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Abstract

In many real-world scenarios, scanned 3D models contain missing parts due to occlusion,
scanning errors, or the incomplete nature of the data itself. The goal of this work is to cre-
ate an automated process for 3D shape completion using a supervised deep learning-based
method. The proposed solution is based on the prior work of Di Complete, which uses
a di usion-based model operating over distance eld representation and handles the task
as a generative problem. The results showed a high capability of this model with an 81.6
loU metric on the custom-prepared test set of furniture objects. The model also demon-
strates strong generalization capabilities on shapes that are out of the training distribution
(average 70.9 loU metric). Apart from more detailed data-centric experiments, this work
further extends current state-of-the-art in two ways. Firstly, it addresses the most crucial
shortcoming, expensive computation, by processing the input in a low-resolution domain.
Secondly, it utilizes user input (Region of Interest), which gives the user more control over
generation in ambiguous scenarios.

Abstrakt

Naskenované 3D modely £asto trpia chybami kvéli oklazii, skenovacim nedostatkom alebo
nedplnosti samotného modelu. Cie©om tejto prace je vyvinl~ automatizovany proces na do-
plnenie chybajlcich £asti 3D tvarov prostrednictvom hibokého u£enia. Navrhované rie2enie
vychadza z predchadzajucej prace Di Complete, ktora vyu®iva generativny difizny proces
na vyplnenie chybajlicich £asti 3D tvarov. Uloha sa takto vnima ako generativny prob-
Iém. Vysledky preukazuju vysokl U£innos” tohto modelu s loU skére dosahujucim 81,6
na konkrétnej testovacej sade pozostavajlcej z tvarov nadbytku. Model navy2e Uspe2ne gen-
eralizuje aj na tvary, ktoré nie si zahrnuté v trénovacej sade, dosahujuc priemerné loU
skére 70,9. Praca okrem popisu datovo orientovanych experimentov obohacuje suU£asnl
problematiku vyp“-ania 3D Utvarov dvoma spdsobmi. Po prvé rie? najva£2iu limitaciu,
vypo£etnl nadro£nos’, spracovanim vstupu v priestore s nizkym rozlizenim. Po druhé
vyu®iva ulivate©sky vstup (vo forme oblasti zaujmu), £0 umo®-uje u®ivate©ovi lep2ie ovlada’
proces generacie v nejednoznafnych situciach.
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Roz2ireny abstrakt

Uvod a cie© prace

S narastajucou dostupnos’ou nastrojov, ktoré dok&°u generova” 3D déata z fyzickych tvarov
rastie aj potreba rie?” limitacie sprevadzajuce tieto nastroje. Naskenovanému 3D objektu
ma°u chyba” niektoré podstatné £asti (respektive obsahuje diery), ktoré nutno doplni’, £0
predstavuje jeden z kritickych problémov 3D skenovania. Tato problematika sa nazyva
vyp -anie utvarov. Existujuce metody funguju celkom dobre pri vyp -ani malych oblasti
alebo rovnych pléch s malo detailami. Idealna metéda na vyp -anie Gtvarov by mala by’
schopna zvladnu™ aj va£2ie chybajlice oblasti a komplexn(l geometriu, £0 je be°ny pripad
v redlnych situaciach.

V poslednych rokoch dosahuju techniky hlbokého u£enia vynimo£né Uspechy v réznych
Glohach, ktoré sa tykaju analyzy 2D obrazovych dat. To ukazuje, °e ich schopnos” efektivne
extrahova” dbleCité informacie z vstupnych dat by mohla efektivne sli®” na vyvoj auto-
matickych systémov, ktoré by spracovavali 3D polygonalne modely. Avzak aplikacia tychto
metdd na 3D neeuklidovské data nie je jednoducha, preto®e vlastnosti polygonalnych mod-
elov sa vyrazne lizia od vlastnosti pravidelne vzorkovanych obrazkov. Preto je nevyhnutné
prispbsobi” typické operacie, ako je konvollcia, na nepravidelné povrchy tychto modelov.

Cie©om tejto prace je preskuma’ techniky hlbokého ufenia na analyzu 3D dat geo-
metricky reprezentovanych, ako polygonalne modely. Praktickym cie©om je zalej navrh
a aplikovanie tychto metdd na tlohu automatického doplnenia 3D tvarov (viz obr. 1).

(a) Vstup (b) Vystup (c) Originalny model

Obrazok 1: Priklad vstupu v podobe neuplného tvaru (a), vygenerovaného
vystupu z navrhovaného rie2enia (b) a originalenho tvaru (c). Cie©om tejto metddy
je doplni” chybajice £asti neupliného 3D tvaru.

Navrh rie2enia

Navrhované rie2enie vyuCiva difizny model s pou®itim reprezentacie ulo®enej v pravidel-
nej mrie°ke (truncated signed distance eld). Uloha sa vnima, ako generativny problém,
teda vytvorenie Uplného tvaru z nelplného vstupu. Rie2enie je zalo®ené na metéd®i -

Complete[10]. Cie©om je vylep?” nedostatky a preskima” potencial metddy Di Complete.
Metoda navrhovana v tejto praci je roz2irena o novy pristup, ktory spo£iva v spracovavani
v priestore s nizkym rozlizenim. Vystupu sa potom zvy?i rozlienie, aby sa dosiahla jem-
nejZia geometria s kraj2imi detailami. Spracovavanie v nizkom rozlizeni by zarove- malo



2etri” vypo£etnymi prostriedkami a zni®%” £as inferencie. Dodato£né roz2irenia prezento-
vanej metddy umo®-ujd vyu®i” ulivate©sky vstup vo forme Oblasti zaujmu pre efektivnejie
riadenie procesu vyp '-ania. Takto mo°no napravi” ve©kl £as” zlyhani zakladného rie2enia
pri dop”=ani chybajucich £asti modelov.

Experimenty a dosiahnuté vysledky

V ramci vysledkov sa v oboch experimentalnych osiach potvrdil dobry vykon predstavo-

vaného rie2enia. Proces vyp -ania tvarov vykazuje pésobivé vysledky. V rdmci datovej
sady (datasetu) s modelmi nabytku Objaverse dosahuje v priemere skére prieniku nad zjed-
notenim (loU) s hodnotou 81,62, Chamferovu vzdialenos” (CD) 3,53, a priemerné absolutna
chyba (L1) 0,026.

Model navy2e ukazuje robustni schopnos” generalizovania. Na tvaroch mimo tréno-
vacej sady dosahuje priemerne 70,90 loU skore, 5,28 CD a 0,047 L1 skére. Integréciou
u®ivate©ského vstupu sa podstatne zjednoduzil proces vyp -ania tvarov, £0 viedlo k 84,7
loU, zni°enym hodnotam CD (2,86) a L1 (0,018) na testovacom datasete. Vysledky tyka-
juce sa tvarov mimo trénovacieho rozlo®enia, priemerné skére su 76,81 loU, 4,13 CD, 0,033
L1.

.alfie experimenty sa sustredili na vyp“—anie tvarov vo vysokom rozli2eni. V tejto
oblasti sa vyrazne preukézali vypo£etné naroky, obzvla?” pri ve©Okosti mrie°kgd 64 64
Napriek tymto prek&d°kam, zakladné rie2enie stale dokazalo vyp'-a’ tvary, aj kea sa niekedy
dosiahli za2umené vysledky, kvoli neuplnej konvergencii pofas trénovania modelu. L1
metrika v ramci Objaverse datasetu bola 0,058, £0 indikuje dvojnasobnu chybovos™ oproti
zakladnému modelu, ktory spracovaval nizke rozlizenia.

