices. The higher resolution meshes were generated in Blender using
the Subdivide operation, which splits each triangle into three smaller ones while preserving
the overall geometry. This changes the mesh density, allowing for a consistent comparison
of the segmentation runtime relative to the number of vertices. Vertices were used as the
metric indicating mesh size, as our segmentation methods generate a mesh-level labelling.

Segmentation Method 1× (3.3k vert.) 3× (9.9k vert.) 9× (29.3k vert.)

Felzenszwalb 672 ms 5,895 ms 50,666 ms
Hierarchical 357 ms 2,859 ms 26,133 ms
K-Means 67 ms 375 ms 2,631 ms
Region Growing 328 ms 1,671 ms 12,026 ms
Watershed 24 ms 62 ms 214 ms

Table 5.13: Segmentation runtime comparison on the bunny mesh at increasing resolutions.
The meshes contain approximately 3.3k, 9.9k, and 29.3k vertices, corresponding to the
original (1×), 3× subdivided, and 9× subdivided versions created in Blender.

We observe that Watershed is consistently the fastest segmentation method across all
mesh resolutions. For the original mesh (3.3k vertices), it achieves a runtime of 24 ms,
increasing to 62 ms for the 3× mesh (9.9k vertices) and 214 ms for the 9× mesh (29.3k
vertices). This indicates a near-linear scaling with mesh size. Although Watershed never
meets our 17 ms target threshold, it consistently comes closest among all tested methods.
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K-Means is the second fastest, as discussed earlier, its segmentation performance is
very poor. Region Growing, which previously performed the slowest on the vase and chair
meshes, now ranks in the mid-range, with runtimes of 328 ms, 1,671 ms, and 12,026 ms
across the three mesh sizes. Hierarchical segmentation performs slower than expected,
requiring about 357 ms, 2,859 ms, and 26,133 ms respectively. Finally, Felzenszwalb is by
far the slowest, reaching 50,666 ms at the highest resolution.

Overall, while Watershed demonstrates the best runtime performance and scalability,
none of the evaluated methods satisfy the real-time constraint of 17 ms.

# Vertices AMAE MSE Seg. Method Duration (ms) RC BC ARI AMI
3302 0.0071 0.0242 Felzenszwalb 672.8 0.236 0.164 0.533 0.569

Hierarchical 357.1 0.395 0.075 0.802 0.670
K-Means 66.86 0.265 1.191 0.017 0.097
Region Growing 328.7 0.034 0.057 0.892 0.866
Watershed 23.66 0.043 0.080 0.855 0.816

9902 0.0044 0.0089 Felzenszwalb 5895 0.276 0.266 0.447 0.518
Hierarchical 2859 0.371 0.053 0.835 0.653
K-Means 375.1 0.258 1.274 0.023 0.012
Region Growing 1671 0.345 0.061 0.793 0.694
Watershed 62.52 0.084 0.067 0.857 0.834

29300 0.0044 0.0050 Felzenszwalb 50666 0.348 0.504 0.247 0.369
Hierarchical 26132 0.370 0.045 0.838 0.620
K-Means 2631 0.255 1.254 0.021 0.110
Region Growing 12026 0.370 0.047 0.814 0.648
Watershed 214.5 0.284 0.336 0.333 0.437

Table 5.14: Performance comparison of models across segmentation methods and mesh
sizes represented by the number of vertices, with durations in milliseconds (three significant
digits).

Table 5.14 shows all performance metrics across the three bunny mesh resolutions. A
clear improvement in AMAE is observed when increasing from the 1× to the 3× mesh, after
which the performance stabilizes for the 9× version. In contrast, MSE continues to improve
consistently across all resolutions.

As previously discussed, Watershed achieves the best runtime performance at all scales.
In terms of segmentation quality, the 1× mesh shows Region Growing as the top performer,
with Watershed and Hierarchical close behind. For the 3× mesh, Watershed attains the high-
est RC, ARI, and AMI, while Hierarchical performs best in BC. On the 9× mesh, K-Means
unexpectedly reports the lowest RC, while still performing poorly in all other metrics. In
contrast Hierarchical achieves the best BC and ARI, and Region Growing yields the best
AMI. Watershed shows a noticeable decrease in segmentation accuracy at this resolution.
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Chapter 6

Discussion

This chapter presents a discussion of the results obtained in chapter 5 and outlines the
limitations of the proposed method. In addition, it highlights several potential directions for
future work, including the use of improved datasets and alternative fracture representations.

