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Kurzfassung

Die effiziente Analyse und Verarbeitung von 3D-Volumina ist in der klinischen Praxis
unerlésslich. Eine héaufige Aufgabe in der medizinischen 3D-Bildverarbeitung ist die
Objektsegmentierung, bei der relevante Objekte abgegrenzt werden. Die Segmentierung
grofler Volumenscans erfordert jedoch erheblichen Speicherplatz und Rechenleistung,
wodurch die gesamte Segmentierung speicher- und rechenintensiv ist. Ein moglicher
Losungsansatz zur Reduzierung dieser Kosten besteht darin, nur eine Teilmenge des
Eingangsvolumens auszuwéhlen, diese zu segmentieren und die Werte der verbleibenden
Regionen durch Rekonstruktion aus der segmentierten Teilmenge zu schétzen. Unsere
Hypothese ist, dass die Wahl der Teilmenge die Rekonstruktionsleistung beeinflusst,
wobei einige Regionen des Eingangsvolumens informativer fiir die Rekonstruktion sind
als andere. Um diese Hypothese zu testen, schlagen wir ein neuronales Netzwerk vor,
das in der Lage ist, die Teilmengen zu identifizieren, die am meisten zu einer genauen
Rekonstruktion beitragen. Um den Prozess zu vereinfachen und uns auf die Kernaufgabe zu
konzentrieren, gehen wir davon aus, dass bindre Segmentierungen der relevanten Objekte
vorliegen, und wéahlen die Teilmengen direkt daraus aus, wobei die urspriinglichen binédren
Segmentierungen anschlieflend rekonstruiert werden.

Wir bauen unser neuronales Netzwerk auf einem bestehenden, auf Punktwolken basieren-
den Netzwerk auf, das lernt, reprasentative Punkte auszuwéhlen, und integrieren es in eine
neuartige End-to-End-Pipeline zur Rekonstruktion vollstdndiger Volumina aus begrenzten
Eingangsdaten. Hierzu adaptieren wir die urspriingliche Verlustfunktion fiir den Einsatz
auf Voxelgitterdaten und fithren Konvertierungs- sowie Extraktionsmechanismen ein,
die einen nahtlosen Ubergang zwischen Voxelgitter- und Punktwolkenreprisentationen
gewahrleisten. Unsere vorgeschlagene Verarbeitungspipeline transformiert das Eingabevo-
lumen zunéchst von seiner intrinsischen Voxelgitter-Reprasentation in eine Punktwolke,
um eine effiziente geometrische Verarbeitung zu ermdoglichen. Anschlielend verarbeitet
eine neuronale Netzwerkarchitektur diese Punktwolke und sagt eine Menge von Kan-
didatenzentren fiir volumetrische Patches voraus. Diese vorhergesagten Patch-Zentren
werden anschlieffend genutzt, um die resultierenden Patches zu extrahieren, welche dem
nachgelagerten Rekonstruktionsnetzwerk zugefiihrt werden.

Wir evaluieren unsere Verarbeitungspipeline anhand zweier medizinischer volumetrischer
Datensétze mit vorhandenen Region-of-Interest-Annotierungen und variierender geome-
trischer Komplexitat. Unsere Experimente zeigen, dass der vorgeschlagene trainierte
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Sampler informationsreiche Regionen identifiziert, die die Rekonstruktionsleistung un-
terstiitzen, insbesondere im Fall von komplexen Formen und eingeschrianktem lokalem
Kontext. Dariiber hinaus zeigen wir den Einfluss der Qualitdt des Rekonstruktionsnetz-
werks tiber verschiedene Eingabekonfigurationen hinweg, wobei wir Patch-Gréfle und
Patch-Anzahl variieren, und demonstrieren, dass unser Ansatz besonders dann wirksam
ist, wenn die Rekonstruktionsleistung gering ist oder die Eingangsform eine komplexe
Geometrie aufweist. Abschlieflend analysieren wir den Rechen- respektive Speicherbedarf
der vorgeschlagenen Pipeline und belegen, dass der zusétzliche Overhead unter 1 GB
Arbeitsspeicher und 0,5 s zusétzlicher Rechenzeit bleibt, womit die Methode fiir den
Einsatz in ressourcenschwachen Umgebungen geeignet ist.
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Abstract

Efficient analysis and processing of 3D volumes are crucial in clinical practice. A
common task in 3D medical image processing is object segmentation, where objects of
interest are delineated. However, segmenting large volumetric scans requires substantial
memory and computational power, making end-to-end segmentation both memory- and
computationally intensive. A potential solution to reduce these costs is to select only
a subset of the input, segment this subset, and estimate the values of the remaining
regions by reconstructing them from the segmented subset. Our hypothesis is that the
choice of subset influences reconstruction performance, with some regions of the input
volume being more informative for reconstruction than others. To test this hypothesis, we
propose a neural network capable of identifying subsets that contribute most to accurate
reconstruction. To simplify the process and focus on the core task, we assume that binary
segmentations of the objects of interest are provided and select subsets directly from
them, reconstructing the original binary segmentations afterwards.

We build our neural network upon an existing point cloud-based network that learns
to select representative points, and integrate it into a novel end-to-end pipeline for
reconstructing full volumes from limited input data. We modify the original point
cloud—based loss function to operate on voxel grid data and introduce conversion and
extraction mechanisms that enable transitions between voxel grid and point cloud
representations. Our proposed pipeline first converts the input voxel grid into a point cloud
representation to enable efficient geometric processing. A neural network architecture
then processes the point cloud and predicts a set of candidate centers for volumetric
patches. These predicted centers are subsequently used to extract the output patch set,
which is then fed to the downstream reconstruction network.

We evaluate our pipeline on two datasets of medical shape segmentations with varying
geometrical complexity. Our experiments show that the proposed learned sampler
identifies informative regions, which support reconstruction performance, especially
for complex shapes and limited spatial context. We further evaluate the effect of
reconstruction network quality across different input configurations, varying patch size
and number of patches, and show that our approach is effective when reconstruction
accuracy is poor or when the input shape has complex geometry. Finally, we analyze the
computations and memory demands of the proposed pipeline, showing that the additional

X1



overhead remains under 1 GB of memory and 0.5 s of extra computation, making the

method suitable for deployment in resource-limited environments.
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CHAPTER

Introduction

3D medical image analysis plays an important role in numerous clinical applications,
including disease diagnosis, abnormality detection, and treatment monitoring [MYK™25].
However, the large size and complexity of these datasets pose significant challenges for
storage and processing. Efficient strategies for handling volumetric data enable scalable
and practical applications in medical imaging [BTKAIS]. A common task in 3D medical
image analysis is object segmentation, which assigns a label of 1 to voxels corresponding
to the object of interest and 0 elsewhere [ZRSTLIS, TKMSH23, MYK™25]. However,
state-of-the-art end-to-end segmentation models for 3D medical image processing require
substantial computational resources and memory, which scale with the resolution of the
volumetric data. To put this into perspective, Chen et al. [CML™24| report that current
end-to-end segmentation networks require between 3.81 and 13.91 GB of memory to
process two voxel grids of size 96 x 96 x 96 voxels. As a result, these high resource
demands limit the scalability and deployment in clinical settings [DGBCNAVAT7].

In this work, we aim to tackle the high computational and memory demands of end-to-end
segmentation of 3D medical images. One approach to reducing these costs is to select only
a subset of the input volume, perform segmentation on this subset, and infer the remaining
voxel values through reconstruction [Ho,21]. Motivated by this concept, we investigate
which regions of 3D medical images are most informative, so that the full-resolution
segmentation can be reconstructed with the highest possible accuracy. To isolate the core
problem of the subsets selection, we simplify the problem setting and assume a binary
segmentation with the object of interest delineated is given. The goal is then to select
subsets from input segmentations such that, when used as input to a reconstruction
model, they result in the most accurate reconstruction of the original segmentation. To
achieve this, we adapt a state-of-the-art learned subset selection strategy, which identifies
the most informative regions that contribute to accurate reconstruction of the input
segmentation.
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1.

INTRODUCTION

In Section [1.1, we present the motivation for this work by discussing the challenges in
processing large volumetric medical images and proposing a more efficient alternative
based on selective processing and reconstruction. Section [1.2] outlines the aim of the
work and formulates the research questions addressed in this thesis. In Section 1.3, we
summarize the main contributions of the proposed approach. Finally, Section |1.4 provides
an overview of the structure of the thesis.

1.1 Motivation

In the medical domain, 3D data are essential for providing a comprehensive representation
of anatomical structures. Modalities such as CT and MRI generate volumetric scans that
allow clinicians to examine organs, tissues, and pathologies in detail, capturing precise
spatial relationships that are lost in 2D representations [RJC™12]. This enables more
accurate diagnosis, precise localization of abnormalities, assessment of disease progression,
and improved doctor-patient communication [ZEP10].

Volumetric scans are typically stored in voxel-grids, which represent 3D space as a regular
grid of cubic volume elements (voxels) [Wan24]. Such a data structure suffers from
high memory requirements, which grow cubically with the size of the data [LTLH19].
Processing of volumetric data in a per-voxel manner is time-consuming and there-
fore often does not allow for real-time evaluation or requires significant computational
power [PHH21, WXK™"23]. In the medical domain, these challenges are even more
prominent, as clinical environments often rely on standard workstations without access to
powerful GPUs [DGBCNAVATT]. As a result, processing large volumetric scans can be
slow, making tasks like segmentation or registration impractical in time-sensitive settings.

A potential solution to large-volume processing is to reduce the input size to the
downstream task function [LMU21]. One way to achieve this is by selecting only a
subset of the input volume, such as slices or local sub-volumes, for further process-
ing [NMW™19, [DLAT9, LMA20]. This reduces the amount of data that must be stored
and processed, lowering memory requirements and computational cost. Among the re-
search community, the process of selecting a subset of input data is referred to as sampling,
and the selected sub-volumes are referred to as patches or samples [DLA19, LMA20].
We further refer to a collection of patches sampled from a single input volume as sparse
measurements or sparse samples.

Early approaches to sampling volumetric data have largely relied on heuristics, such as
Random Sampling, which selects patches randomly from the input volume, or Farthest
Point Sampling (FPS), which iteratively chooses the point farthest from the current set
of sampled points until the desired number of samples is reached [KCDSII, VCA™17].
Such sampling heuristics follow a predefined algorithm, which is not optimized for any
task or a given collection of structures. As a result, they may fail to capture important
patterns in the data, leading to suboptimal performance.

Recently, learning-based sampling approaches emerged as a promising alternative, enabling
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1.2. Aim of the Work

sampling strategies to be jointly optimized with a downstream task [DLA19, LMA20,
YSA23, WZPB23|, LLG"25|. For example, Lang et al. [LMA20] propose a point cloud-
based sampling architecture, which generates a smaller (simplified) point cloud, optimized
for a downstream task. However, the performance of learned approaches depends on the
availability of representative datasets, and training often requires significant computational
effort [TTM™'22]. Moreover, designing learned samplers for volumetric data remains
non-trivial due to the high dimensionality of the input, memory requirements, and the
limited literature defining suitable criteria for selecting the most informative patches in
the context of volumetric sampling [SEJ18]. Addressing these challenges would allow
the learned sampler to be integrated into a processing pipeline in which, instead of
applying the routine to the full input volume, only the most representative sub-volumes
are processed.

This thesis investigates whether conventional downsampling approaches can be replaced
with a more strategic selection of input patches. In particular, we analyze the case where
reconstruction is used as the downstream task, allowing us to recover the full-resolution
voxel grid by estimating missing values. In recent years, deep learning—based methods have
become widely used for reconstruction [AO17, [IMFUIL7, PFST19, WLX"21, [ALL™22,
ALL™T24L ICKZ724], demonstrating that high-resolution volumes can be reconstructed
from sparse or incomplete data. To isolate the core problem of sampling, we simplify the
problem setting and assume a binary segmentation of the 3D medical shape is provided.
In this work, we design a learned volumetric sampling method capable of identifying the
most informative patches and integrate it in an end-to-end pipeline, which takes as input
a binary segmentation of a 3D medical image, selects the most representative patches,
and reconstructs the original full-resolution segmentation from these selected patches.

1.2 Aim of the Work

The primary objective of this work is to design and implement an informed, data-driven
sampling method for segmentation of volumetric medical data. Such a method optimizes
sub-volume selection to improve 3D anatomical shape reconstruction. Building upon the
work of Lang et al. [LMA20], we propose and develop a deep learning-based sampling
method, which processes the binary segmentation of medical shapes, and outputs shape-
characterising proposals for volumetric patches (Figure 1.1). We integrate our proposed
sampler into an end-to-end reconstruction pipeline, where the selected volumetric patches
are provided as input to a pretrained state-of-the-art reconstruction network based on
implicit neural representation [ALL™22|, which maps the extracted sub-volumes to a full-
resolution reconstruction of the input segmentation. Additionally, we aim to investigate
the ability of our proposed learned sampler to sample shapes of varying complexity, as
well as to assess the influence of the quality of the reconstruction network on the patches
selected, to better understand the use cases where learned sampling is relevant.

Based on these objectives, the thesis answers the following research questions:
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1.

INTRODUCTION

Input Binary Extracted 3D
Segmentation Patches

1
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Output 3D
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Figure 1.1: This thesis aims at developing a learned sampling strategy for extracting
3D patches from a binary segmentation. The proposed pipeline contains a sampling
network (orange), producing patch proposals, and a subsequent reconstruction network
(blue), processing extracted patches into full-resolution reconstruction. In our pipeline,
the outputs of the reconstruction network are used to train the sampling network and for

evaluation.

(RQ1)

(RQ2)

(RQ3)

Given a binarized 3D medical image, which patches are the most informative,
such that using only the selected patches as the input to a reconstruction network
will achieve the best performance based on selected quality metrics?

Our working hypothesis is that reconstruction accuracy depends strongly on the
selected regions. Patches sampled from areas containing relevant anatomical
structures are expected to provide more useful information than those taken
from homogeneous background regions. In this research question, we aim to
investigate how the proposed sampler can identify and prioritize the most
informative patches, ensuring that the reconstruction network achieves high
performance across selected quality metrics, and how these patches compare to
those selected by baseline methods.

To what extent does the selected patch configuration, i.e., the patch-size and the
number of patches, affect the reconstruction quality?

The patch size and the number of patches represent the amount and distribution
of the context provided to the reconstruction network. Although larger patches
provide a broader local context, which can be beneficial for the reconstruction
task, the additional context may be redundant or uninformative. Increasing the
number of sampled patches allows the network to better position the samples
around the target object, potentially improving coverage and reconstruction
performance. In this research question, we aim to investigate the impact of
patch size and the number of sampled patches on the accuracy and quality of
the reconstruction.

To what extent do the selected patch-size and number of patches affect memory
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1.2. Aim of the Work

requirements and inference time?

Larger patch sizes or an increased number of sampled patches potentially
increase the memory requirements of the sampling module and lead to longer
overall training times. In this research question, we investigate how the choice
of patch size and number of patches impacts these computational aspects.
Combined with the reconstruction performance results from RQ2, we analyze
which configurations offer the best trade-off between reconstruction quality,
memory usage, and inference speed.
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1.

INTRODUCTION

1.3 Contribution

The main contributions of this thesis are summarized as follows:

e« We adapt a sampling architecture based on point cloud representation to extract
volumetric patches from binary segmentations of 3D medical images. The architec-
ture is optimized to produce patches which, when used as input to a reconstruction
network, maximize reconstruction accuracy. To this end, we introduce a deep
learning pipeline consisting of (i) an adapted point cloud sampling architecture,
(ii) conversion modules that transform data between voxel grid and point clouds
representations, and (iii) a state-of-the-art reconstruction network that reconstructs
the full volume from sampled patches. We optimize the sampling architecture
using an existing loss function, which we adapt to better suit the reconstruction of
volumetric medical images.

e We perform a comprehensive evaluation of our proposed pipeline, demonstrating
that the learned sampling strategy consistently outperforms selected non-learned
baselines, achieving an improved reconstruction DICE Score of 1-5%. The proposed
method shows the largest improvements when (i) sampling shapes with complex
geometries, (ii) the modeling power of the reconstruction model is poor, and (iii) in
scenarios where only a limited spatial context is available. Furthermore, we investi-
gate the trade-off between patch size and the number of sampled patches, identifying
configurations that improve accuracy or reduce memory and computational cost.

o We demonstrate that the additional temporal and memory overhead introduced by
the sampling and reconstruction stages is small compared to the savings achieved
by processing only a subset of the volume. By strategically selecting patches for
processing, our pipeline significantly reduces the volume of data handled by expen-
sive operations, enabling faster processing and deployment in resource-constrained
environments.

1.4 Outline of the Thesis

The contents of this Thesis are structured as follows: Chapter 2| reviews related work,
covering reconstruction from sparse samples in medical data as well as influential ap-
proaches to data sampling across different data modalities. In Chapter 3, we present
our proposed sampling pipeline designed to strategically select patches for volumetric
reconstruction. Chapter |4 details the experimental setup, including experimental pipeline,
benchmarking datasets with the applied preprocessing operations, evaluation protocols,
implementation details, and selected metrics. In Chapter 5, we additionally provide a
discussion of the results, including evaluation metrics, performance measures, qualitative
evaluation of predicted samples and their respective reconstructions for different datasets,
sampling ratios, and patch sizes. Finally, Chapter |6 summarizes the main contributions
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of the thesis, presents comprehensive answers to the research questions, and discusses

limitations and potential future work.
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CHAPTER

Related Work

The contents of this chapter are split into two sections: reconstruction of medical data
from sparse measurements and data sampling. This chapter split is motivated by the
focus of this work on informed 3D sampling of medical data, in which the sampling
strategy is guided by a reconstruction task. For this reason, we first review reconstruction
methods in Section 2.1, which define how volumetric data can be represented and how
shared object priors can be learned to enable the reconstruction of unseen volumes from
limited observations. Afterwards, Section 2.2 covers methods how to strategically sample
subsets of the input, which maximize the accuracy of the reconstruction. Since the
proposed sampling pipeline converts volumetric data into a point cloud representation,
where the actual sampling is performed, Section [2.2 reviews primarily state-of-the-art
sampling methods operating on point clouds.

2.1 Reconstruction of Medical Data from Sparse Measurements

Reconstructing medical data from sparse measurements is a critical step in enabling
accurate analysis while reducing acquisition costs and time [JMEUT7, ISCH™18, [LYYT1T].
Section 2.1.1| presents implicit volumetric representation, which defines continuous volu-
metric functions over 3D space, as an alternative to conventional explicit representations
that describe data using discrete structures. Such representations are particularly relevant
for reconstruction tasks, as they allow learning a shared object prior and restoring volu-
metric structures from limited measurements [TTM™22, IALLT22|. Section 2.1.2 reviews
medical data reconstruction methods based on statistical modeling and convolutional
neural networks, and shows how neural networks can learn continuous implicit represen-
tation of volumes, enabling high-resolution reconstructions through continuous sampling.
The class of neural networks that learn shape representations via implicit functions is
particularly relevant to our research, as they enable the reconstruction of full-resolution
shapes from samples with continuous coordinates, without being constrained by voxel

9
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grids or discrete sampling. Furthermore, Section 2.1.2] introduces the reconstruction
network utilized in the proposed sampling pipeline to provide a reconstruction loss,
which guides the training of the learned sampler. By leveraging implicit volumetric
representations, the sampler can generate points at arbitrary continuous locations, which
can be directly processed by the reconstruction network to guide reconstruction-driven
training.

2.1.1 Representation of Volumes

A conventional approach to encode a 3D volume is referred to as explicit representation,
which stores volumetric information in discrete data structures such as voxel grids,
point clouds, or surface meshes, enabling straightforward access to individual elements
(Figures [2.1a-c), direct visualization, and integration with a standard graphics rendering
pipeline [TTM™'22|. However, these formats are inherently limited in resolution due
to discretization, and each comes with additional drawbacks: voxel grids suffer from
high memory demands that scale cubically with resolution; point clouds lack inherent
connectivity, requiring additional processing to recover surface or volume structure; and
mesh-based approaches are often constrained by the use of template deformation, which
limits their ability to represent arbitrary topologies [MONT19].