Aby sa tieto nedostatky zmiernili, v experimentoch sa skumali aj techniky zalo®ené
na super-rozli2eni a stratégia zah —ajluca efektivne spracovavanie v nizkom rozlizeni. Ex-
periment so super-rozlizenim bol zalo®eny na pristupe vyu®ivajicom dve neurénové siete, £0
malo za cie®© zjednodu?” konvergenciu a zvy4” presnos’, av2ak niekedy sa tu narazilo na 2um
a nepresnosti. L1 chyba sa trochu znila na 0,053, £0 je ale stale dos” oproti vysledkom
v nizkom rozlizeni.

Efektivne spracovavanie v nizkom rozlizeni predstavuje novy pristup, ktory zniuje ro-
zlizenie vstupu pre spracovavanie a potom mu spatne zvy2uje rozlizenie. Tymto sa dosiahli
hladzie a viac vizualne posobivé vysledky, s L1 skére o hodnote 0,032. Tato metoda v?zak
ma problém so zachovavanim jemnych detailov a s generalizaciou do novych kategorii, £0
zdéraz-uje kritickos™ diverzi kacie trénovacieho datasetu.

Z akademického h©adiska tato praca rozziruje zakladné principy ustanovené v predo2om
vyskume na Di Complete modeli. Hlavne skima detaily v rAmci vyp“-ania tvarov naprief
réznymi datovymi sadami a rozlizeniami. Taktie® analyzuje vplyv u®ivate©ského vstupu
vo forme 2peci kovania oblasti zaujmu, v ramci ktorej ma model priorizova”, kde bude
dop™—-a’. ,alej popisuje vypofetnd naro£nos” spojend s vyp'-anim tvarov vo vysokom
rozlizeni. Praca aj navrhuje inovativne pristupy, akymi mo°no zmier-ova“ problémy spo-
jené s tvarmi s vysokym rozlizenim, ako napriklad techniky super-rozlizenia a efektivne
spracovavanie v nizkom rozlizeni. Schopnos” vyp™-a” 3D tvary ma priame vyuCitie v po£i-
tafovej gra ke, 3D modelovani, rozzirenej realite (AR), a podobne. Zo zlep2enia v meto-
dach vyp“-ania 3D tvarov md°u vyrazne pro tova” odvetvia, ktorym zavisi na presnych 3D
rekonztrukciach, ako su zabavny priemysel, architektira, medicina a zalzie.
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Chapter 1

Introduction

With the increasing accessibility of tools that generate 3D data from physical shapes, there
is a need for solutions to address the potential drawbacks these tools may present. One
of the critical issues is that the scanned 3D model may have missing sections that need
repair. The problem of lling the holes is called shape completion. The existing method
performs well for lling small areas or at surfaces without extra details. The ideal shape
completion method should be able to handle larger missing areas and complex geometry,
which is usually the case for real-world shapes.

This work examines the application of deep learning techniques for the shape comple-
tion task. The proposed solution uses a di usion-based model and handles the task as
a generative problem to create a complete shape from an incomplete one, using a TSDF
representation. The solution is based on theDi Complete [10] method. The aim is to im-
prove the shortcomings and explore the potential capabilities of the Di Complete method.
The method is further extended with a novel approach of processing in low-resolution space
followed by an upscaling process to obtain high-resolution results. Processing in a low-
resolution space should save computational resources and speed up inference time. The
additional enhancement incorporates user input in the form of a Region of Interest to more
e ectively guide the completion process and rectify failure cases from the baseline solution.

The method was extensively evaluated on multiple datasets, including out of distribu-
tion sets. The e ectiveness of the proposed solution was evaluated using three metrics:
intersection over union, Chamfer distance, and mean absolute error. The baseline solution
showed high shape completion capability, with an 81.6 loU, CD 3.53, and L1 0.026 metric
score in the test dataset. The model also demonstrates strong generalization capabilities
on shapes that are not part of the training distribution (average 70.9 loU, CD 5.28, and L1
0.047 metric score). Those scores are further improved by incorporating a Region of Inter-
est. Lastly, the strength of the proposed approach lies in its processing in a low-resolution
domain, which enhances the inference speed and reduces the computational demands, given
that di usion models are challenging in this respect.

The text of this thesis is structured as follows. Chapter 2 presents the key aspects
of various 3D representations. Chapter3 deals with operations used in a work with 3D
data. Then, Chapter 4 provides an overview of the literature addressing the analysis of 3D
shapes, followed by shape generation and completion, with a review of current approaches
for shape completion. The proposed methods are then presented in Chaptér Chapter 6
focuses on details related to implementation and datasets used, to facilitate the replication
of the work. The experiments and results are summarized in Chapter.



Chapter 2

3D Data Representations and
Deep Learning Connection

Today, 3D data are considered crucial across various domains, such a®mputer-aided

design (CAD), medical imaging, and industries emphasizing visualization, like the gaming
industry, animation, or cinema. 3D data can be derived from various sources, for instance,
through the digitization of real-world objects or by modeling using specialized software,
such asBlender. The discretization of the real-world shapes utilizing sensors is another
approach to obtain 3D shapes in digital form. However, this method may introduce noise
into the result data. Another approach that is used in medical imaging is to capture 3D

shapes of patients' bodies (e.g., teeth) as multiple 2D imagess(ices).
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Figure 2.1: Taxonomy of 3D representations . Visual illustration of organizing 3D

data representations into Euclidean and non-Euclidean structures.

There is no awless 3D representation of the data without any constraints, indicat-
ing that every representation comes with its own set of uses, benets, and drawbacks.
The representations can be categorized into Euclidean and non-Euclidean. Data points
in Euclidean representations are arranged following the principles of Euclidean geometry,
typically in a regular grid-like pattern. In contrast, non-Euclidean representations do not
adhere to regular grid structures, requiring more complex methods for processing. Ahmed
et al. [2] conducted a detailed review of the various 3D data representations. Figuré.lillus-
trates a classi cation of the 3D representation, highlighting the speci ed categories. Point
clouds and polygonal meshes are characterized by non-Euclidean traits. Conversely, voxel
grids, truncated signed distance elds, and multi-view representations fall under Euclidean
representations because of their regular data structure.



2.1 Polygonal Mesh

A polygonal mesh, denoted adV , is composed of vertices, edges, and faces that together
de ne the surface of a 3D object:

M =(V;E;F); (2.1)

where V denotes the set of verticesg the set of edges, and= the set of faces. The set of
vertices V includes points within a 3D space, each distinguished by a speci c coordinate,
represented as:

V= fv 2 R3jvi = (Xi1Vi;z)g: (2.2)
EdgesE are de ned by pairs of vertices that connect to form the linear boundaries of the
faces of the mesh. An edge between the verticeg and v; is denoted as:

E="feg j& =(vi;vj);vi;v; 2 Va: (2.3)

The face setF is formed of sequences of edges that enclose parts of the surface of the mesh.
Each facef is de ned as:

F="ffjfk= 6,8 6,06 2 EQ: (2.4)
For every facefy, there is a closed loop of edges; , with each e; being a member of the
edge setE.

The connectivity of the mesh is demonstrated by the relationships among its vertices,
edges, and faces. These relationships are often represented through a connection list or
an adjacency matrix. At a local level, the geometry of the mesh re ects a segment of
Euclidean space. It adheres to traditional measures such as distance, angles, and atness.
However, meshes exhibit non-Euclidean characteristics on a larger scale.