6.1 Comparing between convolutional models and MLP

Both models successfully learned the impulse-dependent fracture patterns and produced
outputs suitable for our segmentation approach. However, the MLP consistently outper-
formed DeltaConv in both inference time and segmentation accuracy. Therefore, we con-
sider the MLP the more suitable choice for real-time fracture prediction in our setting.

We believe DeltaConv performs poorly in this segmentation task because it is primar-
ily designed to represent and understand geometric variations across different shapes. We
tested if this ability would transfer to understanding different segmentations of the same
shape under varying impulses, however, this was not the case. We were unable to use Delta-
Conv’s multi-mesh capabilities for multi-impulse prediction on a single mesh.

Finally, we cannot conclude that convolutional networks, in general, are less effective
than MLPs for this type of task. Further experiments with additional architectures and
configurations would be required to make such a determination. We can however conclude
that DeltaConv is less suitable than the MLP for predicting impulse-dependent distance
fields in our current setup.

Compared to DeepFracture [79], which relies on autoencoders and requires up to a
minute, our surface-based method nearly achieves real-time performance on small meshes,
at the cost of not supporting internal fractures. Kim et al. instead directly learn the fracture
labels using point-transformers, omitting the distance field and segmentation. Their method
generalizes to unseen meshes, but does not work with impulse-dependent fractures. A di-
rect comparison to our method is not possible, as the authors do not report their run-time
performance.

Our real-time constraints favoured a MLP, outperforming DeltaConv. Whether autoen-
coders and point-based transformers offer advantages in a real-time setting is left for future
work.
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6.2 Comparing segmentation methods

All tested segmentation methods performed better on the output of the MLP model, com-
pared to DeltaConv. While Hierarchical segmentation, region growing, and watershed each
had the best performance for different metrics, watershed emerged as the most suitable
method for a real-time setting.

Watershed consistently had the lowest runtime while performing comparably to the
other methods. Although there are cases where Region Growing and Hierarchical Seg-
mentation had better segmentation accuracy, these were marginal differences relative to
Watershed’s computational cost. Felzenszwalb and K-Means consistently performed poorly
across all evaluated shapes and metrics.

Hierarchical segmentation tended to perform better under the Adjusted Rand Index than
the Boundary Chamfer metric. Since ARI is less sensitive to small noisy regions, this
suggests that Hierarchical segmentation produces many fragmented small regions. Since
it was implemented without a merge step, performance improvements may be possible in
this area.

All segmentation methods were evaluated using a single parameter configuration across
all shapes, as we prioritized usability over shape-specific tuning, which would be impracti-
cal for real users.

DeepFracture employed Watershed segmentation for volumetric (3D) data, and using
our results we come to the same conclusion for surface meshes [24, 39].

However, Watershed’s runtime increases with mesh size, which constrains our ability
to meet strict latency targets. These considerations motivate an alternative design: learning
the segmentation directly rather than predicting a distance field followed by post-processing.
By eliminating a separate segmentation stage, this strategy could reduce computational costs
and allow for the use of more expressive models under the same real-time constraints.

6.3 The impact of the dataset and mesh sizes

Overall, as shown in Table 5.14, Watershed’s segmentation quality declines noticeably with
higher mesh resolutions, despite maintaining the best runtime performance. Region Grow-
ing remains consistent across scales but is significantly slower. Hierarchical segmenta-
tion appears to improve with increasing mesh size, suggesting better scalability for detailed
meshes, though its runtime becomes unrealistic for interactive or game-engine use. Felzen-
szwalb segmentation and K-Means consistently produce worse segmentation quality.

Increasing the number of data points and mesh resolutions leads to better predictive
accuracy, with both AMAE and MSE scores improving significantly. This suggests that
better sampling methods, such as sampling triangle surfaces instead of only vertices, can
help improve performance.
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6.4 Learning impulse dependent distance field to represent
fracture patterns in real-time

To answer our main research question, we developed a framework capable of predicting and
segmenting impulse-dependent distance fields in real time for a single mesh. Using a com-
bination of a Multi-Layer Perceptron (MLP) and Watershed segmentation, we successfully
met the real-time constraint for the Vase and Chair meshes. However, the framework did
not meet this requirement for the Bunny mesh, where we narrowly exceeded the real-time
threshold

In terms of accuracy, the framework is able to reproduce fractures similar to the ground
truth in up to 88 % of cases, depending on the mesh and segmentation algorithm used. On
average, the accuracy threshold was met in two out of three tested meshes, indicating that
the approach shows strong potential. However, this also means that at least 12 % of the gen-
erated fractures still differ significantly from the ground truth. While these results demon-
strate that the framework can effectively encode and reproduce realistic, human-believable
fractures at a high success rate, this visual quality comes at a notable computational cost.