More recently, alternative approaches emerged, using implicit representation (Figure 2.1d))
to model volumetric data as continuous functions that map spatial coordinates to scalar
values, which allows sampling at arbitrary resolution [PFS™19, IALL™22]. However, when
applied to reconstruction tasks, the flexibility of implicit representations comes at the
cost of increased computational complexity, as the underlying function is defined over a
continuous domain and must be densely evaluated on a discrete coordinate grid to produce
explicit outputs such as segmentation masks or volumetric reconstructions |[ALL™T22).

A common implicit representation function for surface representation is the Signed
Distance Function (SDF) [CZ19, PFST19, [SMB™20,  TTM™22]. Assuming a well-defined
and watertight surface boundary, the SDF defines a continuous mapping from spatial
coordinates to the distance to the closest surface, where the sign indicates whether a
point lies inside (negative) or outside (positive) the surface (see Figure [2.2). Let Q be a
subset of a metric space X with metric d, and 02 be its boundary. Then, SDF is defined
as:

d(x,00), ifxeQ
foor 1 R* =R, fopr(x) = {0, if x € 99
—d(x,00), ifx¢Q

Complementary to SDFs, which represent surfaces, occupancy functions [MONT19]
provide an alternative implicit representation focused on modeling volumes, and are
defined as:
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2.1. Reconstruction of Medical Data from Sparse Measurements

(a) Voxel

Figure 2.1: 3D data representation: (a) voxel-based representation, (b) point-based
representation, (c¢) mesh-based representation, (d) representation using a continuous
implicit function fy, where the decision boundary defines the surface of the object. Image

(b) Point

adapted from Mescheder et al. [MONT19]

Figure 2.2: Implicit surface representation using the Signed Distance Function. Image by

Park et al. [PFST19)

(¢) Mesh

(d) Implicit
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1 ifxeQ
foccupancy R — {07 1}7 foccupancy(ﬂj) = {0 i ¢ Q:
The occupancy function maps each spatial point = € R? to a binary value, reflecting its
spatial relation to the subset €2, assigning 1 to points inside €2 and 0 to those outside.

Implicit functions can be used to represent surfaces and volumes of varying complexity.
For simple scenes, e.g., a plane, a linear implicit function suffices ﬂm To handle
more complex surfaces or volumes, polynomials [SAG84], multivariate Guassians [WEF06]
or Gaussian mixtures [HHGCO20] can be used. Alternatively, Multi-Layer Perceptrons
(MLPs), which are known to act as Universal Function Approximators [HSW89], can be
trained to learn the underlying implicit representation function ﬂm

Mescheder et al. observe that the occupancy function foccupancy Can be
approximated by a neural network. They further propose conditioning the network on
an additional input that encodes a specific shape instance, allowing the model to learn
a shared shape prior across a population of objects and to reconstruct multiple shapes
using a single set of network parameters. The proposed occupancy network takes a pair
(x,¢) € R3 x C, where x denotes a spatial coordinate and ¢ € C is a conditioning variable
that represents the shape-specific information, and outputs a scalar corresponding to the
occupancy probability.

The continuous formulation of implicit functions allows the representation of shapes and
volumes at arbitrary spatial resolution, which is well-suited for capturing fine geometric
details [MONT19, PFST19]. Additionally, implicit representations are more memory-
efficient than explicit alternatives such as voxel grids or point clouds, since shapes of
different resolutions are encoded in the parameters of the implicit function m
TTM*22]. Another benefit is the flexibility: the same network can represent a wide
range of shapes by conditioning on different inputs, enabling generalization across shape
populations MONT19, /ALLT22]. As a result, implicit functions are well-suited

for capturing medical data shape populations, especially for representations with varying
voxel spacings and resolutions [TTM™22, [ALL™22].

Implicit neural representations with shape-specific conditioning are widely adopted for
reconstructing shapes or volumes from sparse or partial observations. This is typically
achieved through inference-time optimization, where either a latent vector [BJLPSIS]
or the network parameters [SCTT20, are adapted based on
the collected samples. Once the shape-specific condition is obtained, the full-resolution
object can be inferred. However, this inference-time optimization can be computationally

expensive and time-consuming .

While the use of implicit functions for shape reconstruction presents certain drawbacks,
such as the need for sampling using a dense coordinate grid or inference-time optimization,
these are outweighted by their advantages. The ability to capture fine details, operate
across different resolutions and modalities, and to adapt to different voxel sizes and
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2.1. Reconstruction of Medical Data from Sparse Measurements

spacings makes them particularly suitable for modeling of medical data. For this reason,
this work employs learned representations of medical data using implicit functions and
further improves reconstruction performance by learning to assess the relevance of the
input to the reconstruction task.

2.1.2 Medical Data Reconstruction

This section reviews influential approaches for reconstructing medical data from sparse
measurements. In the proposed pipeline, reconstruction is a key component during
sampler training, as it provides a training signal to the supervised sampler through
gradient backpropagation. Additionally, it serves as a means of quantitative evaluation
and comparison between different sampling strategies.

Adler et al. [AO17] define the reconstruction as an inverse problem. Inverse problems refer
to problems where one seeks to reconstruct parameters characterizing the system under
investigation from indirect observations [AO17]. Mathematically, an inverse problem can
be formulated as reconstructing (estimating) a signal fiue € X from data g € Y such
that:

9 =T (firue) + €, (2.1)

where X and Y are topological vector spaces, 7 : X — Y (forward operator) models how
a given signal gives rise to data in the absence of noise, and € is a random noise [AO17].
When data samples g € Y are undersampled and noise corrupted, the inverse problem in
Equation 2.1 is ill-posed [MTMHS21]. As a result, a direct inversion of 7 is generally
not possible [MTMHS21].

Medical data reconstruction has seen significant advancements in recent years, evolving
from Classical Approaches that capture the shape variability using low-dimensional
embeddings [CET01, MBL™02, DYY"17], to convolutional neural networks (CNNs) that
exploit spatial locality and hierarchical features [JMFUTT, SCH™18, [KMYT17, WTH™19],
to implicit neural representations capable of representing complex anatomical structures in
a continuous and memory-efficient manner [BJLPSIS, PFS™19, IALL™22|. The following
sections review selected influential methods from each category.

Classical Approaches

Classical Approaches aim to learn a low-dimensional embedding of medical data by
capturing patterns and variability across a dataset [DYY™17]. A common building
block utilized by Classical Approaches is the Principal Component Analysis (PCA),
which decomposes data into orthogonal basis vectors (principal components) to enable
dimensionality reduction. When applied to a dataset of medical shapes, it can extract
a compact, low-dimensional representation that approximates the original data with
minimal loss. PCA can be utilized, for example, in Active Shape Models (ASM) to capture
shape variation within a population. These models represent anatomical structures by

13
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learning a statistical distribution over aligned landmarks in 2D [CET01], or 3D [MBL*02].
Additionally, the PCA basis itself can be used as a projection space for new data, as is the
case in Dietz et al. [DYY 17|, who learn the variation of lungs from MRI images using
PCA. Specifically, they first collect a set of fully-sampled lung MRI scans and compute a
PCA basis. When a new scan is acquired with missing or undersampled measurements,
this incomplete data is projected onto the learned PCA basis and the resulting PCA
coefficients are used to reconstruct the high-resolution image as a weighted sum of the
basis components.

However, Classical Approaches come with several limitations. As they are primarily
designed to capture global or dataset-wide properties, such approaches often fail to
represent local variations [LWW™11]. For instance, Classical Approaches perform well
for modeling datasets of healthy organs, but struggle with small pathologies or anomalies
that were absent or underrepresented in the training data [MCALI6]. Additionally,
methods like the PCA assume linear relationships within the data, which restricts their
ability to represent highly non-linear or irregular anatomical deformations [MWL™17].

These limitations have motivated a shift towards deep-learning-based approaches, ca-
pable of capturing both global and local structures with fine detail, including complex
and non-linear anatomical variations with more effective generalization across diverse

cases [JMEFUTI7, SCH™18].

CNN-based Models

In recent years, deep learning has transformed medical image reconstruction by enabling
models to learn complex inverse mappings directly from data [JMFUT7,|ISCH™18]. Instead
of relying on handcrafted priors or low-dimensional shape models, deep learning models
are trained on large datasets to learn reconstruction functions that generalize across
different anatomical structures, data modalities, and acquisition conditions [JMEFUILT].
In particular, CNNs have proven effective due to their ability to capture both local and
global image context using hierarchical, multiscale feature extraction, enabling tasks
such as reconstruction from limited observations [JMFUIT, ISCH™18|, learning denoising
of corrupted images [KMY17], super-resolution [WTH™ 19|, or segmentation [ZRSTLIS].
We present related work in CNN-based medical image reconstruction, which specifically
focuses on reconstruction from sparse or undersampled data. The selected studies address
the challenge of reconstructing a full-resolution 2D or 3D medical data from partially
observed measurements, which directly aligns with our research.

A notable contribution comes from Jin et al. [JMFU17], who address the challenge of
accurate reconstruction of high-accuracy CT-scans from subsampled sinograms, which rep-
resent projection data acquired at different viewing angles during the CT scanning process.
By reducing the number of scanning angles, this approach aims to lower radiation exposure
and acquisition time while maintaining reconstruction accuracy. However, subsampled
scans might lead to reduced image quality and could lead to image artifacts [JMFUL7].
Proposed FBPConvNet (Figure 2.3)) learns to remove artifacts and restore fine details in
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Figure 2.3: Architecture of FBPConvNet [JMEUIT7]. Subsampled sinograms are projected
into a low-resolution spatial domain with artifacts. FBPConvNet is then trained to
restore the high-resolution equivalent. Image by Jin et al. .

the reconstructed images. The architecture, based on U-NET [REB15], uses hierarchical
downsampling and upsampling layers with skip connections to capture both local and
global features, which effectively removes artifacts and restores fine image details.

Schlemper et al. ﬂm tackle the challenge of accelerating MRI acquisition to reduce
scan times and improve patient comfort. An output of an accelerated MRI is a sparsely
sampled k-space, where a reduced number of encoding steps leads to missing lines,
which are typically set to zero. Transforming subsampled, zero-filled k-space to the
image domain leads to artifacts, such as those depicted in Figure 2.4bl. Schlemper et
al. [SCHT18] propose a network, which learns to remove the artifacts and predicts an
artifact-free MRI scan (see Figure 2.4c). The proposed architecture consists of a cascade
of CNN blocks interleaved with Data Consistency layers, which ensure that the network
preserves the originally acquired k-space values while progressively removing artifacts.

Similarly to Schlemper et al. [SCH¥1S8|, Lee et al. [LYY17] tackle the challenge of
accelerating MRI scanning by reconstructing artifact-free images from sparsely sampled
k-space data. However, compared to conventional approaches, such as Schempler et
al. [SCHT18] or Jin et al. [JMFULT7], the proposed method learns to predict aliasing
artifacts rather than the aliasing-free fully sampled reconstruction. The aliasing-free
reconstruction is then obtained by subtracting the corrupted image from the estimated
aliasing artifact (see Figure 2.5).

15
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(a) Full resolution (b) 3x subsampled (¢) Reconstruction

Figure 2.4: (a) MRI scan obtained from full-resolution k-space, (b) MRI scan obtained
from k-space, which was 3x subsampled, (c) reconstruction from the subsampled scan
from Schlemper et al. [SCHT18]. Image by Schlemper et al. [SCHT18].

Input image with Estimated aliasing Artifact-free image
artifacts artifact

Figure 2.5: Reconstruction approach by Jin et al. [JMFUI7|] learns to estimate the
aliasing artifact, which is then subtracted from the input corrupted image. Image by Jin
et al. [JMFUIL7).

However, CNN-based sampling methods, along with Classical Approaches, share some
common limitations: first, their resolution is limited to the resolution of training data,
and second, they are fixed to a single discretization and, thereby, require resampling of
volumes with variable spacings to a common one [ALL™22]. In comparison, INR models
learn a continuous representation of the shape population, allowing sampling shapes at
arbitrary resolution during both training and inference [ALL™22].

Implicit Neural Representation Models

Implicit Neural Representation (INR) Models use neural networks to learn a continuous
implicit function that represents image or volume data [PFST19,|ALL"22|. This continu-
ous characteristic enables reconstruction at arbitrary resolutions, while the neural network
parameterization provides a memory-efficient and compact representation [MAT™23].

Wu et al. [WLX"21] tackle the challenge of reconstructing high-resolution 3D MRI scans
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(a) Segmentation from thick slice MRI with (b) Segmentation from thin slice MRI with
anisotropic voxel size 1x1x6 mm. isotropic voxel size 1x1x1 mm.

Figure 2.6: Visualization of vertebrae segmentation using thick slices (a), and after
high-resolution reconstruction (b).
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Figure 2.7: Architecture of IREM [WLX*21]. Tmage by Wu et al. [WLX*21].

from low-resolution images. Oftentimes, MRI scans are acquired with slice thicknesses
of several millimeters (so-called thick slices) to shorten the acquisition times, improve
patient comfort, and reduce motion artifacts . However, such scans have
high in-plane resolution, but poor resolution along the depth dimension, resulting in
anisotropic volumes (see Figure [2.6/ for example) [TBO*21].

Proposed architecture IREM (depicted in Figure 2.7) learns to reconstruct a high-
resolution 3D MRI scan from a stack of thick-slice, low-resolution images acquired in
multiple orientations. IREM takes as input a 3D spatial coordinate and predicts an
intensity value. To enable the network to learn high-frequency features from the low-
resolution stacks, the input 3D coordinate is first projected to a higher-dimensional space
using Fourier feature mapping. Afterwards, the projected coordinate is fed to an MLP
with ReLLU activations, which produces the intensity prediction. The network is first
optimized using the coordinate-intensity pairs from the low-resolution input. Afterwards,
a high-resolution reconstruction is obtained by sampling the model using dense grid
coordinate samples.

Sitzmann et al. m highlight the problem of conventional neural representation
networks consisting of an MLP with ReLLU activation. Because ReLLU networks are
piecewise linear, they lack the capacity to represent fine details and typically do not

17
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capture the derivatives of the target signal well. To address these limitations, Sitzmann
et al. [SMB™20] propose SIREN, an MLP network leveraging the periodic sine function
as the activation.

MLPs with periodic activations are further utilized by Shen et al. [SPX24] to train a
patient-specific anatomy prior from a single full-resolution scan, which then serves as
an initialization to reconstruct follow-up scans from sparse measurements. Proposed
architecture, NeRP, maps continuous spatial coordinates to image intensities and learns a
compact, high-resolution representation of individual patients’ anatomy. A key advantage
of this approach is that supervision is inherently available from the full-resolution scan
itself, eliminating the need for manual annotations or large-scale datasets. Similarly
to other neural implicit representation methods, NeRP can represent data of arbitrary
resolution. However, due to the fact that the prior must be trained separately for each
individual, the method lacks the ability to generalize across patient populations.

The concept of representing implicit functions as occupancy networks is further investi-
gated by Amiranashvili et al. [ALL™22|, who apply it to the reconstruction of medical
shapes from sparse segmentations (Figure 2.9). We discuss this method in more detail
because it is a promising approach specifically designed for reconstructing voxel grids of
medical shapes from sparse binary segmentations, which directly aligns with our goals.
For this reason, we adopt this network in our proposed pipeline.

In order to model variations among medical shapes, latent vectors z € R? are used
as shape-specific embeddings to condition on. The proposed MLP fy, mapping the
underlying implicit function, has, therefore, the following functional form:

fo: R? x R — [0, 1]

Following Bojanowski et al. [BJLPSI8|] and Park et al. [PFST19|, Amiranashvili et
al. [ALL™22] employ an auto-decoder architecture with a sigmoid activation as fy. At
the start of training, a randomly initialized latent vector z € R is assigned to each
data sample. During training, individual latent vectors are jointly optimized with the
parameters of fy. For every training volume ¢ and voxel j, exact voxel coordinates xz €R?
and the corresponding ground-truth occupancy values yf € {0,1} are extracted. For a
batch of randomly chosen voxels, a set of predicted occupancy values is obtained. The
difference to the ground-truth occupancy is minimized through a loss function, consisting
of volume-wise soft Dice Score and voxel-wise binary cross-entropy (Figure [2.8)).

The inference of a full-resolution reconstruction of the medical shape from sparse segmen-
tation S happens in two steps. First, the latent vector corresponding to the sparse input
S is determined. Afterwards, the obtained continuous occupancy function is sampled at
the target resolution to obtain the voxel-based reconstruction. The latent vector that
corresponds to a given observation § is first randomly initialized and then optimized
through gradient descent. Similarly to the training procedure, the MLP fy is sampled
at positions of voxels from observation S, and the same loss function is used as the
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Figure 2.8: Pipeline of the method proposed by Amiranashvili et al. [ALLT22]. Training:
both MLP and latent vector are optimized. Inference: MLP remains fixed and only

latent vector is optimized. Image by .
\
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a) Sagittal training data examples ) Reconstruction from different inputs

Figure 2.9: Amiranashvili et al. [ALL™22] train a neural network capturing a shared
prior over medical shape segmentations. The architecture is trained from sparse slices
(a), but during inference, it generalizes to arbitrary slice configurations (b). Image by

Amiranashvili et al. [ALLT22).

minimization objective. The difference from the training phase is that the weights 6 of
the MLP fy are frozen, and only the latent vector z is optimized (Figure [2.8)). The loss
is minimized with respect to all voxel positions and their occupancy values (zx, yx) € S:

Zrec = argmin Z E(fe(l“ka Z), yk)
z k

Using the optimized latent vector z., the occupancy function fy(-, zrec) can be sam-
pled at any desired resolution and spacing to obtain the high-resolution voxel-based
reconstruction.

In a subsequent extension, Amiranashvili et al. [ALLF24] further improve their framework
by incorporating pose augmentations to reconstructed shapes through random affine
transformations, improving the robustness and generalization abilities of their INR

19
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) Pre-trained (b) After (c) After (d) Ground Truth
Template Deformation Correction

Figure 2.10: Template-guided pulmonary reconstruction: a shared template (a) is
deformed to match patient anatomy (b), refined by a correction network (c), and
compared to the ground truth segmentation (d). Image by Xie et al. ﬂm

network. Additionally, the authors analyze the learned d-dimensional latent space and
demonstrate its desirable properties. By training a linear SVM on manually defined
classes and performing PCA on the latent vectors, they show that the latent space
is linearly separable with respect to defined classes, captures meaningful anatomical
variations, and is smooth and continuous. This allows to generate new valid shapes
through latent space sampling or perform interpolation of latent vectors to produce
smooth transitions between anatomies.

Xie et al. ﬂm tackle problem of segmentation of pulmonary segments. The authors
argue that the quality of segmentation does not depend solely on the voxel-level prediction
quality but also on anatomical correctness. For this reason, instead of employing per-voxel
segmentation network, they authors rephrase the task as a reconstruction of individual
pulmonary segments. To achieve this, the proposed method leverages a template-guided
neural implicit framework, formulating a continuous occupancy function f that maps any
3D point p € R? in patient space to a probability distribution over pulmonary segment
classes:

f(p) =T(p+ Ad(p)) + Ac(p),

where T € RPXHXWXI9 ig 5 pretrained voxel-grid template with multi-class occupancy
values (Figure 2.10a)), evaluated at the deformed point p + Ad(p) using trilinear inter-
polation, Ad(p) € [~1,1]? is a displacement vector predicted by a deformation network,
shifting the patient-space point p into the template space (Figure 2.10b), and Ac(p) € R
is a local correction term, predicted by a correction network to refine the output distri-
bution and refine anatomical details (Figure 2.10c). The use of templates ensures the
produced reconstruction matches the global shape of the pulmonary segments, while
the implicit formulation of f ensures the segmentations can be evaluated at arbitrary
resolution.