Mesh processing and analysis are often not ideal, mainly due to the non-uniform nature
of the mesh, which di ers from the standardized grid layouts designed for traditional deep
learning frameworks. One of the most used approaches involves transforming 3D meshes
into a graph-based format . Mapping mesh vertices to graph vertices and their connec-
tions to edges allow one to usgraph neural networks (GNNs)[73]. These networks enable
exploration of the structures and characteristics presented in the 3D data.

One signi cant advantage of this representation is its ability to provide precise control
over the geometry of shapes. This precision is crucial for creating detailed and precise
3D models, which are essential in medical imaging, architectural design, and video game
development. However, the complex structure of polygonal meshes poses signi cant compu-
tational challenges, especially for models with intricate details. Storage and manipulation
of such models require considerable resources. Furthermore, the irregular nature of the
meshes complicates the application of conventional machine learning techniques, as men-
tioned before.

2.2 Point Cloud

Mathematically, a point cloud P is de ned as a set of pointsp;, where each point is a vector
in a 3D space, potentially enhanced with additional attributes:

P=fpjp 2 R¥q: (2.5)

5



Each point p; is represented by its coordinatesX;;Vi; zi), indicating its position in the 3D
space, along with optional attributes such as normalg(ny; ; nyi; nzi) and colors(ri; gi; b):

Pi = (Xi;Yi;Zi;Nxis Nyis NzisrisGish i) (2.6)

Point clouds lack connectivity or adjacency information between points, making them
less suitable for global analyses in Euclidean space. However, on a local scale, subsets
of point clouds can exhibit Euclidean characteristics. These subsets, known as neighbor-
hoods, are identi ed through various approaches, such as xed-radius searches and k-nearest
neighbors (k-NN), among others (see Figure2.2). In a xed-radius search, the neighbor-
hood of a point encompasses all points within a certain distance. This approach establishes
a Euclidean space where distance metrics are consistent, even with transformations like
translations and rotations. In contrast, the k-NN method determines the neighborhood of
a point by the k closest points, regardless of their absolute distances. This provides the
exibility to adjust to various point densities.
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(a) K-nearest neighbor (b) Ball query search (c) Octant search
Figure 2.2: lllustration of various point cloud neighborhoods. The resulting points

that form the neighborhood are determined by the algorithm employed. The ball query
searching algorithm selects points randomly from a spherical area. Recreated frord][

Point clouds are often produced by scanning physical objects with a sampling density
su cient to preserve the object's geometry. However, scanning equipment can introduce
inaccuracies and noise into the collected data. As a result, additional processing of the point
clouds is required to derive valuable information appropriate for further machine learning
tasks. Operations such as outlier removal, smoothing, and normal vector calculation require
signi cant computational e ort and may not consistently produce accurate results.

This 3D data representation has become a viable choice for modern machine learning
solutions. Algorithms tailored for point clouds often aim to capture intricate geometric
features within a broader context, maintaining robustness against inherent irregularities.
Techniques such as PointNet $1] and its subsequent improvement, PointNet++ [52], illus-
trate this strategy by directly processing point cloud data. Those technigques are used to
identify essential features of both local groupings and the overall con guration.



2.3 Voxel Grid

The voxel grid representation divides the 3D space into a three-dimensional array of voxels,
where each voxel is the smallest box-shaped unit that can distinguish parts of a 3D object.
Mathematically, a voxel grid is a 3D scalar eld G de ned on a discrete domain. Here, each
voxel vjx corresponds to a value at the discrete coordinate$i; j; k ) within the grid:

G= fvjk | Vik 2R;(i;j;k)22%:0 i<l; 0 j<J; 0 k<Kag (2.7)

Every voxel vjj is linked to a speci ¢ 3D space position, usually de ned by the center point
of the voxel. It can contain various types of information, color, density, or occupancy in
binary voxel grid (d 2 f 0;1g), for example. 1, J and K represent the resolution of the
volume grid and vjx can be denoted as:

Vik = (Xi3YiiZks ik iii);s (2.8)
where(Xi;Y;; zx) denotes the 3D position of the voxel and jx includes additional attributes
such as density or color.

The structured nature of voxel grids makes them compatible with conventional convo-
lution operations, extended from 2D to 3D, for processing volumetric data. In this context,
convolution involves maoving a 3D kernel across the input grid to create feature maps that
re ect spatial hierarchies, for 3D tasks such as object detection, segmentation, and classi-
cation. The 3D convolution operation for a voxel v is mathematically given by:

x X X
f (Vik ) = Wabe Vi+ajj + bik+ ¢ (2.9)
a= Ab= Bc= C
where wyy, are the weights of the 3D kernel, with A, B, and C indicating the size of the
kernel.

The strength of voxel-based representation lies in the ability to encapsulate a 3D object
within a spatial grid. Certain operations, such as calculating the volume or determining the
intersection with other objects, are much simpler. Nevertheless, voxel-based representations
are limited by high memory demands and computational costs as a result of the three-
dimensional nature of the data. This highlights the importance of e cient data structures
such as octree or methods like sparse convolutions. Such approaches can help mitigate
computational and memory costs and manage volumetric data on a large scale in practical
applications.

2.4 Truncated Signed Distance Field

Curlesset al. [1]] introduced the Signed Distance Function(SDF) to reconstruct 3D shapes
from range images, leading to theTruncated Signed Distance Field(TSDF) concept. SDF
is de ned as a continuous function. The signed distance re ects how far a point is from
the nearest object's surface; it is positive in front of an object (free space) and negative
behind it (inside the object). TSDF is presented as a discretization of the signed distances
to a volumetric grid. As an example, the following text describes the method of obtaining
TSDF from range images §8].
The method uses a grid of voxels, each with a centex and two main attributes: the

signed distancesd;(x) and the weight w;(x). This signed distance is calculated as follows:



sdfi(x) = depth ;(pic(x)) camy(x); (2.10)

where depth; (pic(x)) measures the depth from the camera to the object surface along the
viewing ray intersecting x, while cam,(x) is the distance from the voxel to the camera along
the optical axis, see Figure2.3. To optimize computational e ciency and focus resources on
areas crucial for representation, the SDF values are then truncated to a limit t prioritizing
regions near the object's surface and disregarding distant areas, leading tsd ;(x):

: sdfi (x
tsdf i (x) = max 1;min 1; i(X) (2.11)
1
r{ﬁiﬁ:ﬁ’i
sdfi;(x) 0
X N
cam, (x)/H
-1
tsdf;(x)
Figure 2.3: Example of a 2D Truncated Signed Distance Field. Figure shows

a solid object depicted as a green grid, a camera with its eld of view, an optical axis, and
a ray, all highlighted in blue. The TSDF grid is shown, where unseen voxels appear white,
and other voxels are distinguished by the color bar. The signed distance value of a voxgl

is established based on the depth of the corresponding surface poipt and the distance of
the voxel to the camera, denoted axam,(x). Recreated from Eg].

The TSDF is constructed by integrating multiple observations into one model to enhance
accuracy, combining data from various points of view through a weighted average, iteratively
updated for each voxel:

Wi 1(X)TSDF; 1(x) + wi(X)tsdFi(X)
Wi 1(x) + wi(x) ’ (2.12)
Wi(x) = Wi 1(X) + w;i(x):
where TSDF;(x) is the updated TSDF value in voxel x after considering the i-th obser-
vation, combining the previous TSDF value TSDF; 1(x) weighted by W; 1(x), with the

new observationtsd ; (x) weighted by w;(x). W;(x) updates the total weight by adding the
weight of the new observation, ensuring that each measurement contributes according to

TSDF;(x) =



its reliability. This iterative process allows for a dynamic and accurate representation of
the 3D shape, continuously re ning the model as new data are acquired.