Most experiments were conducted on relatively small meshes, yet even in these cases
the framework struggled to achieve real-time performance. When tested on larger datasets,
the segmentation methods required up to a full minute to process a single mesh, clearly
exceeding the limits of real-time applicability. Even the fastest methods failed to meet the
established real-time threshold, confirming that segmentation remains the primary com-
putational bottleneck. Potential solutions include employing machine learning–based seg-
mentation algorithms or optimizing existing implementations, though these challenges are
expected to persist to some extent. Our findings indicate that distance-field-based fracture
prediction is feasible for small meshes, but not for larger meshes in a real-time context.

6.5 Limitations and Future Work

Dataset generation

The dataset and its generation pipeline have several limitations. Most notably, the prefrac-
turing step limits the outcomes to a set of finite candidate crack surfaces. This discretization
reduces the diversity of fractures represented in the data and may bias the learned models
toward those predefined patterns, creating repeating fracture lines.

A logical improvement is to construct a more realistic dataset using physics-based frac-
ture simulations that better capture material behaviour and crack evolution. Our current
generation algorithm is optimized for real-time performance, rather than physical fidelity,
limiting its realism. Physics-based simulations would produce richer and more diverse frac-
tures. This would increase the computational cost for generating the dataset, but as a pre-
computational step this would definitely be worth it. In case new public datasets suitable
for our purpose were to be created, they could also be used, though none exist as of now.
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Dataset Mapping stage

We employ a simple mapping algorithm that attempts to aligns only the extremes and as-
sumes that this suffices to match the meshes. However, since the simulation mesh is a down-
sampled version of the original mesh, certain geometric details, such as small extrusions,
may be simplified or lost. This can disrupt the correspondence between the ground-truth
and simulation meshes. Even minor errors can lead to incorrect labeling and produce unre-
alistic ground truths. This issue is particularly evident for the vase model, where the inner
and outer surfaces of the mesh are in close proximity.

It is important that this limitation is addressed, as in its current form some meshes cannot
be reliably used. Ideally, the label information would be generated directly on the ground-
truth mesh, removing the need for the mapping stage altogether. This would substantially
simplify the pipeline and yield cleaner data for learning. If this is not feasible, the use of
more sophisticated and accurate mapping methods is strongly recommended.

Biased dataset

Because our objective is to learn fracture patterns, we exclude all simulated outcomes in
which no fracture occurs, which happens quite often when generating a dataset with Break-
ing Good. Non-fracture cases occur disproportionately when impacts are located at regions
not identified by Breaking good as weak. Therefore, this filtering produces an uneven dis-
tribution of impact-point–fracture-pattern pairs. In effect, the dataset is biased toward struc-
turally weaker areas, and models trained on it become more likely to predict fractures at
those locations, amplifying weaker regions to be even more likely to fracture.

Figure 6.1: Visualization of biased dataset after discarding non-fracture inputs. We show
the impact positions of all samples in our dataset.
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For example, in the bunny mesh shown in Figure 6.1, the structurally weaker ears have a
dense concentration of training datapoints, whereas the body, despite being larger, is struc-
turally stronger and therefore has substantially fewer impact positions. Consequently, there
occur a disproportionate amount of ear fracture, as we observed in the example fractures in
the previous chapter.

As a consequence, the models regress well-formed fractures on the bunny’s ears but can
struggle to generate complete fractures elsewhere, such as a mid-body break. This happens
partly because the ears are thin and therefore need shorter fracture line to be fully formed,
whereas larger fractures, such as full body breaks, require longer unobstructed fracture lines
to remain continuously connected. But this also happens because these longer fractures are
underrepresented in the training data.

Evaluating Learning Architectures

Contrary to our expectations, the convolutional model did not demonstrate a performance
improvement over the MLP, we actually saw the opposite. Due to time constraints, only
DeltaConv was evaluated. To better assess whether this observation holds for convolutional
architectures in general, it would have been preferable to test additional models, such as the
various iterations of PointNet [52, 53, 82].