The outlined recent work shows that INRs are a prominent alternative to conventional data
representation, offering benefits in continuous formulation, ability to avoid locality biases,
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and differentiability [MAT¥23|. Examples discussed above show that INR networks are
capable of capturing different types of medical data (binary segmentation in ,
image intensity in [SPX24] M), learn shape priors over populations of different
sizes (single shape in [WLXT21], single-patient population in [SPX24], large-scale datasets
in [ALL*22]), and are able to reconstruct high-resolution data from sparse samples
(JALL22, WLX 21} [SPX24]). In this work, the architecture proposed by Amiranashvili
et al. is further adopted, as it targets the reconstruction of segmentations and
captures a shared shape prior across the entire dataset instead of relying on patient-specific
information.

2.2 Data Sampling

Data sampling refers to a process of selecting a subset of the input data for further
processing [DLAT9L [LMA20]. This substantially decreases the computational and memory
requirements of the whole pipeline compared to processing a full-scale input, especially
with volumetric inputs.

An example of a task that benefits from data sampling is volumetric segmentation,
which has numerous applications such as tumor detection [RFB15], volume estima-
tion [GTQT18|, or anatomical structure delineation [WBM¥23|. To perform volumetric
segmentation efficiently, various modeling strategies have been developed that balance
accuracy with computational cost. 2D models decompose the 3D volume into a batch of
2D slices and make predictions independently for each slice [LXZ 18, [WCW 22| [KJIT24].
While 2D models are computationally efficient, they fail to capture inter-slice relationships,
potentially reducing the accuracy of the final whole-volume prediction ﬂm In
comparison, 3D models analyze the complete volumetric input without any decomposition,
including inter-slice relationships, resulting in improved accuracy [LLX"22, IAHL™23].
However, this structural fidelity comes at the expense of significantly higher computational
complexity and memory requirements ﬂm A potential solution is to use a sliding
window approach, which samples a set of significantly smaller volumetric patches at uni-
form intervals with some degree of overlap. Each patch is then processed separately, and
the overlapping predictions are aggregated into the final volume. Even though the sliding
window approach is more memory-efficient and allows processing volumes of large sizes,
it suffers from a slower inference speed and increased computational demands [JTYFT25].
This is because the sliding window approach does not rank patches according to their
importance and segments all patches with equal computational resources, even those
that clearly do not contain objects of interest or the object is simple enough for a less
complex model to handle equally well [JYF*25]. Using an informed sampling approach
has the potential to identify patches containing objects of interest and better distribute
the effort and resources required for the task.

This work proposes a volumetric sampling pipeline that simplifies the sampling step by
performing it directly on point clouds. The pipeline begins by converting the original
volumetric voxel representation into the point cloud domain, from which the sampler
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selects a representative point subset. Afterwards, volumetric patches are extracted by
mapping the selected samples back to volumetric space.

The Section [2.2.1] reviews influential sampling methods based on point clouds. In
Section [2.2.2, this work identifies and highlights key methodological differences among
sampling methods, which serve to organize and compare existing approaches based on
their core design choices. Section 2.3 highlights both strengths and weaknesses of the
discussed sampling methods and identifies several open challenges, which this work is
addressing.

2.2.1 Point Cloud Sampling

This category of sampling networks operates on datasets consisting of point clouds, where
each element is a 3D point p € R3. Given an original point set P € R"*3 and a sample
size k < |P|, the objective of the sampling operation is to select a subset S C P, |S| = k,
which serves as a representative simplification of the original set. Due to the unordered
nature of point clouds, these networks are typically designed to be permutation-invariant
and robust to varying input point cloud sizes [LMA20, [YSA23].

Dovrat et al. [DLAI19] define point cloud sampling as a minimization problem: given
a point set P = {p; € R3i = 1,...n}, a sample size k < |S| and a downstream task
network fiaqk, the goal is to find a subset S* of k points that minimizes the task network’s
objective function fo;:

St = a'rg;ninfObj(ftaSk(S))vs C P, ‘S‘ =k < ‘S‘

Training point cloud sampling models poses a challenge of selecting actual subsets from
the input point cloud while maintaining differentiability, which is essential for enabling
backpropagation and end-to-end model training [DLAI9]. Some approaches solve this
by generating a set G = {g1,...,gx}, 9 € R3, and optimize the network either using the
generated samples [DLA19], or through soft-projection [LMA20], which projects the
generated points onto the input point cloud in a soft and differentiable manner. During
inference, these methods employ non-differentiable matching to obtain the set S from
the generated set G. Other methods define sampled sets as weighted linear combinations
of the input points [YYJ22| [YSA23].

Approaches to point cloud sampling can be divided into learned and non-learned. Non-
learned methods select representative subsets based on geometry heuristics, without
considering any relevance to the downstream task objective [DLAI9]. An example of a
non-learned sampling method is the Farthest Point Sampling (FPS) algorithm [ELPZ97,
MDQ3]. FPS iteratively selects points that are farthest from the already selected subset,
which maximizes spatial coverage. In comparison, learned sampling approaches exploit
task-specific supervision by utilizing gradients of the task network, enabling the selection
of points with the most significant effect on the objective of the task network.
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Figure 2.11: Overview of the S-NET sampling network. Training phase: S-NET-generated
points are passed to a pre-trained and fixed task network. The loss of the task network
is combined with a simplification loss of the sampler to form a minimization objective.
Inference phase: generated points are matched with the input point cloud to get a subset
of it. These points are then fed to the reconstruction network for evaluation. Image by

Dovrat et al. [DLAT9].

Dovrat et al. propose S-NET, a point cloud simplification network based on the
PointNet [CSKGI7] architecture. S-NET takes a set P of 3D coordinates representing a
3D shape, and generates a set S* of k samples, representing a simplified shape. S-NET
works in tandem with a task network, which is pretrained on a point-cloud-based task
(e.g., classification, reconstruction, retrieval). The task network remains fixed during
S-NET training, ensuring that sampling is optimized to the task rather than the task
being optimized to an arbitrary sampling.

S-NET is operating on a set of unordered point clouds, which undergo a series of 1 x 1
convolutional layers. Each point is, therefore, treated separately from other points, which
at the end yields a feature vector for each input point. To arrive at a global description
vector, Dovrat et al. propose utilizing a max-pool operation. Finally, a series of
fully connected layers predicts a set of 3D coordinates.

Due to S-NET predicting a set of continuous 3D coordinates in space, it is not guaranteed
that this generated set will be a subset of the input. To overcome this limitation, Dovrat
et al. propose a two-phase approach: during the training of the sampler, the
task network receives generated coordinates from the sampler, while at the inference time,
generated coordinates will be matched to actual samples from the input point clouds
using the non-differentiable nearest neighbour matching. Duplicate cases, where two
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Figure 2.12: Soft-Projection module of the SampleNet network. For each simplified
point g, its local neighbourhood is identified ({p1,p2,p3,pa}). Then, a soft projection
r is obtained as a weighted average of the local neighbourhood. Image by Lang et

al. [LMA20].

generated points would match the same point, are discarded, and missing samples are
obtained using the FPS algorithm.

The combination of 1 x 1 convolution layers and feature-wise max-pool operation allows
S-NET to process point clouds of arbitrary size. However, because the fully connected
output layer has a fixed size, this network can only sample to a predetermined size,
and changing it requires retraining the network from scratch. The S-NET network is
optimized using a joint objective loss, formulated as the sum of a task loss and a sampling
loss. The task loss is directly tied to the task network in use, whereas the sampling
loss depends on the positions of the predicted samples. Figure 2.11 illustrates both the
training and inference phases, and the joint objective loss.

While the S-NET effectively simplifies point clouds for downstream applications, the
generated points are not guaranteed to be a subset of the input point clouds, as highlighted
by Lang et al. [LMA20]. To address this issue, Lang et al. [LMA20] extend the S-
NET architecture and propose SampleNet with a soft-projection operation, which is
a differentiable approximation of sampled points as a mixture of points in the input
point cloud (Figure 2.12). Each generated point g € G is softly projected onto its
neighbourhood, defined by k nearest neighbours in the complete point clouds. This yields
a set of projected points r € R, as a weighted average of original points from P. The
proposed solution to the non-differentiable sampling problem consistently outperforms
the S-NET architecture [DLA19] by a large margin in all benchmarked tasks, including
classification, registration, and reconstruction. According to the authors, employing
SampleNet to sample 32 points before PointNet saves about 90% of the inference time
compared to applying PointNet to the complete point cloud, while requiring only an
additional 6% more memory and incurring a performance drop of less than 10%.
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Figure 2.13: Hierarchical loss function allows training point cloud sampling networks to
order output point samples according to their relevance. Increasingly larger subsets are
treated as standalone samples and evaluated using the task network. Task and sampling
losses across all subsets are summed to obtain the overall training objective. Image by

Dovrat et al. [DLAT9].

Both the S-NET and the SampleNet are limited by the size of the sampled subset. The
last fully connected layer does not allow for flexible output sizes, and therefore each
subset size requires a dedicated training run. To improve upon this limitation, Dovrat et
al. [DLA19] propose to learn the ordering of points according to their relevance to the
task network. The network is configured to output a point set with the same cardinality
as the input. Then, a subset of a desired size is obtained by taking the first k& points
from the sorted output. To train the ordering, the output point set is divided into nested
subsets of increasing size, starting with the first 2 points, doubling the subset size at
each step. Each subset is then treated as a standalone sample and evaluated for both
task loss and sampling loss. Finally, both loss terms for each subset size are summed
up to create the overall network training objective (Figure 2.13). This training scheme
encourages the most relevant points to appear earlier in the output, effectively ordering
the input point cloud and allowing to sample arbitrarily sized point sets.

In contrast to S-NET and SampleNet, Yang et al. [YSA23] propose training in a self-
supervised manner, without employing a task network during training. The sampling
network is based on a modified version of the PointNet architecture [CSKGIT], consisting
of series of 1 x 1 convolutional layers. For each point, a single scalar score is predicted.
Similarly to ProgressiveNet, this method predicts point samples in an ordered manner,
allowing for the extraction of a flexible number of samples. A soft, differentiable sorting
module based on Sinkhorn optimal transport [CTVI9, m permutes the input
point cloud according to per-point scores. The network is optimized using a hierarchical
contrastive learning module that processes progressively larger subsets of each point cloud
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Figure 2.14: Point cloud sampling proposed by Yang et al. [YSA23|. A backbone produces
per-point scores, which are used by a differentiable sorting module to sort the point cloud.
The backbone is trained using a hierarchical contrastive learning module operating on
subsets of different cardinality. Image by Yang et al. [YSA23].

and maps them onto a shared latent space. Within this space, representations of subsets
originating from the same point cloud are encouraged to remain in close proximity, while
projections from two different point clouds are pushed apart. Figure 2.14 illustrates the
full pipeline.

Ye et al. [YYJ22] argue that the sampling process is naturally a sequential task, in
which the points to be sampled next should depend on the points that have already
been sampled. The proposed architecture, named APSNet, is based on the attention
mechanism and LSTM modules [HS97] to achieve a sequential point sampling
scheme. The network processes an input point cloud of n points and generates m samples,
which are obtained as a weighted sum of all n input points, and, therefore, are not
guaranteed to be a subset on the input point cloud.

Similarly to S-Net [DLAT9] and SampleNet [LMA20], APSNet utilizes a gradient from a
pretrained and frozen task network during the training to optimize the sampling to a
specific objective. LSTM modules allow the network to output samples in a sequential
manner, taking into consideration previously generated points. First, all points are
processed by a PointNet [CSKG17] feature extractor to obtain per-point feature vectors
and a global context feature vector, which serves as an initial LSTM state. In each step,
the LSTM uses the sampled point from a previous step to update its hidden state to
reflect the history of all sampled points. Next, attention scores are computed between
each per-point feature vector and the LSTM’s hidden state to identify the next most
informative point to sample. In order to maintain differentiability, output samples are
generated as a weighted sums of attention scores and all n points in the input point
cloud. This produces a simplified point cloud, which is not guaranteed to be a subset of
the input. However, Ye et al. argue that an actual subset of the input can be
obtained by a matching algorithm, such as the nearest neighbor matching.
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Because APSNet models the sampling process using an LSTM module, it can be trained
to generate an arbitrary number of output samples. The LSTM sequentially produces one
sample at a time while maintaining a hidden state that encodes the history of previously
selected points. This design enables a single trained model to generate output point
clouds of varying cardinality by adjusting the number of unrolled steps.

Wu et al. [WZPB23] contend that most point cloud samplers are based on generating new
samples rather than selecting points directly using mathematical statistics. Inspired by the
Canny edge detector [CANRT], the proposed APES network utilizes attention [VSPT17]
and statistics to detect salient outline points (edge points). The authors note that
the Canny edge detector selects edge pixels based on large intensity gradients in the
neighborhood, which is equivalent to selecting pixels with large standard deviations
of the intensities within the neighborhood. This observation allows us to generalize
beyond pixel intensities to any per-pixel features computed between a center pixel and
its neighborhood using a "measure of feature correlation" function. Wu et al. [WZPB23)]
transfer this idea to point cloud sampling by utilizing a k-nearest neighbor algorithm to
obtain a local neighborhood for each 3D point. First, each 3D point is processed using
multiple EdgeConv blocks [WSL™19| to obtain per-point feature vectors. Next, for each
point, a local neighborhood is constructed by applying the k-nearest neighbor algorithm,
from which a correlation map is computed as the attention [VSPT17] between the center
point and its neighbors. This attention map represents the relative importance of the
neighbors of a point. To assess how "edge-like" each point is, the standard deviation of its
attention weights is calculated, and points with higher standard deviations are selected
as a representative subset. This allows the network to output an arbitrary number of
m sampled points by taking the points with m highest standard deviations. Similarly
to previously discussed sampling approaches, APES is trained and evaluated using a
pretrained and frozen task network.

The APES network is a task-aware sampling network, capable of selecting informative
points from a point cloud rather than generating new ones. It supports flexible output
sizes by ranking points based on their edge saliency and selecting the top m representatives.
However, due to the network prioritizing boundary points, it might underrepresent interior
regions of the shape, potentially missing important structures that are not located near
edges. Additionally, the network is highly dependent on the hyperparameter k for the
k-nearest neighbor sampling, where an overly small k£ might lead to context loss, while a
large k£ might incorporate unrelated or distant points into the neighborhood.

Chen et al. [CCQ™ 26| argue that previous point cloud sampling strategies do not effectively
capture complex relationships between neighbouring point clouds. The proposed GS-Net,
based on graph neural networks [SGTT09|, first converts each point from the input point
cloud into a single graph node, and constructs an adjacency matrix A capturing k nearest
neighbors of each point. After the graph is constructed, a structure encoder based on
GraphSage layers [HYL17] is applied to aggregate local neighbourhood information and
learn structural features for each node. The resulting multi-scale point-wise embeddings
are aggregated to fuse local and global features into a single vector, and fed into an
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Table 2.1: Overview of influential sampling networks.
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MLP to predict sampled point coordinates. Similarly to Dovrat et al [DLA19] or Lang
et al. [LMA20], GS-Net is optimized end-to-end using a downstream task network. The
optimization combines a task loss, based on the direct feedback from the downstream
task network, and a proximity loss, which encourages the sampled points to remain close
to the original point cloud. This approach effectively encodes the local relationships
between points and captures multi-scale local details. However, constructing the graph
for large point clouds can be computationally expensive and may introduce unwanted
latency. Additionally, the authors note that GS-Net primarily focuses on single-object
datasets, and extending it to multi-object or large-scale scenes may introduce additional
challenges.

2.2.2 Sampler Summary

From the related work analyzed, we identified two core methodological differences between
the samplers introduced in prior studies: the supervision paradigm employed during
training, and the flexibility of the output size. The supervision paradigm refers to
whether training involves task-specific supervision by directly minimizing the loss of a
task network through gradient feedback, or by optimizing the sampler independently
without access to the task loss during training. Output size flexibility captures whether
a method generates subsets of a fixed size (and requires retraining for different subset
sizes) or uses a single trained model to produce subsets of varying sizes. For all methods
introduced above, Table [2.1 reports their characteristics in terms of the two overarching
criteria. The sampling pipeline presented in this work is based on SampleNet [LMA20)]
and, consequently, employs a task-driven training paradigm while producing subsets of a
fixed number of points.
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2.3 Identified Gap

Our goal is to implement data-aware sampling of subsets from binary segmentations
of 3D medical images, from which the original segmentation can be reconstructed with
maximal accuracy. However, sampling voxel grids directly is challenging due to their rigid,
predefined structure, high memory requirements [SEJI8, BTZ"21], and the difficulty of
designing a sampling architecture that can generalize across different resolutions and
voxel spacings [GLBT19]. For this reason, we propose to convert voxel grids containing
binary segmentations into the point cloud domain, where we perform the sampling, and
map the sampled points back to volumetric representation and extract the corresponding
volumetric patches for downstream processing. The point cloud domain allows us to
simplify the input point clouds to obtain a lightweight representation of the underlying
object, removing redundant or similar points while preserving overall structure. It also
requires less memory because only occupied points are stored.

All the previously discussed point cloud-based samplers achieve remarkable performance
on benchmark datasets and demonstrate the effectiveness of task-aware point selection.
By learning to identify relevant points, they reduce computational cost and improve
performance across tasks such as classification, reconstruction, and segmentation. How-
ever, these methods have been evaluated on point clouds representing surface geometry,
typically hollow or sparsely sampled 3D shapes, and their effectiveness on densely filled
data remains unexplored. In addition, the samplers are trained and evaluated on clean,
synthetic datasets, with testing on real-world data missing. As a result, the ability of
these methods to capture real-world data and their robustness to artifacts, such as noise
or outliers, remains unverified. Finally, supervised point cloud sampling networks, such
as the work presented by Dovrat et al. [DLA19] or Lang et al. [LMA20] are trained using
downstream task networks that operate on point clouds, using task losses computed
on point cloud outputs. In contrast, our goal is to utilize a volumetric reconstruction
network with a loss defined on 3D volumes, which requires adapting the training of the
sampling pipeline to accommodate the volumetric-based loss.

This work addresses all of the aforementioned limitations. The proposed sampling pipeline
is designed with the goal of optimizing sampling for the reconstruction of volumetric
shapes. To reduce memory requirements and address the challenge of designing a sampler
that generalizes to different input resolutions, we transform the sampling problem into the
point cloud domain. We adopt a point cloud sampling architecture SampleNet [LMA20)]
and modify its loss to support volumetric data sampling and allowing processing of dense
point clouds. Finally, we train and evaluate the proposed pipeline on two real-world
datasets of 3D medical images, testing its robustness to realistic variability, noise, and
artifacts.
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CHAPTER

Methodology

We begin this chapter with the Problem Formulation in Section 3.1, defining the objects
and notations used, and introducing a formal definition of the sampling problem. Addi-
tionally, we discuss the motivation behind the design choices of the proposed pipeline.
The pipeline is divided into three components: Vozel Grid Conversion, Point Cloud
Sampling, and Patch Ezxtraction, each illustrated in Figure 3.1 The Voxel Grid Con-
version takes the input voxel grid, representing the binary segmentation of a medical
structure, and converts it to a point cloud representation, and is described in Section
3.2. Subsequently, the Point Cloud Sampling processes the point cloud and outputs a set
of points representing the centers of the proposed volumetric patches. The underlying
architecture for generating the patch proposals is described in more detail in Section
3.3. Next, the Patch Extraction component performs the inverse mapping from the point
cloud domain to voxels, yielding a set of volumetric patches with their respective coordi-
nates. Section |3.4] provides further details on how we implement the inverse mapping
in a way that maintains full differentiability with respect to the generated coordinates
from the previous step. Finally, in the last step, we process selected volumetric patches
using a pretrained and fixed reconstruction network to obtain the complete shape of the
input binary segmentation. We discuss the utilized volumetric reconstruction network in
Section [3.5.