Truncated Signed Distance Field is distinguished by the precision in capturing the con-
tours and features of objects within a volumetric space. This precision is particularly
advantageous for deep learning tasks that require high spatial accuracy. However, similar
to the challenges encountered with voxel-based representation, TSDF has problems with
too much memory consumption and the computational e ort needed to process a three-
dimensional grid. For further processing or visualization, volumetric representations are
reconstructed into mesh representations using isosurface extraction at the zero-level set.
Methods such asMarching Cubes (MC) are traditionally employed for this purpose, but
nowadays, techniques that utilize machine learning have been developed to perform this
reconstruction, such asNeural Dual Contouring (NDC) [8]. An example of a reconstructed
3D shape, using the Marching Cubes4(] algorithm, can be found in Figure 2.4.

Marching cubes

Figure 2.4. Example of a sofa 3D model represented as TSDF in three-
dimensional space, utilizing the 64 64 64 grid. The signed distance eld value is
indicated by the color of each voxel, with transparent cells representing empty spaces and
solid cells indicating the object's inside for clarity. On the right is a 3D mesh reconstructed
using Marching cubes.

2.5 Multi-View Representation

Multi-view representation enhances the capture of three-dimensional shape data by merging
multiple 2D images or views from various viewpoints, as illustrated in Figure2.5. Multi-
view representation o ers a comprehensive understanding of the object's structure. This
is particularly bene cial for tasks that require ne-grained details and textures, such as
object recognition, 3D reconstruction, and photogrammetry.

Mathematically, multi-view representation MV is de ned as a set of 2D images denoted

MV = flijli2R%i=1:2:::;mg (2.13)
Each imagel; in MV is associated with a speci ¢ camera position and orientation, de ned

by extrinsic parameters that position the camera in the 3D space and intrinsic parameters
that describe the camera's internal characteristics, such as focal length or lens distortion:

I; = Capturelmage(O; Ci; Py); (2.14)
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where O represents the 3D object,C; denotes the camera's extrinsic parameters for view
at the index i, and P; describes the camera's intrinsic parameters.

Multi-view representation is suitable for the application of powerful 2D image processing
techniques, such agConvolutional Neural Networks (CNNs), to analyze 3D objects. Stan-
dard CNN architectures can extract features from each view, which are then aggregated to
form a cohesive representation of the 3D object:

THERPSEYSS

Figure 2.5: Multi-view representation of a 3D model . Notably, the top and bottom
views of the model are missing, highlighting a potential limitation of Multi-view represen-
tation that requires addressing.

Fap = Aggregate(F (11);F(12);:::;F(Im)); (2.15)

where F (1;) denotes the features extracted from view with indexi and Aggregate() repre-
sents a function that combines these features into a uni ed 3D representation.

Despite its advantages, Multi-view representation faces challenges related to occlusion,
where parts of the object might be hidden in some (or in the worst case, all) views. To
address this, many views are required for accurate representation of complex objects. The
computational cost can increase signi cantly with the number of views, which requires
e cient processing techniques to manage the resources e ectively.

2.6 Neural Implicit Representation

Neural Implicit Representation o ers a novel approach to 3D data representation, leveraging
deep learning methods to encode 3D shapes in the weights of neural networks, instead of
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explicitly storing geometric details, such as vertices or voxel values. These representations
implicitly de ne the 3D surface or volume through a continuous function learned by a neural
network. Mathematically, a neural implicit function F for a 3D shape can be described as:

F:R® | R F(Xy;z; )=s; (2.16)

where (x;y; z) are the coordinates in a 3D space, represent the parameters of the neural
network, and a value s is the output of the network. This value typically indicates the
presence of the surface at that point. The most used approach within neural implicit
representations is the use of Signed Distance Functions or Occupancy Fields, where the
network outputs either the signed distance (see Figure.6) to the nearest surface or a binary
occupancy value indicating whether a point is inside or outside the object:

SDF(x;y;z; )= d; OccupancyXx;y;z; )= 0; (2.17)

whered is the signed distance ando 2 f 0; 1g is the occupancy value.

~ SDFm(z,y, 2)

Figure 2.6: Example of neural implicit representation. Figure shows a neural
network that takes a position input x;y;z 2 R® and produces a scalar output in the form
of a Signed Distance Function (SDF). Figure recreated from J].

Training neural networks to serve as implicit representations involves optimizing the
network parameters so that the neural function F accurately re ects the approximation
of the 3D shape, represented as a mathematically de ned implicit function. This is typically
achieved by minimizing a loss function that measures the di erence between the predicted
and actual values (e.g., distance or occupancy) at various points in space.

The exibility of neural implicit representations allows for high-resolution details with-
out being bound to a xed grid or topology, enabling smooth and continuous surfaces to
be modeled with arbitrary complexity. Complex shapes, high-detail textures, and seamless
transitions between features can take advantage of this approach.

In practical applications, Neural Implicit Representations are frequently integrated with
coordinate-based neural networks and multilevel feature encoding. These techniques help
with the management of large-scale data and intricate geometries. As illustrated in Fig-
ure 2.7, an object can be captured in various representations and then encoded as a neural
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Figure 2.7: Neural implicit representation in latent space. The representation
unify the basic representations by trying to encode them into one latent vector that can be
used as input to the deep neural network. Figure recreated from13].

implicit representation. Subsequently, a decoder transforms this into a latent vector suitable
for downstream tasks such as classi cation, segmentation, and more.

Despite their advantages, implicit neural representations can be computationally inten-
sive during training and require careful hyperparameter tuning. Moreover, the black-box
nature of neural networks can sometimes lead to unpredictable behaviors or artifacts in

captured shapes.
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Chapter 3

Operations on 3D Data and
Processing

Choosing the right format for various 3D data types and speci ¢ application needs is crucial.
To e ciently manage these data, e ective tools and methods are necessary. These methods
include basic operations such as translation, rotation, and scaling. Additional advanced
methods can rectify any shortcomings that may have arisen during the data generation
process. For example, the scanning method can introduce noise into the model. The
following sections present a selection of essential techniques necessary for understanding
this thesis.

3.1 Spatial Transformations

The three primary transformations used to manipulate 3D data translation, rotation, and
scaling are illustrated in Figure 3.1 Transformations are applied through matrices and
matrix multiplication enables combining multiple transformations into a single matrix op-
eration.

Translation moves a mesh model within the 3D spaceR3, using the translation matrix
T. Rotation rotates the model around an axis, performed with the rotation matrix R,( ).
Scaling changes the size of the mesh model using the scaling matrg& All matrices are
presented in Equation 3.1.

2 3 2 . 3 2 3
1 0 0 tx cos() sin() 0 O sx 0 0 O
~fo 10 tyé_ _ gsin() cos() O (()é _fo0o s, O .
T‘go 0 15004 0o 165740 o5 055 G
0 0 0 1 0 0 0 1 0O 0 0 1

Basic 3D transformations are also used outside of geometric manipulation. In data
augmentation, they can be utilized to create various orientations and sizes, which in turn
help improve the generalization capability of learning frameworks. Another use case of 3D
transformations is data normalization. Models can be aligned to their origin point and
models' size can be normalized by scaling to a unit sphere. This normalization uni es the
coordinate system for all shapes in datasets and enables algorithms to focus on the object's
shape rather than its position or size, improving feature detection and model precision.
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Translate Rotate Scale

Figure 3.1: Visualization of standard a ne 3D transformations. Figure shows
an example of three spatial transformations on a 3D cube model: translation, rotation, and
scale.