Further investigation is also warranted into whether architectures beyond convolutional
models and MLPs offer performance advantages. Autoencoders, for instance, have been ap-
plied successfully in mesh segmentation tasks [83, 44] and in DeepFracture [24]. Exploring
their applicability in real-time scenarios would be an interesting direction for future work.

Applicability to real-time

Our approach is promising for interactive settings, but scalability to real-time is limited,
particularly on large meshes. The segmentation stage dominates the runtime, which makes
regressing and segmenting a distance field a poor fit for real-time scenarios.

To address this, future work should focus on directly learning the fracture labels, omit-
ting the segmentation stage altogether. Other options could be using light-weigh neural
segmentation modules or using pre-partitioned meshes (e.g. Voronoi cells) to trade realism
for improved performance.

Metrics and validating performance

Evaluating fracture prediction quality is nontrivial. There is no single, concise measure
that captures both geometric fidelity and perceived realism. Although our models aim to
reproduce exact fracture patterns, multiple plausible outcomes may be acceptable, or even
preferable, from a user’s perspective.

We experimented with point-cloud similarity metrics to quantify how closely the pre-
dicted segmentations match the ground truth. While these measures are convenient, they do
not assess whether a result looks physically plausible to human observers. A prediction can
be geometrically close yet appear “off,” and, conversely, a fracture in a different region can
still be acceptable in interactive settings.
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To better target crack placement, we also evaluate with a boundary Chamfer metric that
measures the distance between the predicted fracture curve and the ground-truth fracture
line. This improves sensitivity to local alignment but remains blind to important topological
effects: small boundary shifts can produce very different outcomes. For example, in the
bunny model, a boundary that detaches both ears can be very similar to one that detaches
only a single ear, producing a low error despite a perceptually unrealistic result for the
intended scenario. These limitations suggest that, for robust validation, a combination of
mesh-aware metrics and human perception is needed.

Refracturing and generalization

The current approach is fixed for a single mesh: we train a separate model for each mesh
and do not target cross-mesh generalization. As a result, the method does not support re-
fracturing. After an initial break, the geometry and topology change, and the model is not
designed to update its predictions for following fractures.

This lack of generalization has practical consequences. Users would need to maintain
and switch between multiple mesh-specific models at runtime, which may introduce loading
overhead, memory consumption, and code complexity. These factors can undermine the
responsiveness required for real-time systems.

Our current approach trains a separate model for a single mesh. A more follow-up goal
is a single model that generalizes across meshes with varying topologies, scales, and ma-
terial properties. Such a model would remove the need to maintain multiple mesh-specific
models and would reduce the burden of generating datasets for each new asset, at the pos-
sible cost of higher complexity.

This requires mesh encodings that transfer across objects, something DeltaConv actu-
ally supports and we expect convolutional models to outperform MLPs on.

Direct Comparisons

The authors of DeepFracture did not provide their dataset for us to compare to, nor did they
provide a codebase for us to run. Ideally, we would have run their method with all our
metrics, so a direct comparison would have been possible, but this was unfortunately not
provided publicly.

Segmentation strategies

The segmentation stage remains the primary bottleneck. On small meshes, current methods
are feasible for strict real-time budgets, but on larger meshes they are unlikely to reach real-
time speeds. Rewriting the critical parts in a compiled language could make things faster,
but it probably won’t eliminate the bottleneck entirely.

We identify three directions for reducing the segmentation bottleneck: (i) learn labels
directly, removing the separate segmentation stage; (ii) investigate ML-based segmentation
methods that can operate at interactive rates; and (iii) use the UDF solely as an internal
representation within the network rather than an explicit output requiring post-processing.
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Impulse representation

Further work is needed on how the impulse is represented and passed to the system. In the
current approach, the impulse is simply appended to all mesh coordinates. Alternatively,
the impulse could be passed into the model as a separate vector, which could in turn be pre-
processed similarly to how the latent vector in image generation model such as StyleGAN3
[29] is handled. Another possibility is to rotate and translate the mesh in such a way that
impulse direction and impact location are implicitly encoded in the coordinates, removing
the need for an impulse vector altogether.

Furthermore, depending on the dataset, additional impulse-related information may be
available. Providing control over parameters such as impulse strength, as well as incorpo-
rating material properties of the interacting objects, could lead to a more comprehensive
and physically grounded model.
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Chapter 7

Conclusion

This thesis introduced a machine-learning–guided framework for impulse-dependent frac-
ture simulation that operates in real time. We constructed a dedicated dataset to support
learning on surface meshes and proposed quantitative metrics to evaluate performance. Cen-
tral to our approach is a learned unsigned distance field (UDF) defined on the mesh surface;
this field is subsequently processed by a segmentation algorithm to produce fracture labels.