3.1 Problem Formulation

First, in Section 3.1.1 we provide definitions of objects and notations used in this Chapter.
Section |3.1.2) then presents a formal definition of the problem of sampling volumetric
patches. Finally, Section 3.1.3| discusses the motivation behind the design choices of the
proposed pipeline.
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Figure 3.1: Overview of the proposed pipeline. First, we utilize two proposed modules
to convert the input segmentation V to the point cloud domain and downsample it
(Section 3.2). Next, we employ a sampling architecture by Lang et al. [LMA20] to process
each point cloud and generate a simplified point cloud G. We adapt their Projection
module to project the simplified point cloud G onto the input point cloud, producing
a set of patch center proposals R, with modifications to its training and inference
(Section 3.3)). A proposed Extraction module then aligns extracted point samples R with
input segmentation V' and produces a set of volumetric patches (Section 3.4). Finally,
we employ a reconstruction network by Amiranashvili et al [ALL™22], which processes
the extracted patches and return the reconstruction V' (Section 3.5).
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3.1. Problem Formulation

3.1.1 Objects and Notations

Let Mxy,z(D) denote the set of all 3D matrices (voxel grids) of size X x Y x Z with
entries in the domain D. Given a binary segmentation V' of a 3D medical image, we have
V € Mw.u,p({0,1}), where W, H, D € Z are the spatial dimensions of the voxel grid. As
an example, consider the result of a CT scan with a corresponding binary annotation
obtained through expert reviewers [TTKORS20).

In close relation we define P,, as the set of all point clouds with n points in R?, where
each point cloud is of the form {p;}}'_; with p; = (24, yi, zi) with z;, y;, z; € R. We denote
¢u(P) as a point cloud transformation function, which maps a point cloud P € P, to
a point cloud P € P, i.e. ¢u(P) : Pp — Pp, where p denotes a set of statistics (e.g.
minimal and maximal coordinates, or mean and standard deviation). Throughout this
work, we assume ¢, to be invertible and denote gb;l(f)) as its inverse function.

We define a cubic neighborhood C3 C R3 of edge length s, centered around point q € R3
as an axis aligned cube of edge length s € Z,s > 1 with q = (q1,¢2,93) as the center
point, i.e.,

C%:= {a € R® | max|a; — q;| < g}, i={1,2,3}. (3.1)
K3
Given a point q € R3, we define a patch coordinate grid

X =A{xijk}ijr=1 (3.2)

as the set of center points of a regular s X s x s sampling grid over a cubic neighborhood
C3, where

j— stl
2

xijr=a+ [j—L |, ijk=1,...,s (3.3)
k_s+1

N ‘

Correspondingly, we define patch labels Y9 as a set of binary labels for each x € X4:

Y= {yi,j,k}f,jykzla Yijk € {07 1}7 iaja k= 17 PR

Finally, let P € P,,. We define a volumetric patch centered at point q as Q9 = (X9,Y?).

We further define the set of volumetric patches associated with point cloud P as K =
{Q9 | q € P}. Let K denote the set of all volumetric patch sets, then we define
K, ={K € K,|K| =n} set of all volumetric patch sets containing n patches.

For convenience, we further define an indexing of a patch @ = (X,Y’) by a linear index
n € {l,...,s%} via indices i, j,k € {0,...,5 — 1} where n =i +s%-j+s-k+1 as:
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3
X - {XTL};:17 Xn - xi,j,k7 (3 4)

3
Y ={yn}n=1, ¥Yn=VYijk

In the context of this work we assume there is a given reconstruction model denoted
frec, which processes a set of n volumetric patches K, and outputs a voxel grid Ve
Mw 1,p({0,1}). We denote fsamp for a point cloud sampler as a function that projects a
point cloud P € P, to a subset G of m = |G| elements, i.e., foamp : Pn — Pum.

Finally, we denote || - ||2 as the Euclidean norm of a vector v, i.e.,

3.1.2 Problem Definition

In this thesis, we assume that we are given a voxel grid V' representing a binary segmen-
tation of a medical object. The objective is to select a representative set of m volumetric
patches K* € I, from V such that the reconstructed volume V, obtained as V = frec(K*),
maximizes a reconstruction quality measure p : My, g p({0,1}) X Mw g,p({0,1}) — R.
Formally, this can be written as:

A

K* =argmax p(V, V), V = frec(K).
Kekm

3.1.3 Problem Decomposition

Voxel Grid Conversion In this work, the input data are represented as voxel grids with a
fixed resolution. However, the voxel grid structure makes it difficult to design a sampling
architecture that generalizes well across different resolutions and voxel spacings [GLB™19].
Additionally, voxel grids explicitly store values for all voxels, including those representing
empty space, resulting in significant memory requirements [BTZ"21]. We therefore
introduce a simplification step that reduces the number of points while preserving the
overall shape, yielding a lightweight approximation that captures the global geometry.
This simplified point cloud is then used as a guide for subsequent point cloud sampling.
For this reason, we design a Vozxel Grid Conversion component (Section 3.2), which
transforms the input voxel grid V' to a point cloud P of n points.

Point Cloud Sampling Next, our target is to process P and obtain a set of m points R,
which we can interpret as a set of centers of patches of a specified size s. By placing a
cubic neighborhood in continuous space around each center point r; € R, we define the
corresponding set of volumetric patches K € KC,,,. To obtain R, we adapt a state-of-
the-art sampler fsump from Lang et al. [LMA20], chosen for its lightweight design and its
ability to select points guided by the downstream task instead of using generic sampling
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strategies. The sampler processes an input point cloud P and generates a new point
cloud G € P,,, representing a subset that characterizes the underlying input point cloud
P. However, because the architecture of fsen does not restrict its output in any way,
points of G are not guaranteed to be generated in the proximity of the input point cloud,
and interpreting them as centers of volumetric patches could result in extracting patches
without any content. To resolve this issue, we adapt the soft-projection operator from the
same work, which provides a differentiable mechanism to move points close to the input
point cloud P. This operator projects points g; to r;, by representing them as weighted
sums of their k nearest neighbors in P. This way, a volumetric patch centered around r;
is guaranteed to have an intersection with the underlying voxel grid (Section 3.3).

Patch Extraction In order to obtain the set of volumetric patches K and to provide
the reconstruction network with the required input, we need to convert the sampled
point cloud R into volumetric patches. For this purpose, we employ a Patch Extraction
Module fextract, which, for each sampled point r € R, gathers the neighborhood voxel
coordinates and extracts their corresponding binary labels from the underlying voxel grid
(Section 3.4)).

Reconstruction Finally, after we have extracted the set of volumetric patches K*, we
apply the reconstruction operation fre. to produce the reconstruction 1% (Section 3.5).
This step is necessary for training of the sampling component, which integrates the
subsequent task performance into its training. Additionally, since our goal is to maximize
the reconstruction performance measure p, we use V to evaluate the effectiveness of the
sampling component.

3.2 From Voxel Grids to Point Clouds

In our pipeline, we propose performing the core sampling process in the point-cloud
domain. Compared to the original voxel grid structure, point clouds require less memory,
as only occupied voxels are considered as points [LTLH19]. Moreover, the point cloud
representation allows for generating points in a smooth manner, without any discretization
steps [LTLH19]. Lastly, point clouds are not limited to a specific spatial resolution, which
simplifies training across multiple resolutions of medical scans [LTTLHI9].

The purpose of this component is to process an input voxel grid V' into a point cloud
P € P, which is performed using two steps.

First, we convert V into Pyense € P, where [ is a number of occupied voxels in V. Each
occupied voxel is transformed into a point in 3D space with the indices in the volume as
its coordinates. Hence, Pyense 18 described by:

Paense = {(i,5,k) eR* | 0<i <W, 0<j < H, 0< k<D, V[i,j,k] =1},  (3.5)
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Figure 3.2: Distributions of the number of occupied voxels in each sample across selected
datasets with varying grid resolution.

However, such conversion produces point clouds of varying sizes, depending on the number
of occupied voxels in the respective segmented scans. For reference, Figure 3.2 presents
histograms showing the distribution of occupied voxel counts across the datasets used for
evaluation, which are described in more detail in Section 4.2l

To ensure comparability with existing state-of-the-art approaches, which often operate
on point clouds of a constant size [DLAT9, [LMA20, [YSA23], we downsample each dense
point cloud Pgepse Obtained from the corresponding voxel grid V, to a fixed number of
points. This produces a new point Pijy,p1 with a consistent size n. Additionally, the
downsampling step addresses a practical challenge in our pipeline: as each converted
point cloud contains tens of thousands of points (see Figure 3.2), direct processing could
overwhelm the sampling architecture by providing too many similar points [LLZ21]. By
reducing the number of points, we create a sparse yet representative object encoding that
preserves the overall shape while simplifying the input for the sampler. At the same time,
we retain the original full-resolution voxel grid, which allows us to extract volumetric
patches at full resolution around each generated patch center provided by the sampler.
This reduction in the number of points also reduces memory requirements, speeds up
training of the sampling network, and results in shorter overall inference times.

As we want to simplify the point cloud in a way that uniformly spreads out the points,
we utilize a Sobol sequence [Sob76], which generates quasi-random points with uniform
and distributed coverage of space. The Sobol sequence consists of points within a d-
dimensional hypercube [0,1]%, from which we draw n samples in the three-dimensional
domain [0, 1]3. We then normalize the dense point cloud to range [0, 1] to match the scale
of Sobol samples, and finally obtain the simplified point cloud Piy,p1 by nearest neighbor
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matching [CHG7] between the Sobol points and the normalized point cloud. Formally,

PSimplz{f)17---af)n}7 Py = arg min ”Sk_pH27 k=1,...,n,

pepdense

where S = {s1,...,s,} C [0,1]3 is a Sobol sequence.

Finally, we apply a point cloud transformation operation ¢, to normalize the point cloud
P and save the normalization statistics u for later use:

P = ¢M(Psimpl)

3.3 Point Cloud Sampling

Once the voxel grid is converted into a point cloud P € P, this point cloud is processed
using a Point Cloud Sampling component, as depicted in Figure 3.1. The purpose of
Point Cloud Sampling is to retrieve a set of points that provide a compact representation
of the input point cloud, based on how informative each point is for the reconstruction
task. Formally, the Point Cloud Sampling component is defined as a function

fsamp . Pn — Pm; fsamp(P) = R,

which outputs a set of sampled points R used as centers of volumetric patches. For a
given set of sampled points R, the corresponding volumetric patches K® are uniquely
determined as

K® ={Q" |Vr e R}.

In accordance with Section 3.1.2, our goal is to select a representative patch set K* € ICp,
that maximizes reconstruction measure p. We achieve this by optimizing over the
candidate point cloud R € P,, and then extracting the associated patch set:

R* = argmax p(V, frec(K®)), K*=KT.
REPH

In our pipeline, fsamp is implemented as two stages: the Samples Proposal stage fgen and
the Projection stage fproj, illustrated in more detail in Figure 3.3. The Sample Proposal
stage produces a preliminary set of sampled points, while the Projection stage refines their
locations with respect to the underlying point cloud P to ensure that, when interpreted
as patch centers, each point defines a volumetric patch that is in close proximity or
intersects the underlying voxel. Formally, given an input point cloud of 3D coordinates
P, the two stages operate sequentially as:
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R = foroj(fgen(P), P), (3.6)

yielding the set of proposed patch centers R € P,,.

In this work, we implement fge, as a neural network, mapping the input point cloud P to
a set of m sampled points, G € Pp,. The architecture of fyen follows Lang et al. [LMA20]
and employs a linear output layer without normalization or activation functions. For this
reason, the point coordinates are generated unconstrained in the 3D space. However, it
is possible for samples generated freely in the continuous space to be positioned far from
the input, and as a result, each volumetric patch extracted around such a sample will
not contain any meaningful part of the underlying structure. For this reason, the fpro;
is introduced: a projection mechanism that differentiably maps all generated samples
from G onto local point neighborhoods in P, illustrated in Figure 3.6. Because projected
samples are represented as convex combinations of points from P (cf. Equation 3.3)),
patches extracted using such projected samples are guaranteed to lie within the convex
hull of P and V. In practice, this projection significantly reduces the likelihood of
sampling patches far from the underlying structure by constraining projected samples to
lie within the convex hull of the shape. Both the sample Proposal architecture and the
soft projection module are adopted from the framework proposed by Lang et al. [LMA20].
However, we adapt the projection module to better suit our proposed pipeline and goal.
Unlike Lang et al. [LMA20], whose method operates on full-resolution point clouds
with a fixed number of points and aims to select an actual subset of the input points,
in our settings, the input point cloud represents a simplified geometry of a volumetric
shape. Consequently, we do not constrain the sampler to select a discrete subset of input
points and instead allow it to propose arbitrary locations in continuous space around
the simplified geometry. This enables exploration of intermediate regions that are not
explicitly represented in the downsampled point cloud.

Samples Proposal Stage The Samples Proposal Stage fgen is formalized as a function
fgen i Pn — P, fgen(P) =G,

which maps the input point cloud P to a generated point cloud G consisting of m points.
Each point in G is unconstrained in the 3D space, as the network employs a linear output
layer without normalization or activation.

The architecture of fgen follows SampleNet [LMA20]. First, a series of 1 x 1 Convolutional
layers, interleaved with ReLLU activation and Batch Normalization, processes each point in
the input point cloud independently, resulting in per-point feature vectors. A symmetric
max-pooling operation then aggregates these features into a single global feature vector,
which ensures that the architecture is invariant to the ordering of points in P. Finally, a
linear layer followed by Batch Normalization and ReLLU, and a final linear layer produce
the three-dimensional coordinates of each generated point in G.
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Figure 3.3: Point Cloud Sampling component consists of two stages: the Simplification
stage employs a neural architecture processing an input of n points P € P,, into a set of
generated points G € P, freely positioned in the continuous space. To obtain samples
closer to the input point cloud, a Projection stage applies a soft projection operator that
maps generated samples onto a local neighborhood defined by the underlying point cloud.
Image adapted from Lang et al. [LMA20].

Projection Stage The purpose of the Projection stage is to ensure that each generated
point serves as a meaningful patch center, such that a volumetric patch placed around it
is in close proximity or ideally intersects the underlying voxel grid rather than sampling
empty space. Since the Proposal stage produces points freely in the continuous space

without explicit spatial constraints, some of them may lie far from the underlying object.

To address this issue, in this stage, the points are projected onto the input point cloud,
ensuring that all sampled locations correspond to meaningful regions of the data. This
projection is implemented by adapting the Soft-projection operator proposed by Lang et
al. [LMA20], illustrated in Figure 2.12.

Formally, given point clouds G € P,, and P € P,,, both embedded in R3, the Projection
Stage fproj maps G onto the geometric structure represented by P, producing a point
cloud R € Py,:

fproj : P X Pr = P, fproj(G7 P) =R,

In this stage, for each generated point g € G, I denotes the index set of its k-nearest
neighbors in P. Each projected point r € R is then computed as a weighted sum of its
respective neighbors:

exp(—|lgi — pjll3/1%)
r; = g w;pj, w; = . (3.7)
o T T s exp(—lgi — pll3/2)
JELY P

Here, a learnable temperature parameter ¢ controls the sharpness of the weighting and
is optimized jointly with the weights of the sampling network during training. The
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neighborhood size k = ]I§| plays a role in the choice of sampled points, where a small
neighborhood size demotes point cloud exploration, while an excessive size may result in
loss of local context [LMA20]. In practice, k is treated as a hyperparameter and chosen
empirically based on validation [LMA20].

3.4 Extraction of Volumetric Patches

The sampling component fsamp produces a set R € Py, of points, each projected onto
its respective local region on the underlying input point cloud. We treat each projected
sample r as a proposal for the center of a patch around it. The goal of the Patch
Extraction Module fextract 18 to convert each projected point r € R into a volumetric
patch of edge length s, producing the set of m patches K € K,, extracted from the
voxel grid V. Formally:

fextract : Pm x R x MVV,H,D({O’ 1}) — ’Cm, fextract(Ra K, V) = KR

The projected samples r € R are expressed as convex combinations of points from the
input point cloud P and do not form a subset of the input point cloud. For this reason,
it is not possible to directly voxel-align the projections with the voxel grid containing
the binary shape segmentation, and a method is required that can extract volumetric
patches around continuous coordinates rather than using discrete voxel indices.

Accordingly, the employed Patch Extraction module converts the proposed patch centers
r € R into a set of volumetric patches K%, suitable for the reconstruction task, and
converts the data representation back to a voxel grid, as illustrated in Figure 3.4. This
extraction process must be fully differentiable with respect to the outputs of the preceding
stage (i.e., the coordinates in point cloud R), since the sampler is trained using gradients
propagated from the reconstruction network, which flow through the extraction operation.
Furthermore, the reconstruction network, outlined in Section 3.5, performs inference-
time optimization, using binary labels for each patch coordinate as ground truth. For
this reason, it is necessary to extract not only the patch coordinates but also their
corresponding binary labels from the underlying input voxel grid.

Let V' denote an input voxel grid, and let r = (r4,ry,7,) € R be a projected point
obtained from the sampling stage. We first map r back to the voxel grid coordinate
domain using the inverse transformation qb;l, where p are the transformation statistics
from Section 3.2 (Equation 3.2). We denote the resulting point as

= (P, Ty, 72) = ¢, (r).

Finally, let s denote the edge length of a cubic neighborhood C}. The coordinates of the
patch and the corresponding voxel labels are then obtained as
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Figure 3.4: Patch Extraction around a projected point. A 3D projected point (red) is
positioned within the voxel grid, and a fixed set of relative offsets is applied to collect
neighboring coordinates (orange). Each coordinate is assigned a binary occupancy value
from the underlying voxel grid using the nearest-neighbor matching.

X' ={(Fo +i,7y+ 4,7 +k) | 4,5,k e{|—-s/2],...,[s/2]}},

(3.8)
Y = {Vlround(x)] | Vx € X"},

where round: R? — Z3 is the component-wise rounding operator defined by
round(x) = (|z1], [22], [#3])), x = (1,22, 23) € R,

Finally, we extract the volumetric patches corresponding to the sampled points R,
obtaining the set K. We treat each projected point as the center of a continuous patch

and extract patch coordinates using relative offsets from the respective patch center.

This allows us to obtain the set of patch coordinates in a differentiable manner.

3.5 Reconstruction from Volumetric Patches

In the final step, frec processes extracted volumetric patches K associated with R, and
reconstructs a complete shape V' in the same resolution as the input voxel grid V.

In the proposed pipeline, we incorporate the state-of-the-art architecture of Amiranashvili
et al. ﬂm, as it successfully targets the reconstruction of segmentations of medical
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shapes. More details on this architecture are provided in Section 2.1.2. The architecture
takes a single 3D coordinate and a d-dimensional latent vector, which encodes a shape-
specific representation, and predicts an occupancy probability at that coordinate. We
pretrain the reconstruction network separately from the sampler and freeze its parameters.
The shape reconstruction then consists of two stages: Shape-specific Encoding and
Reconstruction Inference, both illustrated in Figure 3.5.

3.5.1 Shape-specific Encoding

The reconstruction procedure starts by obtaining a shape-specific encoding of the target
shape. Given a set of sampled patches K and a randomly initialized d-dimensional latent
vector z ~ N (0, 10_4) € R?, the goal is to obtain a latent vector z.. € R%, representing
the specific encoding of the shape being reconstructed.

For each set of patch coordinates X’ and the corresponding ground truth occupancy
labels Y*, fiec predicts occupancy values for each patch coordinate:

V= freo(Xh,2), j€{1,2,..5%) (3.9)

where X} is the j-th coordinate of the i-th patch, Y; € [0, 1] is the predicted occupancy,
and s is the edge length of each patch. The shape-specific latent vector ze. is then
obtained by minimizing the reconstruction loss over all patch coordinates:

zrec—argmanZL Y YZ (3.10)
=1 j5=1

where L, is a reconstruction loss, comparing predicted occupancy f/; to the ground truth
Y. During this optimization, the latent vector z is updated through a fixed number of
gradient descent steps (see black rectangle in Figure 3.5)). This process encodes the specific
shape into zyec, which is then used in the following step to obtain the full-resolution
reconstruction.