3.2 Boolean Operations

Boolean operations on 3D shapes are important in computational geometry an€onstruc-
tive Solid Geometry (CSG) for creating and modifying 3D shapes using set-theory princi-
ples. Landier et al. [36] developed robust solutions for polygonal meshes to maintain the
integrity of the mesh structure during these operations. To visually understand Boolean
operations on 3D shapes, see Figurg.2.

The task of performing Boolean operations on polygons is complex due to the need
to preserve the manifold characteristics of the meshq5. These operations may often
fail to execute due to an inconsistent or inadequate mesh topology. However, another
representation o ers an easier solution for Boolean operations, such as converting a mesh
to a volumetric representation and applying per-voxel boolean operations. The following
math de nitions are formulated on binary voxel grids.

The union of two meshes combines their geometries into a single mesh. When used on
polygonal meshes, union algorithms carefully combine vertices, edges, and faces to maintain
the integrity of the initial shapes in the resulting mesh. This process aims to avoid creating
non-manifold edges or faces that overlap. Union operation is described mathematically as
follows:

A[B =fxjx2A_x2Bg: (3.2)

The intersection creates a mesh from the shared volume between two or more meshes.
Algorithms for this type of operation carefully calculate the intersecting region and con-
struct a mesh that accurately represents the overlap, while maintaining the topological
consistency. Here is a mathematical de nition of an intersection:

A\B =fxjx2A”" x2Bg: (3.3)

The dierence subtracts one mesh from another, removing the subtracted volume.
Algorithms for polygonal meshes carry out this process by removing the intersecting areas
and correcting any irregularities in the nal mesh, such as holes or isolated vertices, to
ensure a coherent and functional mesh.

AnB=fxjx2A" x 2Bg: (3.4)

3.3 Advanced Operations

In addition to the fundamental transformations employed for spatial manipulation of 3D
data and Boolean operations used for combining or di erentiating shapes, there are also
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Figure 3.2: Visual examples of Boolean operations. From left to right, operations
are: intersection, union, and two di erences. Figure recreated from PyMesh documentation
https://pymesh :readthedocs :io/en/latest/mesh_boolean :html.

more complex algorithms. This section will highlight and explain some algorithms partic-
ularly relevant to this work.

3.3.1 Surface Smoothing

Surface smoothing is a procedure in 3D modeling that seeks to improve models' visual and
physical characteristics by reducing their surface noise and imperfections. This process has
applications in producing attractive graphics in digital media, generating accurate models
for scienti ¢ simulations, preparing models for 3D printing, etc.

Laplacian Smoothing

One of the most basic techniques for surface smoothing is Laplacian smoothingq]. It
iteratively modi es the position of each vertex based on the average positions of its neigh-
boring vertices (see Figure3.3), e ectively distributing the vertices more uniformly across
the surface. The operation follows the following equation:

1 X
vt = N v (3.5)

whereviq+1 denotes the new position of vertexi after the smoothing iteration q+1, N rep-
resents the number of neighboring vertices, anci/jq is the position of neighboring vertex;j in
the current iteration g. Figure 3.4 demonstrates Laplacian smoothing on a 3D model of the
Stanford bunny. Despite its simplicity and computational e ciency, Laplacian smoothing
can lead to volume reduction and loss of detail. Enhanced methods such as the improved
Laplacian smoothing proposed by Vollmeret al. [63] aim to preserve volume and features
by repositioning vertices towards their original locations post-smoothing.

To address the limitations of Laplacian smoothing and meet speci ¢ requirements, var-
ious advanced techniques have been developed:
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Original Position Adjusted Position

Center of Neighbors

Figure 3.3: Example of mesh smoothing using Laplacian smoothing. Figure
shows the vertex that is adjusted based on the centers of the neighbors. Figure recreated
from [74].

Noisy Smoothed

Figure 3.4: Example of Laplacian smoothing on noisy mesh. The smoothed version
of the Stanford Bunny was obtained by 3 iterations of the smoothing algorithm.

~

Bilateral Smoothing: Considers both the spatial separation and the di erence in
intensity, aiming to maintain edges while decreasing noise.

" Taubin Smoothing: Involves a series of iterations that switch between smooth-
ing and shrinking steps to address the volume reduction that occurs with Laplacian
smoothing.

Humphrey's Classes Smoothing: Combines Laplacian smoothing with curvature-
based optimization to better retain geometric characteristics.
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3.3.2 Hole Filling

Hole lling is used in 3D processing to repair and reconstruct incompletely formed regions,
commonly called holes in mesh structures p€] (see Figure3.5).

It is vital to maintain the completeness of 3D models, especially those created from
real-world data collection methods that might have gaps due to occlusion or scanning
constraints. Various algorithms [16, 86] exist to address the challenge of hole lling, with
strategies ranging from simple triangulation to more sophisticated methods that consider
the curvature and topology of the surrounding mesh:

Triangulation Based: Fills holes by creating new faces within the gap, typically
employing methods such as Delaunay triangulation to minimize the creation of skinny
or poorly shaped triangles.

Geometry Based: Analyze the geometric features surrounding the hole to produce
a |l that smoothly continues the existing curvature and surface normals, leading to
a more visually coherent result.

Patch Based: Use patches from other parts of the mesh or from a library of shapes to
cover the hole in a way that matches the surrounding geometry as closely as possible.

These methods are e ective for lling small holes, however, they are ine ective when
dealing with larger missing parts of a model. As a result, this thesis seeks to create a ma-
chine learning approach that surpasses traditional methods and is suitable for larger-scale
scenarios, while adequately maintaining the mesh features.

Reference Hole Filled

Figure 3.5: Example of mesh hole lling. Given mesh M with missing geometry
(middle image), the goal of the algorithms is to propose a patch (blue surface in rightmost
image) that lIs the surface in an accurate way.
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Chapter 4

Neural 3D Shape Analysis
Methods

Within the context of deep learning for 3D shapes, various methodologies align with the
di erent types of 3D data representations. These are grouped into Euclidean methods,
involving volumetric and multi-view representations, and non-Euclidean methods, which
include point-based, edge-based, face-based, and graph approaches. An illustration of the
taxonomy and the reference methods can be found in Figurel.l. To dive deeper into
the deep learning approach, refer to a study on deep geometry learning conducted by
Yun et al. [75].

Euclidean methods __ Non-Euclidean methods

c ) ( \

| Volumetric Multi-view L Point rep. Meshrep.

\ ShapeNet [71] MV-CNN [60] \ \ PCT [25] GCNN [41] \
O-CNN [65] MV-RNN  [37] | PointNet [51] MeshCNN [27]

‘ OctNet [56] MLVCNN  [32] ‘ PointNet++ [52] MeshNet [17] \

\ | ]

Figure 4.1: Euclidean/non-Euclidean taxonomy of deep learning 3D shape anal-
ysis. It is important to note that this is not an exhaustive listing of all papers in the eld,
but rather a curated collection of the most notable ones in each category.

4.1 3D Shapes Generation and Completion

This section explores the state-of-the-art complex approaches and advanced frameworks,
providing information on their capabilities and possible uses. The main focus is on advanced
methods that played a key role in expanding the capabilities of 3D shap@eneration and
completion . For example, point embeddings {#5] and conditional generative adversarial
networks [82] allowed a more detailed generation of 3D point cloud shapes. On top of im-
proving the visual quality, these techniques also contribute to the overall geometric accuracy
of the generated models.

Another notable area of development is the hierarchical and part-based modeling ap-
proach. This method, as seen in studies such as the one by Et al. [39], focuses on under-
standing and generating 3D shapes considering their constituent parts. This approach not
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only aids in generating more realistic models, but also provides a deeper understanding of
the structural composition of complex shapes.