Our study demonstrated that the method reliably produces impulse-dependent fracture
labellings in 2 out of 3 evaluated scenarios. Notably, a comparatively simple MLP proved
more effective than the more complex DeltaConv for learning the surface UDF, outperform-
ing it in both speed and accuracy. Among the segmentation strategies assessed, Watershed
delivered the strongest overall performance. Furthermore, we showed that the current bot-
tleneck for the approach to reach real-time performance is the segmentation step.

Overall, we can currently say that 2D impulse-dependent UDF-guided fractures are not
suitable for real-time video game environments. However, our findings indicate a meaning-
ful advance toward machine-learning-based, impulse-conditioned segmentation in fracture
simulation, with the potential to support faster and more realistic pipelines. We hope this en-
courages more research into machine learning-based fracture segmentation methodologies
and their applicability to real-time scenarios.
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Appendix A

Additional Fracturing Images

This chapter contains additional fracturing image grids for different meshes, similar to Fig-
ure 5.10, 5.11 and 5.12 in chapter 5.

A.1 Chair

Figure A.1 shows the distance field prediction of DeltaConv and MLP for the chair mesh.

gt udf

0.000 0.000 0.000 0.000 0.000

predicted_mlp

0.001 0.032 0.002 0.002 0.107

predicted_deltaconv

0.002 0.016 0.002 0.003 0.028

Figure A.1: UDF prediction comparison between DeltaConv and MLP. Values below each
example show average per-vertex AMAE. White indicates vertices near the fracture bound-
ary (low UDF), red indicates vertices farther away (high UDF).
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A. ADDITIONAL FRACTURING IMAGES

Model AMAE MSE Seg. Method Duration (s) RC BC ARI AMI
DeltaConv 0.0174 0.0195 Felzenszwalb 10.37 0.207 0.263 0.245 0.424

Hierarchical 8.15 0.205 0.074 0.705 0.621
K-Means 6.51 0.136 0.495 0.137 0.242
Region Growing 24.45 0.126 0.110 0.713 0.702
Watershed 3.14 0.106 0.127 0.609 0.650

MLP 0.0169 0.0210 Felzenszwalb 20.82 0.209 0.272 0.250 0.429
Hierarchical 7.85 0.214 0.076 0.731 0.659
K-Means 5.62 0.136 0.490 0.134 0.245
Region Growing 22.69 0.128 0.120 0.715 0.705
Watershed 2.85 0.079 0.081 0.720 0.719

Table A.1: Performance comparison of DeltaConv and MLP models across segmentation
methods. Duration in seconds, best-performing values can be highlighted as needed.
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A.1. Chair

gt udf

ground truth ground truth ground truth ground truth ground truth

predicted

0.001 0.032 0.002 0.002 0.107

gt labels

ground truth ground truth ground truth ground truth ground truth

Region Growing

0.851 0.354 0.832 0.018 0.556

Watershed

0.889 0.338 0.889 0.937 0.590

Hierarchical

0.779 0.251 0.779 0.876 0.513

K-Means

0.222 0.103 0.224 0.419 0.234

Felzenszwalb

0.363 0.275 0.363 0.408 0.781

Figure A.2: Segmentation results with the MLP. Rows (top to bottom): ground-truth un-
signed distance field (UDF), predicted UDF, ground-truth segmentation, and results from
region growing, watershed, hierarchical, k-means, and Felzenszwalb. Columns: dataset
samples. In UDFs, white = near fracture, red = far. Segmentation colors are arbitrary and
only distinguish regions. Numbers indicate Rand index for segmentations (higher is better)
and AMAE for UDFs (lower is better). Red dots mark impact points.
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A. ADDITIONAL FRACTURING IMAGES

gt udf

ground truth ground truth ground truth ground truth ground truth

predicted

0.002 0.016 0.002 0.003 0.028

gt labels

ground truth ground truth ground truth ground truth ground truth

Region Growing

0.853 -0.006 0.874 0.880 0.778

Watershed

0.889 0.341 0.889 0.937 0.801

Hierarchical

0.770 0.103 0.760 0.843 0.691

K-Means

0.228 0.194 0.235 0.444 0.193

Felzenszwalb

0.363 0.255 0.363 0.409 0.774

Figure A.3: Segmentation results with DeltaConv. Rows (top to bottom): ground-truth
unsigned distance field (UDF), predicted UDF, ground-truth segmentation, and results from
region growing, watershed, hierarchical, k-means, and Felzenszwalb. Columns: dataset
samples. In UDFs, white = near fracture, red = far. Segmentation colors are arbitrary and
only distinguish regions. Numbers indicate Rand index for segmentations (higher is better)
and AMAE for UDFs (lower is better). Red dots mark impact points.
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A.2. Vase