3.5.2 Reconstruction Inference

After the latent vector optimization, the function fiec(, zrec) encodes the reconstructed
shape as a continuous implicit function, which can be sampled at arbitrary points to
obtain the shape at any desired level of detail. As we aim to reconstruct a shape 1%
with the same resolution as the input, we utilize a coordinate grid € that corresponds to
the centers of all voxels in a W x H x D lattice. Then the full shape may be recovered
through V= Jree(€2, Zrec), Where

= ({0,1,....,W =1} x{0,1,...,H—1} x {0,1,...,D —1}) + (sz,sy,sz) (3.11)
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Figure 3.5: Reconstruction of a full resolution segmentation from sparse patches. A
randomly initialized latent vector z is optimized T times by predicting the occupancy
values Y for the coordinates of all sampled patches X. Afterwards, the optimized latent
vector, Zree, 1S used in one more pass where all discrete coordinates creating the full
resolution coordinate grid €2 are evaluated.

Here, W, H, D denote the dimensions of a full resolution grid, corresponding to the
dimensions of the input voxel grid V, and (s, sy, s;) denote the voxel sizes along each
axis. See the top row of Figure 3.5 for illustration.

3.6 Model Training

To optimize the sampling architecture, we follow Lang et al. [LMA20] and utilize (i) a
sampling loss term L, and (ii) a reconstruction loss term L,, each computed from a
different stage of the sampling pipeline, as illustrated in Figure [3.7. The overall loss
Liotal is then computed as a weighted sum of the two loss terms as:

Liotal = As - Ls + A - Ly (3.12)

The sampling loss provides general guidance to the network based solely on the positions
of generated and projected points, while the reconstruction loss provides direct feedback
based on the reconstruction performance.
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Sampling Loss 'The sampling loss £, provides general geometric guidance to the sampling
network by encouraging a well-distributed and input-aware set of points, as well as
promoting exploration of the entire object. It is computed based on the input point
cloud P, the generated point cloud G, and the projected point cloud R, as illustrated in
Figure 3.7, We compute the loss as the sum of two terms: the proximity loss and the
repulsion loss.

The proximity loss Lproximity encourages points from G' to be generated closer to the
input point cloud P. Maintaining generated points near the surface of the input point
cloud stabilizes the subsequent projection step. When a generated point lies far from
the input surface, even small updates to its position during training can lead to large
displacements of its projected counterpart, resulting in unstable learning. In comparison,
generating a point close to the input results in precise projections with the ability to
perform finer movements. The proximity loss is defined as:

m—

ﬁproxnnlty G P Z ’gz pj”%v gi, Pj € Rs (313)
] O

where m = |G|. Contrary to Lang et al. [LMA20], we do not employ a maximal nearest
neighbor loss, as we found that it does not improve sampling accuracy or accelerate
convergence.

The purpose of the repulsion loss Lyepulsion is to prevent patch centers, and consequently
the extracted patches, from collapsing onto each other by enforcing a repulsive interaction
between points. It is defined as:

1

£repulsion (R) - Z (3 14)

{i,j}eI‘R ||r7/ - r]”2

where Zx is the set of indices for all possible pairs of points in R. Compared to Lang
et al. [LMA20], we reformulate the repulsion loss to accommodate point clouds with
interior points. The original formulation depends on distances between projected samples
r and the input point cloud P, and implicitly assumes that the input points represent
the outer surface. In contrast, our definition of Lycpuision does not depend on the spatial
distribution of the input point cloud, but rather encourages a point spread based only on
positions of the samples r themselves.

Finally, the overall sampling loss is defined as a weighted sum of the two loss terms
presented above:
['s = Aproximity : »Cproximity + )\repulsion : Erepulsion‘ (315)

In the original loss formulation of Lang et al. [LMA20], the sampling loss £ has an
additional loss term, the projection loss. In order to accommodate the sampler into our
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proposed volumetric pipeline, we do not include it in out overall loss. In the formulation
of Lang et al. [LMA20], the projection loss is defined as the temperature parameter t2
(cf. Section [3.3). The learnable temperature parameter ¢ controls the distribution of
the projection weights {w; | i € Zp(g)}, and as t — 0, the projection approximates the
nearest-neighbor matching (Figure 3.6). In Lang et al. [LMA20], the aim is to sample an
actual subset of the input point cloud, which is achieved by including the temperature
parameter in the loss and encouraging it to approach zero as training progresses, resulting
in a nearest-neighbor approximation. However, approximating nearest-neighbor matching
and producing an actual subset of the input point cloud does not align with the design of
our proposed pipeline. We treat the input point cloud as a simplified shape reference and
generate samples in between the original points. Training the temperature parameter
to approach zero and using approximate nearest-neighbor matching would constrain
each generated point to lie exactly on a previously downsampled point cloud. This
would restrict patch selection to only the locations corresponding to the downsampled
points, ignoring potentially informative regions in between. In our implementation,
we retain the learnable temperature parameter but do not enforce its convergence to
zero through any loss, allowing the network to freely explore the intermediate regions.
Additionally, during inference, Lang et al. [LMA20] replace the soft projection module
with the k-nearest-neighbor matching, which selects actual points from the input point
cloud. Similarly, to avoid restricting the projected points to the discrete locations of the
downsampled input, we do not replace the nearest neighbor matching during inference
and keep the soft projection module, including the temperature parameter.

Reconstruction Loss The reconstruction loss provides direct feedback based on the
quality of the volumetric reconstruction. Following Amiranashvili et al. [ALL™22|, we
utilize the soft dice score and binary cross entropy (BCE) in a per-voxel manner, defined
by:

2 Zi\il VUi + €
N - N
s Ui+ v te

Lice = (3.16)

| N
LBcE = N [vi log(?;) + (1 — v;) log(1 — 04)], (3.17)

=1

where v; denotes the predicted occupancy value from the linearized reconstructed voxel
grid V e Mw . p({0,1}), v; € {0,1} is the ground truth occupancy value from the
flattened input voxel grid V' € My, g p({0,1}), N = W - H - D is the total number of
voxels in V', and € is a small positive constant to prevent division by zero.

Then the loss of the reconstruction network L, is defined as the sum of the Dice loss and
the binary cross entropy:

L, = Lpice + LBCE- (318)
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Figure 3.6: Soft projection operator with learnable temperature parameter ¢ from the top
view. Using an input point cloud as a reference (red), the generated point (dark blue)
is expressed as a sum of its nearest neighbors (black squares), scaled by a temperature
parameter. As the temperature approaches zero, the soft operation approximates nearest-
neighbor matching.
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Figure 3.7: The sampling component is optimized using two loss terms, each being
computed from a different stage.

The combination of both losses is a suitable choice for volumetric reconstruction: the Dice
loss measures overall overlap between two segmentations, providing a global assessment of
reconstruction quality, while the BCE loss evaluates each voxel independently, preserving
local accuracy.

In summary, the proposed sampling pipeline converts binary segmentations represented
as voxel grids into a point cloud domain. A sampling architecture, based on the work of
Lang et al. [LMAZ20], processes the input point cloud and returns a smaller point cloud,
representing the most informative points for the reconstruction task. We treat each
sampled point as the center of a cubic neighborhood, split the neighborhood into a uniform
sampling grid, and obtain coordinates for sampling along with their respective underlying
binary labels. Extracting patch coordinates and binary labels for each sampled point
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3.6. Model Training

yields a set of volumetric patches, which are processed using a reconstruction network
based on implicit neural representation, resulting in a reconstruction of the input voxel
grid. The sampling architecture is trained using a combination of the sampling and
reconstruction losses. The sampling loss encourages samples to be generated closer to
the input and promotes sample spread, while the reconstruction loss assures generated
samples are optimized for the reconstruction task. Compared to Lang et al. [LMA20], we
modified both losses to better fit our pipeline: the sampling loss was adapted to handle
point clouds containing points inside, and the reconstruction loss was modified to operate
on volumetric outputs. We further removed the projection loss, since it encourages the
sampler to select actual subsets of the input point cloud, which does not align with our
goal of sampling freely around the input.
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CHAPTER

Experimental Setup

This chapter outlines the experimental setup used to evaluate the proposed sampling
approach. It establishes a framework for evaluation, ensuring consistency, comparability,
and reproducibility across all experiments. Section 4.1 outlines the experiments designed
to address our research questions. In Section |4.2| we outline the datasets used to evaluate
our pipeline, including their preprocessing operations. Two baseline approaches are
detailed in Section [4.3. Implementation details, including network architecture decisions
and hyperparameter settings, are provided in Section |4.4. Finally, Section 4.5 describes
the evaluation metrics and validation strategies employed to ensure robust and reliable
results.

4.1 Experimental Pipeline

This section introduces the evaluation framework of the proposed sampling pipeline. We
assess the performance of the sampling model by measuring its effect on reconstruc-
tion accuracy. We employ a pre-trained reconstruction network by Amiranashvili et
al. [ALL"22|. The reconstruction network is kept fixed across all experiments, ensuring
that observed differences in reconstruction quality can be attributed solely to the sampling
strategy. In addition to the proposed method, the evaluation includes a comparison with
two baseline sampling approaches, which are described in detail in Section 4.3.

The primary objective of the experimental evaluation is to analyze how the patch
configuration (i.e. the number of patches and the patch size) affects reconstruction
performance, since different configurations provide varying amounts of spatial context to
the reconstruction network, which addresses RQ1 and RQ2. To this end, the proposed
sampling pipeline is evaluated across multiple patch configurations, and reconstruction
quality is compared using metrics described in Section [4.5.1. We consider configurations
with N = {4, 8,12} patches, where each patch is a cubic region of K x K x K voxels, with
K ={9,11, 13}, chosen to cover a wide range of sampling densities. These configurations
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range from very sparse sampling with few small patches to denser coverage with more
or larger patches. During our experiments, we observed that configurations with N < 4
and K < 9 provide insufficient spatial context to the reconstruction network, while
configurations with N > 12 and K > 13 require substantially more memory and training
time, making them impractical for our experiments.

Additionally, we investigate how the output of the patch sampler changes when it is
trained using a reconstruction network of reduced accuracy. In practice, reconstruction
networks may be less accurate due to noisy datasets, incomplete annotations, or other
imperfections encountered in real-world applications [MC24]. In order to simulate different
performance levels of the reconstruction model, we vary the number of optimization steps
used to refine the shape-specific latent code z during reconstruction. Smaller values of T’
provide fewer updates to the latent vector, resulting in less shape-specific information and
lower-quality reconstructions, whereas larger T' values produce a more optimized latent
vector and higher-quality reconstructions. By adjusting the number of latent optimization
steps to T' = {33, 66, 100}, we obtain reconstruction models of progressively increasing
quality. We refer to the reconstruction setting with T = 33 as low-quality, T = 66 as
medium-quality, and T = 100 as high-quality, which we consider the default reconstruction
setting. The values of T" were selected using an ablation study (Section 5.4.3)), which
showed that T" = 100 provides a suitable trade-off between reconstruction quality and
computational efficiency, as fewer optimization steps still yield comparable performance
while reducing computational overhead and memory required for gradient tracking.

4.2 Datasets and Preprocessing

For our experiments, we select two publicly available datasets of 3D medical image
segmentations from CT scans. From TotalSegmentator [WBM™23|, which contains
segmentations of multiple different medical shapes, we select kidneys, and then select
VerSe [SHB™21], which contains segmentations of vertebrae. These datasets and shapes
were selected based on the geometrical complexity of each shape and the voxel resolution
of the segmentations. We describe both datasets in more detail in Sections|4.2.1/and 4.2.2
and summarize their properties in Table 4.1.

We filter samples in both datasets using dataset-specific criteria to remove invalid or
corrupted entries. Afterwards, each sample is centered and cropped. The cropping
dimensions are determined empirically by computing the largest 3D bounding box within
dataset shapes and enlarging it by 10% in each dimension. It is worth noting that the
crop does not affect the sampling process, as only occupied voxels are converted into
the point cloud. The advantage of removing empty border regions is in the reduction of
reconstruction time and memory requirements for the reconstruction network, as fewer
coordinates need to be processed and stored during gradient computation. Similarly,
the centering procedure, motivated by Amiranashvili et al. [ALL™22|, does not influence
sampling due to each point cloud being normalized in a later step.
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4.2. Datasets and Preprocessing

Dataset Shape | Modality Voxel size Resolution DaFaset
[mm] size
TotalSegmentator .
[WBMT23) Kidney CT 1.5%x1.5x1.5 | 8 x 85 x 110 300
VerSe Vertebra | CT | 1.0x1.0x1.0 | 128x120x90 | 287
[SHB*21] RO

Table 4.1: Overview of benchmarking datasets.

4.2.1 TotalSegmentator Kidneys

TotalSegmentator dataset [WBM™23]| is a collection of 1204 CT scans. It includes manual
segmentations of 104 anatomical structures, covering a range of bones, organs, muscles,
and vessels, each manually segmented by an experienced physician. To ensure a consistent
representation across the dataset, all scans were resampled to an isotropic resolution
1.5x 1.5x 1.5 mm.

We select the kidney segmentation because of its articulated and relatively smooth
shape. Figure |4.1 illustrates examples from the dataset. In order to remove corrupted or
incomplete kidney segmentations, we apply the following filtering, which was empirically
determined to remove obviously corrupted or incomplete segmentations. First, empty
segmentation are discarded. Then, the number of 3D connected components is counted;
if more than one component is found, the scan is discarded. Finally, segmentations
containing voxels on the boundary of the volume are removed, as these indicate organs
cropped at the scan boundaries, while those with fewer than 25,000 occupied voxels are
discarded to exclude small or incomplete segmentations. This results in a total of 970

volumes of either the left or the right kidney, from which we randomly select 300 volumes.

Kidney segmentations are centered and cropped to shape 85 x 85 x 110.

4.2.2 VerSe

The Large Scale Vertebrae Segmentation Challenge (VerSe) [SHBT21] is a collection of
CT scans of the human spine, released as part of the MICCAI Vertebrae Segmentation
Challenge. The dataset is collected from multiple medical centers and comprises 374
multi-detector CT scans from 355 patients, yielding 4505 manually verified individual
vertebrae segmentations by radiology experts. Figure 4.2 depicts examples of individual
vertebrae.

Following Amiranashvili et al. [ALL™22|, this work filters all available CT scans and
selects those with isotropically spaced voxels. All spine segmentations are then split into
individual vertebrae, which results in a total dataset of 287 volumes. We centered and
cropped each vertebra to shape 128 x 120 x 90.
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4.3. Baselines
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Figure 4.2: Examples of vertebrae segmentations from the VerSe dataset [SHB™21].

4.3 Baselines

Following the authors of influential sampling methods [DLAT9, [LMA20, YSA23], two
non-learned sampling approaches are selected as a baseline: Random Sampling and

Furthest Point Sampling.

Random Sampling

Random Sampling (RS) gathers samples at random. In our experiments, randomly
selected samples are voxel-aligned within the input volume, and volumetric patches are
extracted around them. Figure illustrates an example of the RS applied to two
vertebrae samples from the VerSe dataset [SHBT21].
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(a) 4 patches of size 9 x 9 x 9 (b) 8 patches of size 11 x 11 x 11 voxels

Figure 4.3: Examples of the patches selected by the Random Sampling (RS) algorithm
on the VerSe dataset |[SHB™21].

Furthest Point Sampling

Furthest Point Sampling (FPS) is a widely adopted point cloud sampling method ensuring
a well-distributed coverage of the input space [LMA20]. FPS iteratively selects a point
that is the furthest from the set of previously selected points, and is fully deterministic,
given the first point is selected in a fixed and consistent manner. To evaluate the
generalization capabilities of the FPS, this work employs a non-deterministic variant of
the FPS in which the first point is selected at random.

Similarly to RS, samples selected using FPS are voxel-aligned and patches around them
are extracted. Figure 4.4 illustrates an example of the FPS applied to two vertebrae

samples from the VerSe dataset |[SHB™21].

4.4 Implementation Details

This section presents the implementation details of the proposed pipeline. Section 4.4.1
details the specific hyperparameter configuration, while Section 4.4.2 addresses the
computational optimizations implemented to improve the efficiency of the reconstruction
step.

4.4.1 Hyperparameters

We train our sampling pipeline using point clouds downsampled to n = 2048 points.
This selection follows Dovrat et al. and Lang et al. [LMA20], who train their
sampling architectures using a dataset with samples having exactly 2048 points. We
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4.4. Implementation Details

(a) 4 patches of size 9 x 9 X 9 voxels (b) 8 patches of size 11 x 11 x 11 voxels

Figure 4.4: Examples of the patches selected by the Furthest Point Sampling (FPS)
algorithm on the VerSe dataset [SHB™21].

normalize every point cloud by mapping its spatial dimensions to the range [—0.5,0.5].
Following Lang et al. [LMA20], our Samples Proposal Stage fgen, depicted in Figure [4.5,
consists of series of 1D Convolutional layers of sizes [64, 128,128, 256, 128], interleaved
with ReLU activations and Batch Normalization, followed by a global max pool, and two
Linear layers of size 256 with ReLLU activation and Batch Normalizations. The Projection
Stage fpro; represents each generated point as a weighted average of its £ = 32 nearest
neighbors, scaled by a learnable temperature parameter initialized as ¢t = 1.0. Following
Amiranashvili et al. [ALL¥22], for each full-resolution volumetric reconstruction pass,
a random latent vector is initialized as z ~ N (0,107%) and optimized using T' = 100
optimization steps. The sampling architecture is trained by minimizing a weighted sum
of the loss terms (Equations 3.13-3.18) with weights A\s = 1.0, A, = 1.0, Aprogimity =
1.0,and Apepuision = 0.001. We train the sampling architecture for 400 epochs using the
Adam optimizer [KB14] with a batch size 8, and an initial learning rate of 0.01. A step
learning rate scheduler is employed, reducing the learning rate by a factor of 10 after 200
epochs.

4.4.2 Gradient Tracking

The design of the reconstruction network proposed by Amiranashvili et al.
poses a challenge in implementing a memory-efficient backward pass that fits within
a GPU memory. Each of the T iterations in the latent vector optimization produces
an extensive computational graph. Additionally, the final pass over the full-resolution
coordinate grid, described in Section |3.5.2, where gradients with respect to every input

coordinate must be stored, requires substantial memory to retain intermediate results.
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Figure 4.5: Overview of the utilized sampling architecture, which follows Lang et
al. [LMA20].

To reduce the memory required for saving intermediate values, we employ two strategies.
First, given a batch B = {K; | i € {1,2,...,b}} of b patches, and a set of optimized
latent vectors Z = {2%,. | 2%,. € R% i € {1,2,...b}}, each sample is processed individually
in an explicit for loop. For each index i, the full resolution binary segmentation is
reconstructed from K; and its corresponding optimized latent vector z%,.. Afterwards,
the reconstruction loss is computed, and gradients are backpropagated with respect to
2i... Finally, the gradients obtained from all samples in the batch are accumulated and

propagated through the preceding network layers.

Secondly, following Amiranashvili et al. [ALL™22|, we split the full-resolution coordi-
nate grid into batches, which further decreases the memory required and increases the
throughput. With both strategies we are able to satisfy all memory requirements for a
batched forward pass through the reconstruction network, store intermediate values and
gradients, and backward them with respect to the patch coordinates.

Furthermore, to enable gradient tracking through the T steps of the latent vector
optimization, we employ the library higher [GAY 19|, which converts a neural network
and its optimizer into differentiable, functional versions that support gradient tracking
through the optimization steps.

4.5 Evaluation Setup

This section outlines the evaluation protocol used to assess the performance of all the
compared methods. In Section |[4.5.1, the metrics used to measure reconstruction accuracy
and surface alignment are introduced. Section 4.5.2 describes the validation procedure in
more detail for both learned and non-learned methods.

4.5.1 Evaluation Metrics

To evaluate reconstruction quality, this work adopts three metrics commonly used in
the literature for 3D segmentation assessment [LJZT18, [KBDB™19, [ALL 22, XWL™24]:
the DICE score, the Average Surface Distance (ASD), and the Hausdorff Distance (HD).