Research in the eld of integration of implicit and explicit representations of shapes,
such as the work of Poursaeeet al. [50] demonstrates the potential of combining di erent
shape representations to achieve more comprehensive and detailed models.

Shape completion methods have also made signi cant progress. One notable advance-
ment is the use of deep neural networks, specically transformer-based networks such
as the approach proposed by Yanet al. [79 or di usion-based approaches proposed by
Chu et al. [10]. These methods have demonstrated improved e ciency and precision in
addressing the di culties posed by incomplete data.

As the eld advances, there is a growing emphasis on the development of not only
visually accurate but also functionally realistic models. Recent studies42, 28] have explored
the integration of physical properties and realistic texture. These advances are crucial in
closing the gap between virtual 3D models and their real-world counterparts, enabling more
immersive and practical applications.

In the 3D shape generation and completion eld, two main model types are commonly
employed: encoder-decoder models and generative models. These models o er distinct
advantages for each representation type, including mesh, point cloud, voxel, or implicit
representation, as indicated by numerous studies and papers used as references for the
models utilized. The taxonomy is illustrated in Figure 4.2.

| | Encoder-Decoder Based

| | Generative Based

Mesh Rep.
T~ — — — =,  Point Cloud
‘ Pixel2Mesh [64] | & @— — — — —
Gé“AaSF',\';,\tA [24;7 L PSGN [15] \ Voxels Rep.
| [57] ‘ | MRTNet [19] |- — — — — —
\ Image2Mesh [49] FoldingNet [83] | | PatchComplete [54] ‘ i~
M Net [20) | | ShapeFormer [79] | | ‘ MarrNet [69] ‘ Implicit Rep.
Leverage2D [28] ‘ Pix2Vox [76] .- - - = =
| Latent GAN [1] || \
- = — PointFiow [0 || | Mem3D [81] || | Deﬁf’éD[FSlg“S] ‘
\ Pointgow [61]
WarpingGAN  [62] || 3D GAN [70] | | D2M Net [38]
\ ping \ Text2Shape [7] | |
****** \ VoxelNet [77] ‘ Di Complete [10] |
AutoSDF  [44] | Hier 3D GAN  [30]
\

IM-NET [9]

Figure 4.2: Encoder Decoder/Generative based taxonomy of deep learning 3D

shape generation and completion. It is important to note that this is not an exhaustive
listing of all papers in the eld, but rather a collection of the most notable ones in each
category.

To better understand the progress and techniques of 3D shape completion and gener-
ation using deep learning, refer to Xuet al. [78]. The following sections are focused on
explaining the fundamental principles of di usion-based generative models andGenerative
Adversarial Networks (GANS).
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4.1.1 Diusion Models

Di usion models have gained signi cant attention because of their ability to produce high-
quality and diverse samples. These models operate by gradually transforming a data distri-
bution by adding and then removing noise, e ectively learning the data distribution during
this denoising processf].

At their core, di usion models consist of two main phases: the forward process and the
backward process. In the forward process, noise is incrementally added to the data until it
is transformed into a Gaussian distribution. The backward process, which is the generative
phase, involves learning to reverse this noise addition to recover the original data from the
noise. Section4.2.1 describes the process in detail based on a speci c paper working with
3D models.

Training and Objective Function

Training of di usion models involves optimizing the parameters of the backward process.
Typically, this is done using a variant of the variational lower bound or other objectives
that measure the di erence between the generated and the original data.

Variants of Di usion Models

Several variations of Di usion Models have been developed to enhance performance, address
speci ¢ challenges, or adapt the model to di erent types of data:

~

Conditional Di usion Madels [84]: Incorporate conditioning information, allowing the
generation of data that adheres to speci c conditions or attributes.

Discrete Di usion Models [59]: Adapted for data inherently discrete by nature, such
as text or categorical data.

Continuous Di usion Models [34]: Utilize continuous-time dynamics for a more ex-
ible and potentially more e cient di usion process.

Hybrid Models [35]: Combine elements of di usion models with other generative ap-
proaches, such asariational autoencodersor generative adversarial networks, to lever-
age the strengths of each approach.

Despite their promising results, Di usion Models face several challenges, including com-
putational e ciency while needing to balance the trade-o between sample quality and
diversity.

4.1.2 Generative Adversarial Networks

Generative Adversarial Networks(GANS), introduced by Goodfellow et al. [22] have revo-
lutionized the eld of generative models, with their ability to generate realistic and high-
quality data. GANs consist of two competing neural network models: a generatoiG that
creates data samples and a discriminatoD that evaluates them [21].

The foundation of GANs is a minimax game between the generator and the discrimina-
tor. The generator network G creates samples from the same distribution as the training
data. The discriminator network D tries to distinguish between the real and the fake data
produced by G. Through this adversarial process,G learns to produce more realistic data
and D becomes better at detecting fakes.
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Training and Objective Function

The minimax game that forms the basis of GANs has the value functionf (D; G) de ned
as:

minmaxf (D;G) = Ex pgo 01090 o )]+ E; p,»llogd D (G (2N (4.1)

where pgata represents the data distribution, p, denotes the noise distribution, x is a sam-
ple from the real data, z is a noise sample, p and ¢ are the parameters forD and G
respectively. The discriminator D, parameterized by p, aims to maximize the probability
of correctly classifying both real and fake data. The generatorG, parameterized by g,
aims to minimize the probability that D correctly classi es fake data as fake. Ideally,D
should output high probabilities for real data and low probabilities for data generated by
G. G tries to generate data that D will classify as real.

Training continues until a Nash equilibrium is reached, whereD and G cannot improve
their strategies, given the other player's strategy. This point is known as thesaddle point
in the context of GANSs.

Variants of GANs

GANSs have been extended into various architectures to improve the basic GAN structure
or address speci c issues. Even in the generative process or to improve certain aspects of
the generation, like image resolution, diversity, or conditional generation. Some noteworthy
variants include:

~

Deep Convolutional GANs (DCGANSs) [53]: Particularly useful for image data, DC-
GAN:Ss introduce convolutional layers to the generator and the discriminator, providing
more robust feature learning and generation capabilities.

Conditional GANs (CGANS) [43]: Incorporate additional inputs that condition the
generation process, allowing for the generation of targeted data. Additional inputs
can include class labels or types of images, allowing the creation of speci ¢ categories
of images.

Cycle GANs [87]: Designed for image-to-image translation tasks without paired ex-
amples, using a cycle consistency loss to learn the translation.

StackGANs (SGAN) [29]: Use a multistage generation process for high-resolution
image synthesis. A rough image sketch is created rst, then re ned in the following
stages to produce high-resolution details.

Progressive Growing GANs(PGGANSs) [33]: Start by generating low-resolution im-
ages and progressively increase resolution by adding layers to the networks. Allow for
better training stability and higher-quality results.

Despite their achievements, GAN training is frequently di cult due to problems such
as mode collapse, vanishing gradients, and lack of convergence. One of the recent innova-
tions in GANSs is auxiliary classi er GANs (AC-GANSs) [47]. AC-GANs enhance the quality
and diversity of the samples produced by integrating an additional classi er into the dis-
criminator. Similarly, self-attention GANs employ attention mechanisms to capture global
dependencies within the data.
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4.2 State-of-the-Art in 3D Shape Completion Methods

The following section outlines the state-of-the-art approaches used for the task othape
completion .