A.2 Vase

gt udf

0.000

Ver 4

0.000

Ver 12

0.000

Ver 21

0.000

Ver 27

0.000

Ver 39

predicted_mlp

0.006 0.022 0.005 0.002 0.028

predicted_deltaconv

0.011 0.017 0.011 0.006 0.030

Figure A.4: UDF prediction comparison between DeltaConv and MLP. Values below each
example show average per-vertex AMAE. White indicates vertices near the fracture bound-
ary (low UDF), red indicates vertices farther away (high UDF).

Model AMAE MSE Seg. Method Duration (s) RC BC ARI AMI
DeltaConv 0.0122 0.0081 Felzenszwalb 6.63 0.029 0.289 -0.007 0.004

0.0117 0.0062 Hierarchical 3.02 0.272 0.068 0.457 0.379
0.0117 0.0062 K-Means 3.46 0.213 0.641 0.003 0.042
0.0120 0.0066 Region Growing 12.38 0.205 0.148 0.228 0.136
0.0109 0.0040 Watershed 1.85 0.060 0.091 0.508 0.384

MLP 0.0097 0.0063 Felzenszwalb 7.60 0.034 0.313 -0.001 -0.000
0.0093 0.0050 Hierarchical 2.88 0.257 0.068 0.435 0.366
0.0093 0.0050 K-Means 4.19 0.218 0.637 0.005 0.043
0.0094 0.0058 Region Growing 11.68 0.168 0.118 0.282 0.175
0.0092 0.0032 Watershed 1.71 0.087 0.118 0.297 0.153

Table A.2: Performance comparison of DeltaConv and MLP models across segmentation
methods using values from the screenshot. Duration in seconds.
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A. ADDITIONAL FRACTURING IMAGES

gt udf

0.000

Ver 4

0.000

Ver 12

0.000

Ver 21

0.000

Ver 27

0.000

Ver 39

predicted

0.006 0.022 0.005 0.002 0.028

gt labels

0.000 0.000 0.000 0.000 0.000

Region Growing

0.289 0.056 0.195 0.000 0.000

Watershed

0.218 0.000 0.000 0.000 0.000

Hierarchical

0.312 0.622 0.000 -0.006 0.399

K-Means

0.026 0.178 0.026 0.032 0.143

Felzenszwalb

-0.003 -0.016 0.000 0.000 0.000

Figure A.5: Segmentation results with the MLP. Rows (top to bottom): ground-truth un-
signed distance field (UDF), predicted UDF, ground-truth segmentation, and results from
region growing, watershed, hierarchical, k-means, and Felzenszwalb. Columns: dataset
samples. In UDFs, white = near fracture, red = far. Segmentation colors are arbitrary and
only distinguish regions. Numbers indicate Rand index for segmentations (higher is better)
and AMAE for UDFs (lower is better). Red dots mark impact points.
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A.2. Vase

gt udf

0.000

Ver 4

0.000

Ver 12

0.000

Ver 21

0.000

Ver 27

0.000

Ver 39

predicted

0.011 0.017 0.011 0.006 0.030

gt labels

0.000 0.000 0.000 0.000 0.000

Region Growing

0.462 0.475 0.567 0.000 0.036

Watershed

0.000 0.000 0.000 0.000 0.000

Hierarchical

0.466 0.671 0.352 0.680 0.417

K-Means

0.016 0.164 0.024 0.025 0.116

Felzenszwalb

-0.007 -0.002 0.000 0.000 0.000

Figure A.6: Segmentation results with DeltaConv. Rows (top to bottom): ground-truth
unsigned distance field (UDF), predicted UDF, ground-truth segmentation, and results from
region growing, watershed, hierarchical, k-means, and Felzenszwalb. Columns: dataset
samples. In UDFs, white = near fracture, red = far. Segmentation colors are arbitrary and
only distinguish regions. Numbers indicate Rand index for segmentations (higher is better)
and AMAE for UDFs (lower is better). Red dots mark impact points.
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