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

4.5. Evaluation Setup

DICE Score

The DICE Score is a measure used to evaluate the overlap between two binary volumes

X and Y and is defined as [BSBF17]:

2| XNY

The DICE score ranges from 0 to 1, where a value of 1 indicates perfect agreement
between the reconstructed and reference segmentations, and a value of 0 indicates no
overlap.

Average Surface Distance

The ASD measures the average deviation of the surface of volume X from the surface of
volume Y. In the context of volumetric binary segmentation, the surface of a segmentation

is defined as the contour of the volume. ASD is formally defined as :
1
ASD(X,)Y)= ———— d(z, Sy) + d(y, Sx) (4.2)
|Sx|+ [Sy| (xezsx yEZSY

where:

e Sy is the set of surface voxels of volume V', defined as voxels with label 1 that have
at least one neighboring voxel with label 0,

e d(v,S5) is the minimum Euclidean distance from voxel v to any voxel in the surface
S, formally:
d(v,S) = mi -
(v.5) = min o — 5]l

ASD is measured in physical units (e.g., millimeters). A lower ASD indicates closer
surface alignment, with a value of 0 corresponding to a perfect surface match.

Hausdorff distance

The Hausdorff distance (HD) identifies the largest segmentation error between the surfaces
of two segmentations, X and Y. The Hausdorff distance is defined as [BSB17]:

HD(X,Y) = max{hd(Sx, Sy),hd(Sy, Sx)},

where:

e Sx and Sy denote the sets of surface voxels of volumes X and Y, respectively,

o7



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

4.

EXPERIMENTAL SETUP

o8

o hd(A, B) is the one-sided Hausdorff distance from set A to set B, defined as:

hd(A, B) = max i%%”a —bl|2.

Following the common practice in medical image segmentation |[LJZT18, IKBDB™19,
ALL™22, XWL™24], this work utilizes the robust Hausdorff distance, which uses a 95th
percentile instead of the maximum to reduce sensitivity to outliers and small segmentation
errors:

HD95(X, Y) = max{Pg5(hd(SX, Sy)), P95(hd(SY, SX))}, (43)

where:
o Pys5(-) denotes the 95th percentile of the set of distances.

HDg; is measured in physical units (e.g., millimeters), with a value of 0 indicating a
perfect prediction.

4.5.2 Validation

In order to provide a comprehensive and robust evaluation, avoid overfitting, and
systematically evaluate algorithms based on randomness, validation plays a crucial
role. Validation is the process of evaluating the performance of a model on unseen data
to estimate its generalization ability and provide statistical robustness.

Both the FPS and the Random Sampling baseline approaches are non-deterministic:
FPS selects the first point at random, while Random Sampling selects all the points
at random. In order to gain better insight into the true performance of the baseline
methods and ensure statistical robustness, this work validates each method by running it
n = 30 times and averaging the evaluation metrics. This is a common practice in the
evaluation of non-deterministic algorithms, which ensures that the reported performance
is not dominated by random fluctuations [AB11].

To validate the learned sampling approaches, this work adopts a common practice in
medical image segmentation by employing a 5-fold cross-validation scheme combined
with a 70-10-20 train-validation-test split TKMSH23, [HDNK24].
For each dataset, all available data are split into 5 equally sized subsets (folds). Multiple
models are trained, each on a distinct 4-fold (80% of the available data) and evaluated on
the remaining fold (20%). Within the training subset, the data is further split into 70%
for training and 10% for validation. Each model is therefore trained and evaluated on
different subsets of the data, which supports hyperparameter tuning and avoids overfitting.
The overall performance is reported as the mean metric computed across all test samples,
obtained by aggregating the predictions of the models trained on the individual folds.
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4.5. Evaluation Setup

| Dataset | # samples || train (70%) | val (10%) | test (20%) |
X@Ee 287 200 28 59
TotalSegmentator
300 210 30 60

Table 4.2: Number of samples in train-validation-test splits for benchmarked datasets.

Table 4.2| presents an overview of the number of samples in the training, validation, and
test splits for both datasets used in this work.

To further assess the robustness of the proposed sampling approach, statistical hypothesis
testing is employed, including the parametric t-test [Stu08] and the non-parametric
Wilcoxon signed-rank test [Wil92].
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CHAPTER

Results and Discussion

This chapter presents the evaluation results of the proposed sampling pipeline and provides
a discussion and interpretation of the collected results. We evaluate the performance of
our proposed learned sampling approach and compare it against the baseline FPS and
Random Sampling methods described in Section 4.3. All methods are evaluated using
the reconstruction metrics introduced in Section 4.5.1), following the experimental setup
detailed in Section 4.5.

We organize the results according to the individual research questions and related
experiments, and present them in separate sections. In Section 5.1, we analyze which
patches are the most informative for the reconstruction task and how the quality of the
reconstruction model affects the patches selected by our learned sampler, addressing
RQ1. In Section 5.2, we tackle RQ2 by investigating how the patch configuration (i.e.,
the number of patches and the patch size) affects reconstruction performance metrics.
Section 5.3 discusses the results of the experiments implemented to address RQ3 by
evaluating computational aspects of the pipeline, including execution time and memory
requirements of the proposed pipeline. In Section 5.4, we investigate the impact of
selected hyperparameters used in the proposed sampling pipeline, and provide the results
of an ablation study. Finally, in Section 5.5 we summarize the key findings and in
Section 5.6 we discuss the limitations of the proposed sampling pipeline.

5.1 Patch Selection and Impact of the Reconstruction Model

In order to accurately reconstruct the full 3D shapes from partial observations, selected
patches should capture the global nature of the object as well as internal structures.
Patches placed on the surface of the shape are essential for correctly determining the size of
the object, its orientation, and overall geometry. However, to reliably reconstruct complex
topologies, such as those with internal cavities or holes, patches placed within the object
are needed. To address RQ1, we evaluate which patches our learned sampler identifies as
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Figure 5.1: Reconstruction performance evaluated for different numbers of latent vector
optimization steps 7' € [10,100]. The green line represents 7' = 33, the blue T' = 66, and
the red T' = 100, which are used in our further experiments.

most informative, such that reconstruction from these patches maximizes reconstruction
performance. We compare the selected patches and resulting reconstructions with baseline
sampling methods and analyze how changes in reconstruction network quality affect the
patches selected by each sampling strategy. In our experiments, we evaluate reconstruction
networks of low, medium, and high reconstruction quality, obtained by varying the number
of optimization steps T' (cf. Section 4.1). The effect of varying 7' on reconstruction
performance is illustrated in Figure 5.1, where we analyze the reconstruction performance
trends over the interval T' € [10, 100] on two example patch configurations (4 x 13 and
12 x 13).

Across both datasets, the impact of the sampling strategy depends on reconstruction
quality and object complexity: for low-quality reconstruction with 7' = 33 (cf. Tables 5.1,
5.4, and Figures 5.2a), 5.2b), the learned sampler provides increased DICE scores with
improvements of approximately 2-3% in small to mid-size configurations (N = {4,8}, s =
{9,11,13}), along with consistent reductions in ASD (decrease by 0.2-0.5mm) and HDgs
(decrease by 0.1-0.6mm) compared to FPS. This demonstrates that the proposed learned
sampling is particularly effective when the reconstruction capacity is limited. For higher-
quality reconstruction (cf. Tables 5.2, 5.3, /5.5, 5.6 and Figures 5.3, /5.4) with T € {66,100},
the effect of patch selection varies with object complexity. For complex vertebrae shapes,
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5.1. Patch Selection and Impact of the Reconstruction Model

the learned sampler continues to outperform baseline methods, with DICE improvements
of 1.5-2% at T = 66 and 2-5% at T' = 100 in small to mid-sized patch configurations.
In both reconstruction settings, ASD decreases by 0.2-0.5mm and HDg5 by 0.1-0.6mm.
In the case of the Total Segmentator Kidneys dataset [WBMT23|, which contains less
complex kidney shapes, the importance of the sampling strategy decreases as the quality
of the reconstruction network improves. At T = 66, DICE improvements compared to
FPS are in the range 1-2%, with small to mid-size configurations. At T = 100, the
evaluation metrics suggest comparable performance between the proposed sampling
pipeline and the baseline FPS, with improvements in DICE within a 0-1% range.

We further illustrate the effect of reconstruction quality on patch selection in Figures 5.10
and 5.16, where the same input is sampled using different values of T'. Figure [5.10 shows
that the proposed sampler can adaptively place patches even inside the shape as needed,
whereas FPS and RS cover primarily the surface of the shape. This behavior is visible
in both figures, as repeated sampling of the same input produces different outputs (the
value of T does not influence sampled patches).

Additionally, we analyze the spatial placement of the selected patches to better understand
the differences observed across sampling strategies. We observe that capturing the full
spatial extent of an object is essential for accurate reconstruction. This is illustrated
in Figure [5.12, where the proposed learned sampler places two patches at the top of
the kidney to cover its complete shape. In comparison, neither FPS nor RS selects a
patch in this region, leading to missing voxels in the reconstruction for both baselines.
However, sampling only on the surface of the shape is insufficient, especially for shapes
with non-trivial topology, such as vertebrae. Here, a patch inside the object is needed to
allow the reconstruction network to correctly reconstruct internal sections of the shape.
As shown in Figure [5.10, neither FPS nor RS place patches inside the vertebra for any
value of T', leading to a reconstruction that accurately captures the external shape but
fails to reconstruct the internal hole. In comparison, the proposed learned sampler places
patches inside the object and reconstructs the internal section of the shape accurately.

This highlights that the proposed learned sampler is capable of placing patches around
the shape where needed. In contrast, FPS places patches based on maximal distance, i.e,
maximal coverage, and is unable to place patches to the interior before the surface is
sufficiently covered, limiting its ability to capture internal structures.

These experiments demonstrate that effective patch sampling is not simply a matter of
uniform coverage, but a strategic choice between sampling the outer surface and the
interior of a shape. The proposed sampling module is trained to place patches both
along the boundaries and inside the structure, enabling more accurate reconstruction
than baseline methods that lack this adaptivity.

Regarding RQ1, our findings show that the learned sampling component consistently
identifies the most informative regions for volumetric reconstruction. Its effectiveness
depends on both the quality of the reconstruction network and the complexity of the
object. Improvements in evaluation metrics are particularly notable for vertebrae shapes
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from VerSe [SHBT21|, or when the reconstruction network is of lower quality. For
TotalSegmentator Kindeys [WBM™23], the impact of sampling becomes less significant
with increased quality of reconstruction. Nonetheless, the learned sampler achieves
comparable DICE performance and additionally yields lower surface-based error than
baselines.

5.2 Impact of Patch Configuration

Patch configuration, including the number and size of patches, directly influences the
sampling strategy. A larger number of patches allows the sampler to distribute samples
across the object, while larger patches provide broader contextual information. How-
ever, using a large number of large patches can be inefficient, computationally costly,
and memory-intensive. For this reason, we analyze how patch configuration affects
reconstruction quality and the resulting evaluation metrics, which addresses RQ2.

Tables 5.3/ and 5.6/ report DICE, ASD, and HDgj for VerSe [SHB™21] and Total Segmen-
tator Kidneys [WBM™23| datasets, respectively. All experiments in this section were
evaluated using the high-quality reconstruction network with 7" = 100 optimization steps,
which we consider the default setting for the reconstruction evaluation (cf. Section |5.4.3).
Figure |5.4 shows surface plots of the results in Tables |5.3 and |5.6 by presenting DICE
scores as surface plots, allowing us to visualize trends in reconstruction performance
across different patch configurations. Finally, we present visual results for both the
proposed learned sampler and the baseline methods, including the sampled patches,
the resulting reconstructions, and 2D and 3D comparisons highlighting reconstruction
errors (Figures 5.5-5.15). For the qualitative analysis, we select five patch configurations,
defined by the number of patches N and the patch size K (N x K): 4 x 9,4 x 13,8 x 9,
12 x 11, and 12 x 13. These configurations were selected to cover a representative range
of sampling scenarios, from a few small patches to many large ones, helping us assess the
trade-off between the number of patches and their size.

We first analyze general trends in reconstruction performance across both datasets.
Table 5.3 presents results for the VerSe [SHBT 21| dataset. Overall, the learned sampler
demonstrates the ability to select highly informative patches for the reconstruction task
across all evaluation configurations. The benefits are particularly evident in small-to-
mid-range configurations (N = {4, 8}, s = {9,11,13}), where the sampler consistently
outperforms the baseline, with significant increases across all evaluation metrics. For
example, with N = 4 patches of size K = 9, the proposed method achieves an improvement
in DICE score of 5.7% over FPS and 5% over RS. Similarly, for the 8 x 9 configuration,
the learned sampler outperforms FPS in DICE score by 3.3% and RS by 3.8%. This
trend is clearly visible in the surface plot in Figure 5.4al, which shows a steep increase
in DICE scores in the region of smaller to mid-size patch configurations. These results
show that our proposed sampling method can select highly informative patches, leading
to more accurate reconstructions with smaller inputs compared to baselines.

Table 5.6, reporting results for the Total Segmentator Kidneys dataset [WBM™23|, shows
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5.2. Impact of Patch Configuration

that for small to mid-size patch configurations, the proposed learned sampling algorithm
achieves comparable reconstruction performance to FPS, and outperforms Random
Sampling consistently across all evaluated configurations. The results from Table 5.6 are
further supported by the surface plot in Figure 5.4b, which highlights a similar trend in
reconstruction performance between the proposed approach and FPS.

Next, we investigate the performance of individual patch configurations for the proposed
learned sampling method, as reported in Tables|5.3 and 5.6l In many cases, it is preferable
to select a larger number of smaller patches rather than fewer larger ones. For the VerSe
dataset [SHBT21], this is illustrated by, e.g., the 8 x 9 configuration, which achieves
better results than 4 x 13 (DICE 0.813 vs. 0.800) despite being approximately 35%
smaller in the number of voxels, and by the 12 x 11 configuration, which outperforms
8 x 13 (DICE 0.836 vs. 0.835) while having roughly 9% fewer voxels. Additionally,
the 12 x 9 configuration yields a higher DICE Score than 4 x 13 (0.828 vs. 0.800),
despite both configurations having approximately the same number of voxels. This trend
continues in the Total Segmentator Kidneys dataset [WBM™23|, where similarly the
8 x 9 configuration outperforms 4 x 13 (DICE 0.866 vs. 0.863).

From the visual analysis, we observe that the learned sampler adapts its sampling
strategy to the number of patches available. For small patch counts, the sampler tends
to distribute samples around the shape to capture its overall structure (e.g., proposed
patches in Figures 5.5 and 5.6). As the number of patches increases, samples start to
appear within the interior of the shape (e.g., proposed patches in Figure [5.7)). For high
patch counts, the sampler densely covers all interior regions (e.g., proposed patches in
Figures 5.8 and 5.9). In comparison, baseline sampling does not adapt its strategy to the
number of available patches or the underlying shape, and instead provides inconsistent
results due to randomness. To illustrate this behavior, we refer to Figure 5.10. The
figure shows the patches selected by each sampling strategy for different values of T,
where each strategy was provided with identical input. Baseline samplers, for which
the patch selection does not depend on 7T, exhibit non-deterministic behavior, leading
to substantially different patch selections across runs. This variability is reflected in
the reconstruction quality: for instance, Random Sampling (RS) with a low-quality

reconstruction significantly outperforms its medium-quality counterpart (DICE 0.711 vs.

0.558), even though both operate on the same input data.

In conclusion, our results show that reconstruction quality strongly depends on patch size
and number of patches (RQ2). The proposed learning sampling component is especially
effective for small-to-mid-size patch configurations, where improvements over the selected
baseline range from 1% to 5%. A further analysis of individual patch configurations
reveals that, in many cases, it is advantageous to select a larger number of smaller patches,
as such configurations achieve comparable or better reconstruction performance than
configurations using fewer larger patches.
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VerSe (low-quality reconstruction)

DICE?}

ASD|

HDos5 |

‘N ‘ K‘ Proposed

FPS

RS

‘ Proposed ‘

FPS

RS

‘ Proposed ‘

FPS

RS

4

9
11
13

0.741 £0.07
0.741 £0.07
0.763 £ 0.07

0.712 £ 0.06
0.714 £ 0.06
0.744 £ 0.06

0.697 £ 0.06
0.689 £ 0.06
0.729 £ 0.07

1.952 + 0.66
1.895 +0.68
1.674 +0.60

2.199 £ 0.53
2.093 £0.51
1.843 £0.55

2.317 £ 0.60
2.313 £0.65
1.969 £ 0.63

6.343 £ 2.54
6.070 £ 2.68
5.309 1+ 2.36

6.937 £ 1.99
6.568 £1.98
5.723 £1.96

7.519 £ 2.38
7.591 + 2.62
6.302 £ 2.38

Q0 OO QOO | = W~

9
11
13

0.773 £0.07
0.778 £ 0.07
0.797 £ 0.06

0.749 £ 0.06
0.758 £ 0.06
0.773 £0.06

0.742 £ 0.06
0.753 £ 0.06
0.770 £ 0.07

1.657 £ 0.60
1.587 +£0.63
1.454 £ 0.60

1.864 £ 0.50
1.757 £ 0.52
1.661 £ 0.58

1.903 £ 0.56
1.791 +£0.56
1.675 £ 0.60

5.450 + 2.42
5.234 +2.49
4.788 +£2.34

5.798 £1.86
5.375 £1.91
5.068 £ 2.10

6.031 +2.19
5.593 £2.16
5.226 £ 2.21

12
12
12

9
11
13

0.795 £ 0.07
0.795 £+ 0.06
0.817 £ 0.07

0.766 £ 0.06
0.786 £ 0.06
0.819 £ 0.07

0.760 £ 0.06
0.772 £ 0.06
0.806 £+ 0.07

1.466 = 0.61
1.442 +0.57
1.253 £0.62

1.715 £ 0.55
1.523 £0.54
1.246 = 0.60

1.750 £ 0.56
1.614 £ 0.55
1.336 = 0.62

4.888 +£2.52
4.731 £2.10
4.168 + 2.34

5.294 +1.90
4.910 £1.88
4.063 +£2.18

5.397 £ 1.99
5.159 £1.93
4.355 £ 2.28

Table 5.1: Comparison of evaluation metrics between the proposed method and the FPS and RS baselines on the VerSe
dataset using the low-quality (7" = 33) reconstruction network. N denotes the number of selected patches, and K
the shape of each patch. Bold indicates the best result per metric. Blue bold indicates a statistically significant difference
between the proposed method and FPS, with the better-performing method highlighted. Statistical significance was assessed

using both the paired t-test and the Wilcoxon signed-rank test with p < 0.05 (o = 0.05).
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VerSe (medium-quality reconstruction)

DICE?