4.2.1 DiComplete

Chu et al. [10] introduced Di Complete, a diusion-based approach to 3D shape com-
pletion on range scans represented by implicit shape representation. It balances realism,
multi-modality, and high accuracy, distinguishing itself from previous deterministic and
probabilistic approaches. Important advances include a hierarchical feature aggregation
mechanism for injecting spatially consistent conditional features and an occupancy-aware
fusion strategy for handling multiple incomplete shapes. This approach achieves state-of-
the-art performance on extensive benchmarks, substantially improving completion accuracy
and quality. Di Complete exhibits strong adaptability to objects from unseen classes, elim-
inating the need to retrain the model for di erent applications. This method will be further
discussed later, as it is the main building block of this thesis.

Dataset and Problem Formulation

This study focused on generating training data by creating incomplete 3D scans from depth
frames. A truncated signed distance eld was utilized in a volumetric grid to represent
incomplete scans. To represent ground-truth shapes, aruncated unsigned distance eld
(TUDF ) was used because of the high number of open meshes in the dataset.

Two volume representations are presented: an incomplete scan denotex] and a com-
plete 3D shape denoted axg, both utilized in the learning phase. During inference, onlyc
is provided along with x1, which is generated from the standard Gaussian distribution. The
objective is to generate the complete shape&, approaching the shape completion problem
as a generation problem, using the information from the incomplete scan. The task uses
the probabilistic di usion model, which includes a forward and backward process.

~

In the forward process q(xo.1), Gaussian noise is gradually added to obscure the
ground-truth shape X, into a random noise volumext where T is the total number
of time stamps.

The backward processp (Xo-;C) utilizes a shape completion network, with learned
parameters , to iteratively remove noise from the noise volumexr.

Since forward and backward processes are controlled by a discrete-time Markov chain
across time stepsf0;:::Tg, the Gaussian transition probabilities they follow can be ex-
pressed as shown in Equationt.2 and Equation 4.3:

Y p
d(XoT) = q(Xo) q(XtjXt 1); q(XtjXt 1):= N I L 4.2)
t=1
P (Xom;0) = p(Xt) P (Xt 1jX;0); P (Xt 1] %Xt):= N (xe;t;c); ¢+ (4.3)
t=1
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In Equation 4.2,  represents a scalar value within the rangdO0; 1] that determines the
variance schedule, e ectively controlling the level of noise introduced at each step of the
process. For Equation4.3, p(xT) denotes a Gaussian prior at a speci c time stampt, where

represents the mean predicted by the network. Furthermore, ? in this equation refers
to the variance. The N (0; 1) denotes a unit Gaussian distribution.

There is a simpli cation in which the prediction  (xi;t; c) is altered to predict (x¢;t;C).
This new prediction aims to approximate the noise introduced to corruptx; ; in the forward
process, and the variable  is substituted by the pre-de ned . The training objective
for this simpli ed approach is shown in Equation 4.4. To maximize the probability of
generation p (Xg) (to obtain the original shape), the mean square error loss function is
used:

h [
argmin Eex, e K (Xt t; c)k2 ; 2N (0; 1); (4.4)

where is the noise applied to corrupt X; into Xi+1, and is the noise predicted by the
shape completion network.

Shape Completion Network Overview

To condition the generation process, the technique proposed by ControlNet35] was used.
This involves encoding using separate branches with identical network structures, but with-
out sharing parameters. Complete and incomplete shapes are represented in multiresolu-
tion 3D volume space, preserving spatial structures. Adding the feature volumes from both
branches achieves a cost-e ective and spatially consistent feature aggregation. This method
avoids the computational expenses of more complex techniques, like cross-attention.

Network Architecture Details

The network architecture (see Figure4.3) used employs a dual branch strategy, consisting
of one branch to handle complete shapes and another branch to handle incomplete shapes.

The primary branch, derived from the 3D U-Net [46], is used for improved di usion.
It takes as input a corrupted complete shapex;. This branch consists of ve phases:
1. projection into a higher-dimensional space,
2. encoding and downsampling,

3. integration of non-local information using a middle block with a self-attention
layer,

4. upsampling to restore the feature volume to the original size,

5. and nally, projection to the original dimensional space.

The secondary branch processes the incomplete shapesnd mirrors the structure of

the primary branch. This branch focuses on e cient feature extraction and utilizes

a projection layer after each encoder/middle block to forward multiscale features to
the primary branch's decoder blocks.

Furthermore, incorporating time-conditioned di usion models enhances the network's
capabilities by converting the time step into an embedding using two MLPs. To e ectively
merge features of complete and incomplete shapes, the network implements hierarchical
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feature aggregation across multiple levels. Before feature aggregation, projection layers
align the shape distributions, before combining them with the control branch. Adjusting
the level of the network at which the features are aggregated can in uence the balance
between the precision of the completion and the multi-modality of the results.
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Figure 4.3: lllustration of the network architecture designed for 3D shape pro-

cessing, featuring a main and a control branch. The main branch, a 3D U-Net struc-
ture, handles corrupted complete shapes by initially projecting them into a high-dimensional
space, followed by progressive encoding, non-local information integration through self-
attention, and subsequent upsampling. At the end, the output is projected back to match
the input dimension. The control branch processes incomplete scans by extracting multi-
scale features without the upsampling part typically required, instead using a projection
layer to pass these features to the main branch. Adapted from10].

Multiple Incomplete Scans as Inputs

The network has the option to handle multiple incomplete scans simultaneously, enhancing
the geometric data for more precise shape completion and making it more suitable for cases
where a single scan may not capture the object completely. A new proposed method is used
to e ectively merge the features from these scans, giving priority to the accuracy of the
feature fusion process by aligning the partial shapes initially and using an occupancy-aware
technique in the feature space. For a more detailed explanation of this method, refer to the
comprehensive explanations provided in the Di Complete paper.

Training and Inference

The Di Complete network training process starts with a single incomplete scan as a condi-
tional input. In this initial phase, all network parameters, except the MLP layer responsible
for occupancy-based fusion, are trained to achieve the objective described in Equatioh4.
Once the network reaches convergence, the parameters are kept xed and the MLP layer
is ne-tuned by using multiple incomplete scans to improve its performance. To perform
inference, an initial point xt is created by generating a 3D noise volume from a standard
Gaussian distribution. The network then reconstructs the complete shapexp from Xt in
iterative steps T, taking into account partial scans c as conditions.
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4.2.2 PatchComplete

Rao et al. [54] introduced PatchComplete a novel approach to 3D shape completion.
The method leverages multiresolution patch priors for reconstructing complete shapes from
partial shapes, even for unseen categories. Unlike traditional methods that rely on category-
speci ¢ learning, PatchComplete focuses on learning generalized shape priors at the patch
level, exploiting the commonalities among di erent object parts across categories. Learning
generalized shapes is motivated by the observation that local geometric structures, such
as chair legs or table surfaces, are often shared between dierent categories of objects.
An illustration of the PatchComplete process can be seen in Figurel.4.

Multi-Resolution Learning

> D
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Encoding

Generated 2 Multi-
Encoding p 1 Resolution oo ieteq
i 1 1 Decoder SDF

Input SDF Encoder ;

Mesh

Figure 4.4: lllustration of the multi-resolution learning strategy employed by
PatchComplete.  The process begins with an input SDF being encoded, which is then used
as an input into to attention mechanism together with patch prior encodings to generate
a weighted encoding that best matches the input. This is followed by a multi-resolution
decoding phase that fuses information across di erent scales to produce a completed SDF.
Finally, the completed SDF is converted into a mesh. Adapted from p4].