ASD|

HDgs5 |

| K| Proposed |

FPS

RS

| Proposed |

FPS

RS

| Proposed |

FPS

| BS |

9
11

0.749 £ 0.07
0.762 £ 0.07
0.788 £ 0.06

0.705 £ 0.06
0.726 £+ 0.05
0.769 £ 0.06

0.707 £ 0.06
0.716 £ 0.05
0.756 £ 0.06

1.917 £ 0.66
1.733 +0.61
1.481 £0.54

2.284 £0.54
2.037 £0.50
1.640 £ 0.54

2.251 £0.56
2.100 £ 0.56
1.751 £ 0.57

6.308 + 2.67
5.640 = 2.31
4.750 £+ 2.07

7.242 +£1.94
6.280 &= 1.67
5.154 +1.88

7.319 £2.11
6.815 £ 2.03
5.708 £ 2.09

9
11

N
4
4
4113
8
8
8 13

0.797 £ 0.06
0.802 + 0.06
0.822 + 0.07

0.774 £0.06
0.794 £ 0.06
0.821 £0.05

0.769 £ 0.06
0.781 £ 0.06
0.806 £ 0.06

1.468 =0.54
1.395 +£0.52
1.255 £ 0.59

1.679 £0.54
1.467 £ 0.54
1.267 £ 0.52

1.699 £ 0.51
1.565 £ 0.55
1.381 +£0.54

4.995 +2.24
4.683 £ 2.07
4.336 + 2.44

5.318 £ 1.80
4.633 £1.98
4.031 £1.95

5.436 £ 1.86
5.011 +£2.03
4.527 £ 2.05

1219
12|11
12|13

0.812 £ 0.06
0.826 £ 0.06
0.851 £ 0.06

0.811 +0.06
0.839 + 0.05
0.862 + 0.05

0.798 £ 0.06
0.816 £ 0.06
0.843 £ 0.06

1.329+0.58
1.195 £ 0.52
0.987 £ 0.60

1.349 £ 0.53
1.087 £0.49
0.904 + 0.49

1.446 £0.52
1.266 £ 0.51
1.050 £ 0.53

4.453 +2.15
4.078 +1.86
3.491 £ 2.30

4.308 +1.82
3.589 = 1.86
3.055 +1.92

4.648 £1.89
4.233£1.93
3.609 £ 2.09

Table 5.2: Comparison of evaluation metrics between the proposed method and the FPS and RS baselines on the VerSe
dataset [SHB*21] using the medium-quality (T = 66) reconstruction network. N denotes the number of selected patches, and
K the shape of each patch. Bold indicates the best result per metric. Blue bold indicates a statistically significant difference
between the proposed method and FPS, with the better-performing method highlighted. Statistical significance was assessed
using both the paired t-test and the Wilcoxon signed-rank test with p < 0.05 (o = 0.05).
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VerSe (high-quality reconstruction)

DICE?}

ASD|

HDos5 |

‘N ‘ K‘ Proposed

FPS

RS

‘ Proposed ‘

FPS

RS

‘ Proposed ‘

FPS

RS

4

9
11
13

0.758 £ 0.06
0.766 £+ 0.06
0.800 £ 0.07

0.701 £+ 0.06
0.730 £ 0.06
0.775 £ 0.06

0.708 £ 0.06
0.724 £ 0.06
0.765 £ 0.06

1.835 £ 0.60
1.697 +0.59
1.385 +0.59

2.337 £ 0.56
2.003 £ 0.55
1.589 £ 0.53

2.252 £0.57
2.039 £ 0.54
1.684 £ 0.55

6.130 £ 2.35
5577 +2.17
4.545 £ 2.20

7.461 +2.01
6.207 = 1.77
5.046 + 1.87

7.386 £ 2.12
6.689 £ 1.97
5.553 +2.03

Q0 OO QOO | = W~

9
11
13

0.813 £ 0.05
0.817 £+ 0.06
0.835 £+ 0.05

0.780 £ 0.06
0.802 £ 0.06
0.830 £0.05

0.775 £ 0.06
0.791 £ 0.06
0.817 £ 0.06

1.334 +£0.45
1.279 £ 0.54
1.137+0.43

1.629 £ 0.54
1.395 £ 0.52
1.191 £ 0.47

1.648 £0.51
1.483 £0.51
1.294 £ 0.52

4.577+1.84
4.484 £ 2.28
4.004 £1.92

5.231 +£1.81
4.442+1.91
3.856 £1.79

5.348 £ 1.86
4.817+1.93
4.352 £2.03

12
12
12

9
11
13

0.828 £ 0.05
0.836 £ 0.06
0.862 £ 0.06

0.820 £ 0.06
0.850 + 0.05
0.872 + 0.05

0.807 £ 0.06
0.829 £ 0.05
0.854 £ 0.06

1.204 £0.94
1.110 £0.54
0.914 £ 0.54

1.274 £0.52
0.993 £+ 0.45
0.822 +0.45

1.371+£0.51
1.159 £ 0.47
0.962 £ 0.50

4.231+2.24
3.820 £2.10
3.282 £ 2.06

4.101 +1.82
3.309 +£1.76
2.820 +1.83

4.485 + 1.83
3.941 +£1.81
3.381 £1.98

Table 5.3: Comparison of evaluation metrics between the proposed method and the FPS and RS baselines on the VerSe
dataset using the high-quality (7" = 100) reconstruction network. N denotes the number of selected patches, and K
the shape of each patch. Bold indicates the best result per metric. Blue bold indicates a statistically significant difference
between the proposed method and FPS, with the better-performing method highlighted. Statistical significance was assessed

using both the paired t-test and the Wilcoxon signed-rank test with p < 0.05 (o = 0.05).
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Total Segmentator Kidneys (low-quality reconstruction)

DICE?

ASD|

HDgs |

| K| Proposed |

FPS

RS

| Proposed |

FPS

RS

| Proposed |

FPS

RS

9
11

0.811 £ 0.05
0.823 £ 0.05
0.828 + 0.06

0.795 £ 0.05
0.804 £0.05
0.810 £ 0.05

0.780 £0.05
0.793 £0.05
0.801 £ 0.05

1.573 £0.58
1.469 £0.61
1.438 £0.63

1.771 £0.51
1.691 +£0.56
1.633 £0.59

1.824 £ 0.58
1.727 £ 0.58
1.662 £ 0.61

4.742+1.76
4.508 £1.92
4.296 +1.84

5.078 £ 1.56
4.953 £1.79
4.739 £1.85

5.602 £ 1.76
5.354 £ 1.81
5.137 £ 1.87

9
11

N
4
4
4113
8
8
8 13

0.827 £ 0.06
0.839 £ 0.05
0.856 £+ 0.05

0.792 £ 0.05
0.823 £0.04
0.842 £0.04

0.802 £0.05
0.822 £0.05
0.839 £0.05

1.450 £0.60
1.334 £0.57
1.192 £0.56

1.736 £ 0.56
1.478 £0.52
1.341 £0.54

1.620 £ 0.59
1.457 £ 0.55
1.339 £0.55

4.607 £1.90
4.085+1.74
3.765 +1.81

5.136 £ 1.85
4.332 £ 1.60
4.133 £ 1.76

4.978 £1.83
4.484 £ 1.70
4.242 £ 1.75

1219
12|11
12|13

0.849 + 0.05
0.862 £+ 0.05
0.880 £+ 0.04

0.842 £ 0.05
0.853 £ 0.05
0.874 £0.04

0.839 £0.05
0.849 £ 0.05
0.865 £ 0.04

1.278 £0.62
1.130 £0.60
0.964 + 0.49

1.369 £ 0.57
1.222 £0.55
1.026 £ 0.51

1.358 £ 0.57
1.236 £ 0.55
1.097 £ 0.52

4.062 +1.99
3.548 £ 1.88
3.128 £1.50

4.194 +1.86
3.773 £1.83
3.304 £ 1.59

4.258 +1.79
3.917£1.78
3.548 £1.58

Table 5.4: Comparison of evaluation metrics between the proposed method and the FPS and RS baselines on the Total
Segmentator Kidneys dataset [WBMT23] using the low-quality (T = 33) reconstruction network. N denotes the number of
selected patches, and K the shape of each patch. Bold indicates the best result per metric. Blue bold indicates a statistically
significant difference between the proposed method and FPS, with the better-performing method highlighted. Statistical

significance was assessed using both the paired t-test and the Wilcoxon signed-rank test with p < 0.05 (o = 0.05).
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Total Segmentator Kidneys (medium-quality reconstruction)

DICE?}

ASD|

HDos5 |

‘N ‘ K‘ Proposed

FPS

RS

‘ Proposed ‘

FPS

RS

‘ Proposed ‘

FPS

RS

4

9
11
13

0.823 £0.05
0.846 = 0.05
0.852 £ 0.05

0.831 + 0.04
0.839 £ 0.05
0.851 +0.04

0.803 £ 0.04
0.817+£0.04
0.831 £0.04

1.509 +0.58
1.280 £ 0.58
1.233 £0.58

1.437 +0.46
1.357 £ 0.54
1.243 £0.48

1.638 £0.51
1.520 £ 0.52
1.403 £0.52

4.765 £1.95
4.257 +1.96
4.045+1.94

4.530 +£1.49
4.454+1.84
4.064 £1.61

5.288 £ 1.60
5.016 = 1.70
4.661 + 1.66

Q0 OO QOO | = W~

9
11
13

0.857 £ 0.05
0.877 £ 0.04
0.890 £+ 0.03

0.854 £ 0.04
0.877 +0.03
0.890 + 0.03

0.838 £0.04
0.859 £0.03
0.873 £0.03

1.164 £ 0.50
0.989 £0.40
0.886 + 0.45

1.182 £ 0.50
0.984 + 0.37
0.894 £ 0.40

1.323 £0.50
1.138 £0.40
1.033 £ 0.42

3.991+1.76
3.350 £1.38
3.086 £1.67

4.141 +£1.88
3.435£1.35
3.314 £1.56

4433 +1.74
3.855 £ 1.30
3.658 = 1.50

12
12
12

9
11
13

0.885 £ 0.03
0.898 £0.03
0.911 £0.02

0.889 £ 0.03
0.900 + 0.03
0.915+ 0.03

0.871 £ 0.03
0.884 £0.03
0.898 £0.03

0.942 +0.44
0.796 £ 0.40
0.677£0.29

0.924 +£ 041
0.776 £ 0.38
0.645 + 0.31

1.067 £ 0.43
0.920 £0.41
0.790 £0.35

3.274+1.58
2.781 +£1.40
2.411+1.08

3.542 £ 1.68
2.891 +1.46
2.491 +£1.29

3.752 £ 1.50
3.255 £ 1.42
2.869 £ 1.18

Table 5.5: Comparison of evaluation metrics between the proposed method and the FPS and RS baselines on the Total
Segmentator Kidneys dataset [WBM™23] using the medium-quality (7' = 66) reconstruction network. N denotes the number
of selected patches, and K the shape of each patch. Bold indicates the best result per metric. Blue bold indicates a statistically
significant difference between the proposed method and FPS, with the better-performing method highlighted. Statistical

significance was assessed using both the paired ¢-test and the Wilcoxon signed-rank test with p < 0.05 (o = 0.05).
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Total Segmentator Kidneys (high-quality reconstruction)

DICE?

ASD|

HDgs5 |

| K| Proposed |

FPS

RS

| Proposed |

FPS

RS

| Proposed |

FPS

RS

9
11

0.842 +0.04
0.849 £+ 0.04
0.863 £ 0.04

0.840 £ 0.04
0.849 + 0.04
0.862 £ 0.04

0.812 +£0.04
0.825 £ 0.04
0.840 £ 0.04

1.311+0.41
1.256 + 0.47
1.124 £0.44

1.346 £ 0.42
1.267 £ 0.48
1.144 £ 0.42

1.560 £ 0.46
1.453 +£0.48
1.319 £0.48

4.364 +£1.47
4.346 £1.70
3.897+1.64

4.380 £ 1.41
4.311£1.70
3.914+1.48

5.148 £ 1.48
4.904 £ 1.57
4.522 +1.62

9
11

N
4
4
4113
8
8
8 13

0.866 £ 0.04
0.891 £ 0.03
0.901 £0.03

0.869 £ 0.04
0.890 £ 0.03
0.902 + 0.03

0.850 £0.04
0.870 £0.03
0.884 £0.03

1.102 £ 0.50
0.860 + 0.33
0.786 £ 0.36

1.054 £0.44
0.869 £ 0.30
0.778 £ 0.31

1.219£0.44
1.042 £0.34
0.927 £0.34

3.901 £1.90
3.130 £ 1.36
2.951 +£1.52

3.866 £ 1.72
3.235+1.21
3.089 £1.30

4.197+1.54
3.660 £ 1.17
3.407 £ 1.28

1219
12|11
12|13

0.892 +0.03
0.910 £ 0.02
0.924 + 0.02

0.900 + 0.03
0.913 +0.03
0.926 + 0.02

0.881 £ 0.03
0.896 £ 0.03
0.910 £ 0.02

0.875 £ 0.34
0.688 £ 0.30
0.553 £0.23

0.819 £ 0.31
0.663 = 0.29
0.545 + 0.23

0.964 £ 0.34
0.813 £0.33
0.685 £0.26

3.303 = 1.56
2518 +1.17
2.049 £ 0.99

3.396 £ 1.50
2.620 £1.20
2.255 +1.11

3.528 £ 1.28
3.002 £ 1.26
2.604 +£0.96

Table 5.6: Comparison of evaluation metrics between the proposed method and the FPS and RS baselines on the Total
Segmentator Kidneys dataset [WBM™23| using the high-quality (7' = 100) reconstruction network. N denotes the number of
selected patches, and K the shape of each patch. Bold indicates the best result per metric. Blue bold indicates a statistically
significant difference between the proposed method and FPS, with the better-performing method highlighted. Statistical

significance was assessed using both the paired t-test and the Wilcoxon signed-rank test with p < 0.05 (o = 0.05).
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Figure 5.2: DICE Scores for Total Segmentator Kidneys and VerSe [SHB'21

across different patch configurations using low-quality (7" = 33) reconstruction network.

5.3 Computational and Memory Demands

The proposed sampling pipeline has the potential to accelerate the processing of large
medical volumetric scans by significantly reducing the amount of data that must be
analyzed, sampling only a subset of the input voxel grid, and reconstructing the full
volumetric scan from the selected patches. We address RQ3 by measuring execution
times and GPU memory usage for different patch configurations. Section |5.3.1 reports the
execution times and memory requirements of the learned sampling module and includes a
comparison against baseline sampling strategies. Section |5.3.2| presents the corresponding
execution times and GPU memory usage of the reconstruction network. Finally, the
practical implications of these results are discussed in Section [5.3.3) illustrating how the
proposed sampling pipeline can be applied in environments with limited computational
resources.

In each section, we report the computational demands of the inference process, and do
not include the memory consumed by the model parameters themselves. Memory and
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(b) Total Segmentator Kidneys [WBM*23]

Figure 5.3: DICE Scores for Total Segmentator Kidneys [WBM*23| and VerSe [SHB*21]
across different patch configurations using medium-quality (7' = 66) reconstruction
network.

parameter counts for each model are provided separately in Table Additionally,
Table provides the number of parameters and memory usage for three different patch
configurations, showing that variations in patch number and size have only a little effect
on the overall memory footprint of the sampling architecture.
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(b) Total Segmentator Kidneys [WBM™23]
Figure 5.4: DICE Scores for Total Segmentator Kidneys and VerSe [SHB™21

across different patch configurations using high-quality (7" = 100) reconstruction network.

Component E;I:zz;z Memory [MB]
(4 patchessa(f?:ls)ilzi:i X 9 x 9) 212,109 0.81
(8 patchesizfusrilfehillgx 11 x 11) 215,193 0.82
(12 patchessci’nslizgrg x 13 x 13) 218,277 0.83
‘ Reconstruction ‘ 116,609 0.44

Table 5.7: Number of parameters and memory for the sampling module and the recon-
struction network. The variation in patch configuration for the sampling module results
in only minimal differences in parameters and memory required.
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Figure 5.5: Qualitative results on VerSe ﬂm] using N =4, K =9, and T =
100. From left to right: proposed learned sampler, FPS, and RS. Blue indicates extra
reconstructed voxels, orange denotes missing voxels, and gray indicates the intersection.
Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 90).
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Figure 5.6: Qualitative results on VerSe [SHB*21] using N = 4, K = 13, and T =
100. From left to right: proposed learned sampler, FPS, and RS. Blue indicates extra
reconstructed voxels, orange denotes missing voxels, and gray indicates the intersection.
Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 90).
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Figure 5.7: Qualitative results on VerSe ﬂm] using N =8, K =9, and T =
100. From left to right: proposed learned sampler, FPS, and RS. Blue indicates extra
reconstructed voxels, orange denotes missing voxels, and gray indicates the intersection.
Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 90).
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Figure 5.8: Qualitative results on VerSe [SHBT21] using N = 12, K = 11, and T =
100. From left to right: proposed learned sampler, FPS, and RS. Blue indicates extra
reconstructed voxels, orange denotes missing voxels, and gray indicates the intersection.
Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 90).
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Figure 5.9: Qualitative results on VerSe ﬂm using N =12, K =13, and T =
100. From left to right: proposed learned sampler, FPS, and RS. Blue indicates extra
reconstructed voxels, orange denotes missing voxels, and gray indicates the intersection.
Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 90).
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Figure 5.10: Comparison of patches sampled by proposed learned sampler and baseline
methods under different reconstruction settings on the VerSe dataset [SHBT21]. Green:
ground truth, Red: reconstruction, Yellow: selected volumetric patches. Patch configura-
tion N =4, K = 13.
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Figure 5.11: Qualitative results on Total Segmentator Kidneys [WBMT23] using N = 4,
K =9, and T = 100. From left to right: proposed learned sampler, FPS, and RS. Blue
indicates extra reconstructed voxels, orange denotes missing voxels, and gray indicates the
intersection. Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 110).
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Figure 5.12: Qualitative results on Total Segmentator Kidneys ﬂm using N =4,
K =13, and T' = 100. From left to right: proposed learned sampler, FPS, and RS. Blue
indicates extra reconstructed voxels, orange denotes missing voxels, and gray indicates the
intersection. Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 110).
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Figure 5.13: Qualitative results on Total Segmentator Kidneys [WBMT23] using N = 8,
K =9, and T = 100. From left to right: proposed learned sampler, FPS, and RS. Blue
indicates extra reconstructed voxels, orange denotes missing voxels, and gray indicates the
intersection. Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 110).
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Figure 5.14: Qualitative results on Total Segmentator Kidneys [WBMT 23| using N = 12,
K =11, and T' = 100. From left to right: proposed learned sampler, FPS, and RS. Blue
indicates extra reconstructed voxels, orange denotes missing voxels, and gray indicates the
intersection. Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 110).



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

5.3. Computational and Memory Demands

Patches

| Reconstruction |

3D Comparison

2D Comparison

Proposed

DICE: 0.913 ASD: 0.745

HD: 3.316

Z=34 7 —48
ffm-u Fa Y
'ﬂ.‘_ ] ‘-: 'L__l

— e’ s

Z=062 7 ="T6

I. " J .'
k i‘: . T
- ____-J "-.,L_ - 1

DICE:

\

DICE: 0.913 ASD: 0.723
HD: 3.162

0.927 ASD: 0.565
HD: 2.236

s
-
.

7=31 =48
'I" - " 1.
%, b
i ! "..\ 1
v 2 NE
- \“_-— -
7 =62 Z=T6 72=6
} ' F". F
' r - B & k|
> ' :

Figure 5.15: Qualitative results on Total Segmentator Kidneys [WBM™23| using N = 12,
K =13, and T' = 100. From left to right: proposed learned sampler, FPS, and RS. Blue
indicates extra reconstructed voxels, orange denotes missing voxels, and gray indicates the
intersection. Z refers to the slice index along the z axis (top: Z = 0, bottom: Z = 110).
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Figure 5.16: Comparison of patches sampled by proposed learned sampler and base-
line methods under different reconstruction settings on the Total Segmentator Kidneys
dataset [WBMT23]. Green: ground truth, Red: reconstruction, Yellow: selected volu-
metric patches. Patch configuration N =4, K = 13.
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5.3. Computational and Memory Demands

Patch .

Config Inference Time [ms] Peak Memory Usage [MB]|
N ‘ K Our FPS RS Our FPS RS
4 |9 | 1.766 £0.50 | 1.056 +0.65 | 0.613+0.64 168.0 44.1 44.1
4 |11 | 1.943£0.14 | 0.906 +0.07 | 0.529 +£0.04 168.1 44.2 44.2
4 |13 | 1.879£0.25 | 0.828 +£0.07 | 0.528 £0.03 168.1 44.4 44.4
8 |9 | 1.886£0.16 | 0.822+0.07 | 0.591 £0.05 168.1 44.3 44.3
8§ [ 11| 2.003+£0.21 | 0.921£0.08 | 0.528 £0.03 168.2 44.6 44.6
8 | 13| 1.840£0.21 | 0.860+0.08 | 0.529 +£0.04 168.3 45.0 45.0
121 9 | 1.938£0.15 | 0.957£0.22 | 0.547 £ 0.06 168.1 44.4 44.4
12 | 11 | 2116 £0.36 | 0.913£0.06 | 0.529 + 0.04 168.2 44.9 44.9
12 | 13 | 2.042£0.22 | 0.917£0.07 | 0.531 £ 0.03 168.4 45.5 45.5

Table 5.8: Inference times and memory requirements of the proposed sampling module
and baseline methods

5.3.1 Sampling

We analyze the computational requirements of our sampling method from the point
at which the downsampled point cloud is obtained until the volumetric patches are
extracted. Operations that are independent of the sampling method, such as the Voxel
Grid Conversion with downsampling, are not included, as their cost is constant. The
computational cost of the sampling procedure depends only on the selected patch
configuration, as all datasets are converted to point clouds of identical size. For this
reason, Table 5.8 reports inference time and peak GPU memory usage with respect to
the selected patch configuration only.

Our results indicate that differences in patch configuration have minimal impact on
execution time and peak memory usage, due to the lightweight design of the sampling
architecture. This efficiency makes it feasible to run the sampler even on machines with
very limited resources.

5.3.2 Reconstruction

We evaluate the computational requirements of the reconstruction model, including both
the optimization of the shape-specific latent vector z and the subsequent full-resolution
inference using the optimized vector z.... Execution time and memory usage for the
reconstruction depend only on the patch configuration and target resolution, and do
not vary with the selected sampling method. For this reason, Table 5.9 reports the
execution times and memory usage, shown for different patch configurations and the
target resolutions of 85 x 85 x 110 for the TotalSegmentator Kidneys dataset [WBM™ 23]
and 128 x 120 x 90 for the VerSe dataset [SHBT21].
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Patch | Total Segmentator [WBM™23| VerSe [SHB™ 21|
Config (shape 85 x 85 x 110) (shape 128 x 120 x 90)

| N | K| Time[ms] | Memory [MB] | Time [ms] | Memory [MB] |

419 392.6 +14.5 425.8 405.1 £12.3 436.3
11| 389.7+134 425.9 404.9 £ 8.7 436.4
13 386.7 £ 9.6 426.0 408.5 £ 9.4 436.5

9 373.0£13.8 425.9 389.2 £ 8.7 436.4
11 367.0 £ 8.5 426.1 389.2+9.3 436.6
13 366.8 £ 8.8 426.4 388.2+9.4 436.9

121 9 385.4+11.7 426.0 405.1 +£9.5 436.6
12 | 11 383.4+9.2 426.3 405.4 £ 8.9 436.9
12 | 13 386.0 £ 8.7 426.8 403.2 £ 8.7 437.3

Q0 00 OO | > W~

Table 5.9: Execution times and memory usage of the reconstruction network for the
benchmarking datasets. N refers to the number of selected patches, while K symbols
the size of each patch

5.3.3 Deployment of our Sampling Pipeline

Results from Section |5.3.1| and 5.3.2| indicate that it is possible to deploy the proposed
sampling pipeline in environments with limited computational resources, as the combined
memory footprint of the sampling architecture and the reconstruction network remains
moderate for both our benchmarking datasets. This improved efficiency is achieved
by processing only the selected patches rather than the full volumetric scan, which
substantially reduces the memory required by the processing network. For comparison,
Chen et al. [CML™24| report that current end-to-end segmentation networks require
between 3.81 and 13.91 GB of memory to process two patches of size 96 x 96 x 96. In
contrast, the smallest patch configuration we evaluated (4 patches of size 9 x 9 x 9)
contains approximately 3,000 voxels, corresponding to 0.33% of a 96 x 96 x 96 patch,
while the largest configuration (12 patches of size 13 x 13 x 13) contains approximately
26,000 voxels, or 2.94% of the same size. These results suggest that the proposed pipeline
allows processing of only a fraction of the input volume, with an additional memory
overhead below 1 GB and extra execution time for sampling and reconstruction under
0.5 s. This shows that the proposed sampling pipeline can be used in environments with
limited resources, addressing RQ3 by demonstrating that memory usage and inference
time remain manageable.

5.4 Ablation Study

In this section, we present an ablation study to systematically evaluate the impact
of various hyperparameter choices on the performance of the sampling pipeline. This
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5.4. Ablation Study

includes modifications to the training loss, the size of the projection neighborhood k,
and the number of latent vector optimization steps T" used during reconstruction. We
present the ablation results using a patch configuration of 4 patches of size 13 x 13 x 13
on the VerSe [SHBT21] dataset. The results on the selected patch configuration and
the dataset generalize well across all other evaluated patch configurations and datasets.
The modifications to the training loss and the projection neighborhood size k are
independent of the patch size and scale with the number of sampled patches. We select
the VerSe |[SHB™21] dataset due to its more complex geometry and higher inter-instance
variability compared to Total Segmentator Kindeys [WBM™23].

5.4.1 Training Loss

The proposed sampling pipeline is optimized using a multi-term loss based on Lang et
al. [LMA20]. However, due to the differences in the input point cloud characteristics and
the subsequent processing of the sampled 3D points between Lang et al. [LMA20] and the

proposed sampling pipeline, we adapt the original training loss (details in Section 3.6).

To assess the impact of proposed loss adjustments, we evaluate each modified term and
compare it against the original loss formulation proposed by Lang et al. [LMA20].

Proximity Loss The proximity loss encourages the Samples Proposal Stage fge, of
the Point Cloud Sampling component (Section 3.3) to generate points g € G closer to
points p of the input point cloud P. This work follows Lang et al. [LMA20] and uses the

average nearest-neighbor distance loss, defined in Equation [3.13, as the proximity loss.

However, in Lang et al. [LMA20], the proximity loss is defined as the sum of the average
nearest-neighbor distance loss and an additional max proximity term, defined as:

Emax_proximity(Ga P) = Ié?c}:{ LHEHP} ||g - p”% (51)

We assess the impact of the max-proximity loss Lmax proximity on the sampling pipeline
by comparing models trained with and without this term under a configuration of 4
patches of size 13 x 13 x 13. Evaluation results, summarized in Table |5.10, demonstrate
no significant performance differences between the two models. As a result, we do not
include the max proximity loss term in the sampling loss formulation.

Repulsion Loss The purpose of the repulsion loss is to encourage a spread of the
projected points r € R to achieve better exploration of the input point cloud. In Lang et
al. [LMA20], the repulsion loss is defined as:

51(“);)gulsion(G P |P| Z I’IlIIl ”p gHQ (52)

This definition of the repulsion loss is suitable for point clouds sampled from a 2D
manifold embedded in R3, obtained by, e.g., sampling a 3D mesh at discrete locations, as
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| Proximity Loss | DICEt | ASD| | HDg; | |

(gfggg?etg) 0.800 + 0.07 | 1.385 + 0.59 | 4.545 + 2.20

L proximity ‘Cmaxfproximity
(Lang et al. [LMAQO]) 0.797 4+ 0.06 1.402 + 0.63 4.639 + 2.32

Table 5.10: Comparison of evaluation metrics for proximity loss formulations using only
Loproximity (proposed) and the combined formulation Lproximity + Lmax proximity s used
by Lang et al. [LMA20].

‘ Repulsion Implementation ‘ DICE?Y ‘ ASD/] ‘ HDg5 | ‘

Proposed
(Equation 3.14)

Lang et al. [LMA20]
(Equation 5.2)

0.800 +£0.07 | 1.385+0.59 | 4.545 £ 2.20

0.776 £ 0.06 | 1.594 + 0.61 | 5.403 £+ 2.51

Table 5.11: Comparison of evaluation metrics for the proposed implementation of the
repulsion loss and the original implementation introduced by Lang et al. [LMA20].

is the case of the dataset used by Lang et al. [LMA20]. However, in the proposed pipeline,
point clouds are generated by converting a dense voxel grid into a point representation.
As a result, points may occupy arbitrary positions within the three-dimensional volume
and are not constrained to lie on a surface manifold. Therefore, we employ an alternative
repulsion loss formulation, introduced in Equation [3.14. To support this design choice,
Table 5.11 reports a comparative evaluation of models trained using the original repulsion
loss and the proposed loss formulation.

Projection Loss In Lang et al. [LMA20], the overall sampler training loss is additionally
extended by a projection loss, defined as Lpro; = t?, where t is the temperature parameter
from the soft-projection module (Equation 3.3). As explained in Section 3.6, having
the temperature parameter in the loss encourages it to approach zero, which leads to
nearest neighbor approximation in the soft-projection module [LMA20]. In our pipeline,
we keep the temperature parameter ¢ trainable but do not encourage changes in its
value through any loss. We argue that projecting generated points using approximate
nearest-neighbor matching does not support our goals, as we aim to obtain patch centers
within the simplified point cloud. Using nearest-neighbor matching restricts patch center
selection to points already present in the simplified cloud and prevents the extraction
of points that lie between them. We support this argument by comparing training runs
with and without the temperature ¢ included as a loss term using a configuration of 4
patches of size 13 x 13 x 13, and we report the resulting metrics in Table [5.12.
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5.4. Ablation Study

‘ Parameter ¢ ‘ DICE? ‘ ASD| ‘ HDyg5 | ‘
Not Included in the loss 0.800 + 0.07 | 1.385 + 0.59 | 4.545 = 2.20
(Proposed)

Included in the loss

(Lang et al. [LMA20]) 0.788 £ 0.06 | 1.478 + 0.53 | 4.910 £+ 2.21

Table 5.12: Comparison of evaluation metrics for configurations using the proposed loss
formulation without the parameter ¢ and the original formulation including ¢ as used in
Lang et al. [LMA20].

| Parameter | DICEt | ASD| | HDgp| |
| 32 (Proposed) | 0.800+0.07 | 1.385+£0.59 | 4.545 +2.20 |
| 16 (Lang et al. [LMA20]) | 0.791 £ 0.07 | 1.412 + 0.60 | 4.735 £ 2.31 |

Table 5.13: Comparison of evaluation metrics for configurations using the proposed value
of k and the value adopted by Lang et al. [LMA20].

5.4.2 Projection Neighborhood Size £

The projection neighborhood size k controls the number of neighbors onto which each
generated point is projected during the soft projection operation. A small neighborhood
size limits point cloud exploration by restricting the receptive field, whereas an excessive
size may lead to the loss of local context [LMA20]. In the original SampleNet implemen-
tation, Lang et al. [LMA20] select k = 16 for all reconstruction experiments, while in
our implementation, we empirically found k& = 32 to work better. Table 5.13| compares
reconstruction metrics for k = {16, 32}, supporting our choice of the parameter k.

5.4.3 Number of Latent Vector Optimization Steps T’

In our work, the reconstruction network generates the full-resolution reconstruction by
evaluating coordinates along with a latent vector z. The latent vector z encodes a shape-
specific representation, allowing a single model to capture a family of shapes sharing a
common prior. In order to find a suitable latent vector representing the shape currently
being reconstructed, a randomly initialized latent vector z is optimized by predicting
occupancy values at coordinates belonging to each sampled patch (Equation 3.10 and
Figure 3.5). The optimization is performed in a loop using T steps of the gradient descent
algorithm, with the choice of T" influencing the accuracy of the reconstruction as well as
the reconstruction speed and memory required [ALL™22|. In the original implementation,
Amiranashvili et al. JALLT22] optimize the latent vector using 7" = 1200 steps for the
VerSe [SHB™21| dataset. In all our experiments, we select 7' = 100. This choice is based
on the hypothesis that fewer optimization steps may still yield comparable performance
while reducing computational overhead. To investigate this, we applied the baseline FPS
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Figure 5.17: Reconstruction performance evaluated for different numbers of latent vector
optimization steps T'. The red line represents 17" = 100, which is further utilized in all
our experiments.

algorithm to each sample in the VerSe dataset [SHBT21] to obtain a set of volumetric
patches, and then evaluated how well the reconstruction network reconstructs from these
patches for varying values of T'. Figure |5.17 illustrates how the number of optimization
steps impacts the performance of the reconstruction model. Figure 5.17al hints that with
smaller context (4 patches of size 13 x 13 x 13) the reconstruction network might overfit
for large T', while Figure 5.17b| illustrates that with larger context (12 patches of size
13 x 13 x 13) the reconstruction network’s performance plateaus for large T'. For this
reason, we selected T" = 100 as the preferred trade-off between reconstruction performance
and computational demands.

5.5 Summary of Key Results

We summarize the key finding of the thesis as:

e The sampled patches identified by the proposed end-to-end pipeline achieve re-
construction DICE scores of 0.758-0.862 on VerSe [SHB21] and 0.842-0.924 on
TotalSegmentator Kidneys , depending on the selected patch configura-

tion.
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5.6. Limitations

e The learned sampling component outperforms selected non-learned baselines in cases
where patch configurations are small, the sampled object has complex geometry, or
the performance of the reconstruction network is degraded. In these cases, learned
sampling improves the reconstruction DICE scores by 1-5% for VerSe [SHBT21]
and 0-1% for TotalSegmentator Kidneys [WBM™23].

e The learned sampling component is capable of selecting patches from the entire
volume, including interior regions, while baseline methods only cover surface areas
and fail to capture internal structures.

e The sampling and reconstruction networks introduce less than 0.5 s of additional
computational overhead and require under 1 GB of extra memory.

5.6 Limitations

The biggest limitation of the proposed pipeline is its computational complexity during
training, both in terms of time and memory. The overall memory and computational
demands are primarily influenced by two factors: patch configuration (number of patches
and patch size) and the spatial resolution of the input voxel grid. Larger patches or
a higher number of patches increase the number of output voxels extracted by the
pipeline, which directly affects the reconstruction. With more extracted patch voxels,
the optimization of the shape-specific latent vector z requires storing gradients with
respect to all these voxels, resulting in longer optimization steps and substantially higher
memory usage during gradient backpropagation. In a similar manner, when the input
voxel grid has higher spatial resolution, the total number of voxels for reconstruction also
increases, which, as a result, leads to larger dense sampling grid 2. During the forward
pass, gradients must be stored for every voxel in 2, which directly increases memory
demands and computational time.

Another limitation is the fixed number of points n used during voxel-to-point cloud
conversion. In all our experiments, we set n = 2048, which is consistent with the
literature and allows us to use existing sampling architectures without modifying the
number of layers or their sizes, as these architectures were benchmarked with point clouds
containing 2048 points. In our pipeline, we convert input voxels grids to point clouds
and downsample to n = 2048, which creates a lightweight shape approximation. While
the approximations obtained with n = 2048 provide enough context and details when
sampling voxel grids containing tens of thousands occupied voxels, it is unclear, whether
this number is sufficient for voxel grids with millions or more occupied voxels.
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CHAPTER

Conclusion and Future Work

This thesis presents a deep learning-based approach for informed patch sampling from
medical shape segmentations. The learned sampling component identifies the most
informative sub-volumes from an input voxel grid, selecting patches that contribute most
effectively to accurate reconstruction. We review existing learned sampling methods
primarily applied in the point cloud domain and adapt a suitable method for the
volumetric data domain. We combine the learned sampler with a reconstruction network
based on an implicit neural representation into an end-to-end pipeline that accelerates
the processing of large volumetric scans by selecting a subset of the input medical scan
for processing and then reconstructing the remaining values from the processed subset.
This can significantly reduce computational effort and memory requirements, enabling
deployment in resource-constrained settings where processing the full volume would be
infeasible.

6.1 Summary and Answers to Research Questions

In our proposed sampling pipeline, we convert the binary segmentation represented
as a voxel grid into a point cloud by treating each occupied voxel as a point, while
keeping the voxel grid aside for patch extraction. To obtain point clouds of a consistent
size and produce a simplified shape approximation, we employ Sobol downsampling. A
point-cloud-based sampling architecture, SampleNet, adapted from Lang et al. [LMA20],
then processes the simplified point cloud and generates a set of samples, representing
the centers of volumetric patches for sampling. These samples, when used as centers
of patches, may not be positioned sufficiently close to the input point cloud to ensure
an intersection with the underlying voxel grid. As a result, such extracted patches
will not contain any information about the shape reconstructed. To address this, we
use the Soft Projection module from SampleNet, which projects each generated point
onto its nearest neighbors in the input point cloud and represents the projection as a
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weighted sum of these neighbors. A patch extraction module then treats the projected
points as centers and extracts volumetric patches from the original voxel grid. These
patches are subsequently fed into the neural reconstruction network from Amiranashvili
et al. [ALL™22|, which produces the full-resolution reconstruction.

We optimize our pipeline using a multi-term loss function. The proximity loss encourages
generated points to remain close to the input point cloud. The repulsion loss prevents
patch centers from collapsing into one another, producing overlapping patches. Finally,
the reconstruction loss, composed of per-voxel binary cross-entropy and the soft DICE
score, provides gradients from the reconstruction network, ensuring that the sampling
operation is optimized for the reconstruction task.

To address RQ1, we evaluate the ability of the learned sampling component to identify
the most informative patches for volumetric reconstruction. We conduct experiments
on two datasets of differing shape complexity: kidneys (simple shape) and vertebrae
(complex shape), and further assess the influence of reconstruction network quality on
selected patches. Results show that the sampler effectively selects areas that contribute
most to the reconstruction accuracy. For simpler shapes, the learned sampler achieves
performance comparable to baseline methods when using a high-accuracy reconstruction
network. However, our results suggest that, with a low-quality reconstruction model
or when sampling complex shapes, the learned sampler consistently selects regions that
improve reconstruction performance.

To address RQ2, we investigate how patch size and the number of patches influence
reconstruction quality. To this end, we evaluate multiple patch configurations, varying
both the number and size of patches. In many cases, using more of smaller patches
yields better results than using fewer larger ones, especially for the vertebra dataset.
Furthermore, we show that when the number of patches or their size is small, the learned
sampler significantly outperforms baseline methods. This highlights the superiority of
the learned sampler when the available input is very limited.

Finally, to address RQ3, we analyze the computational and memory demands of the
proposed sampling pipeline across different patch sizes and numbers of sampled patches.
Our results show that even for the largest evaluated patch configurations, the additional
memory overhead of the end-to-end pipeline remains below 1 GB and the extra computa-
tion remains under 0.5 s. This demonstrates that the proposed sampling pipeline can be
deployed in resource-constrained environments, potentially speeding up downstream pro-
cessing or enabling it in scenarios where full-volume processing was previously infeasible
due to memory limitations.

6.2 Future Work

The main limitation of the current pipeline is its long training time and high mem-
ory requirements. This is primarily caused by the need to backpropagate through all
optimization steps of the latent vector in the reconstruction network, followed by the
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6.2. Future Work

subsequent dense, full-resolution inference. Reducing training time and memory require-
ments would make the pipeline more practical for large-scale medical datasets, enabling
evaluation of larger patch configurations. One way to address this limitation is to leverage
reconstruction networks that achieve accurate results while consuming less memory and
incurring lower computational cost. As an example, we highlight the work of De Paolis
et al. ﬂm, who demonstrate that combining implicit neural representation with
meta-learning achieves high reconstruction accuracy after a single optimization step.
Another limitation of the proposed pipeline is that the learned sampling strategy is tightly
coupled with the downstream task network. This dependency limits the applicability of
the approach in scenarios where such a task network is unavailable or where multiple
downstream tasks are considered. In future work, this limitation could be addressed by
adopting a sampling architecture that does not require a task network for training. For
example, Yang et al. [YSA23] propose a self-supervised sampling network that learns to
order the points within a point cloud using hierarchical contrastive loss. Lastly, another
possibility is to explore increasing the number n of points used during voxel-to-point
cloud downsampling. In our experiments, we are using n = 2048, which we successfully
applied to voxel grids containing fewer than 100,000 occupied voxels. However, it remains
unclear whether this number is sufficient for voxel grids with a larger number of occupied
voxels. Increasing n could provide finer shape approximations, leading to improved
reconstruction quality.
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Overview of Generative AI Tools Used

Grammarly Grammarly was used to identify spelling errors, missing punctuation, and
basic grammar issues.

ChatGPT ChatGPT was used only as an initial drafting tool. A list of original
arguments, thoughts, opinions, and ideas was provided. The model generated a first
draft version of the paragraph, which was then substantially manually revised. During
the revision, the text was edited to fully reflect the original thoughts, with only minor
elements, such as sentence structure and conjunctions, occasionally kept from the original
draft.
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