Learning Local Patch-Based Shape Priors

Recognizing that local structures can vary in size, PatchComplete learns patch priors at
di erent resolutions (see Figure 4.5). This multi-resolution approach allows for the e ective
reconstruction of complete shapes by fusing priors across scales, thereby capturing both
global shapes and ner details. The fusion process is guided by attention scores that
determine the relevance of each prior patch to the input, enabling a coherent assembly of
the nal shape.

Training

The model is based on 3D convolutional encoders for input scans and patch priors and
is trained using a reconstruction loss 1. The training process involves two main phases:

learning the patch priors and then learning to fuse multi-resolution priors for shape com-

pletion. The model is trained on a mixture of synthetic and real-world data to enhance

robustness and generalizability.
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Figure 4.5: Visualization of PatchComplete levering the concept of transfer-

able knowledge across di erent categories for 3D shape completion. During the
training phase, on the left, a variety of objects from seen categories are used to establish
learnable multi-resolution shape priors. These priors consist of di erent resolutions: 83
patch priors and 4° patch priors, to capture the geometry at varying scales. On the right,
PatchComplete is tested on novel categories that are not included in the training set. The
sequence demonstrates the original incomplete input, the reconstruction made by Patch-
Complete, and the ground truth for direct comparison. Adapted from [54].

4.2.3 3D-EPN

Dai et al. [17] introduce a novel approach to 3D shape completion, name@D-Encoder-
Predictor Network (3D-EPN ). The approach innovatively integrates volumetric deep neural
networks with 3D shape synthesis techniques. This method advances by inferring not only
complete shapes from partial 3D scans at a low resolution but also by enhancing the inferred
shapes with high-resolution details. Through a multi-resolution 3D shape synthesis process,
leveraging a comprehensive shape database. The illustration of the process overview is
shown in Figure 4.6.

Method Overview

The 3D-EPN framework distinguishes itself through its two-phase strategic process. Ini-
tially, it employs a 3D encoder-predictor architecture that e ectively processes partial scans
to generate a coarse, yet complete, volumetric representation. The volumetric representa-
tion is then re ned using a patch-based 3D shape synthesis method, which introduces
ne-scale details. Details are based on geometric constraints from similar shapes within
a dedicated database. This method ensures the preservation of the global structure while
incorporating local details. The network is trained on a mixture of synthetic and real-world
data to improve its robustness and generalizability.

26



\(\ \ - Database Prior =
R \| 3D Shape \ 8 e ’\ \ 2 5
i},_ > 3 / Classification / 5 2 \ \ L:: \ 52 [
S e | Network o < ) /?:~ = E S .
§ »(‘“‘)t etwor 5 = [\g =7 - H . Y / ) ‘% ’\\ .% (i
y . N - E&’WE =
£ g_r\¥ §Z L A g-{:‘: S > N
A | = a (Y S— = 3
Q ) ) &
Distance Field & State Distance Field Distance Field
323 Voxel Grid 323 Voxel Grid 1282 Voxel Grid
Figure 4.6: Overview of the shape completion process for 3D-EPN. The process

begins with a partial 3D scan input, represented as a truncated signed distance eld within
a32 32 32voxel grid. The scan is processed by a 3D shape classi cation network
before entering the 3D-EPN. The predicted distance eld, which retains the resolution of
the 32 32 32 grid, serves as the basis for further re nement. The database priors
are then utilized in a multi-resolution 3D shape synthesis step, where the low-resolution
prediction is correlated with higher-resolution database models to enhance detail. The nal
result is a completed shape represented as a distance eld within 428 128 128 voxel
grid, which has improved resolution and detail, re ecting the step of 3D-EPN prediction
and database-informed synthesis. Adapted from12)].

3D Encoder-Predictor Network Architecture

Central to the 3D-EPN framework is its network architecture (see Figure 4.7). The rst
component is the 3D encoder, which compresses the input partial scan into a latent space.
This is achieved by processing the input through a series of 3D convolutional layers. The
transformation is followed by two fully connected layers, resulting in a condensed represen-
tation that includes both geometric data from the scan and semantic classi cations from
a 3D-CNN shape classi er. The second component is the predictor network, which em-
ploys 3D up-convolutions to expand the latent representation into a full-sized output of the
estimated distance eld values. Skip connections connect the corresponding layers of the
encoder and predictor. This allows for the transfer and integration of the local structure
from the input to the output, ensuring detailed and accurate shape predictions.
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Figure 4.7: Visualization of the dual-component architecture of the 3D-EPN.
The combination of the 3D convolutions, fully connected layers, shape classi er network
and predictor network. Adapted from [12].



Shape Synthesis

The novelty of the 3D-EPN approach lies in its shape synthesis step, which signi cantly
increases the resolution and detail of the initial predicted shape. Correlating low-resolution
output with high-resolution models from a shape database. The method adeptly synthesizes
ne-scale details, ensuring that the resultant mesh accurately re ects the intended global
structure and local geometries. This process e ectively leverages the amount of geometric
information available in the database to enrich the reconstructed shapes.

4.2.4 ShapeFormer

ShapeFormer introduced by Yan et al. [79), is at the forefront of transformer-based net-
works, used for shape completion. Designed to compute the distribution of completions of
objects from partially and potentially noisy point clouds. Unlike previous methods, Shape-
Former takes advantage of a compact 3D representation known as ¥ector Quantized Deep
Implicit Function (VQDIF ). Representation e ectively uses spatial sparsity to encapsulate
a 3D shape through a succinct sequence of discrete variables. The illustration of the process
overview is shown in Figure4.8.
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Figure 4.8. Overview of the shape completion process for ShapeFormer . The
initial input, potentially a depth image represented as a point cloud P, is transformed by
the VQDIF Encoder into a sparse sequence of features. This sequence is then compactly
expressed as a series of 2-tuples, each tuple containing a spatial coordinate and a corre-
sponding feature index from a pre-de ned dictionary. These tuples are denoted aSp and
visually di erentiated by dashed lines. ShapeFormer operates orSp, predicting the likely
complete sequencesc by modeling the conditional probability distribution. Subsequent
autoregressive sampling facilitates the generation of a predicted complete sequence. The
VQDIF decoder then translates Sc back into a dense form, generating the surface recon-
struction M. Adapted from [79)].

Method overview

ShapeFormer addresses the challenge of 3D shape completion by harnessing the autore-
gressive capabilities of transformers to learn distributions over possible completions. The
method incorporates local codes within a sequence of discrete, vector-quantized features.
Thereby considerably reducing the size of the representation while retaining essential struc-
tural details.
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Compact Sequence Encoding for 3D Shapes

VQDIF supports ShapeFormer by allowing the encoding of complex 3D shapes into compact
sequences. Each sequence element comprises a 2-tuple representing the position and content
of non-empty local features. Subsequently, transformers are applied to capture the global
structure and dependencies within these sequences. This compact representation drastically
reduces the sequence length from cubic to quadratic in terms of feature resolution, which

is a signi cant breakthrough for the application of generative models in the 3D domain.
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Chapter 5

Proposed Solution for 3D Shape
Completion using Deep Neural
Networks

To address the problem of automatic shape completion, a deep learning-based supervised
solution is proposed. The rst section of this chapter formally de nes the problem to be
solved. Subsequently, the process of generating the dataset for the shape completion task
is introduced as a key element of supervised methods. After an in-depth explanation of the
process of obtaining the dataset, the proposed method is described in detail.

(@) Input (b) Output (c) Ground Truth

Figure 5.1: Example of an input in the form of an incomplete shape (a), gener-
ated output from the proposed solution (b), and a ground truth mesh (c). The
goal of this method is to complete the missing parts of the given shape.

5.1 Problem De nition

Given the 3D shape represented as a triangular mesM = (V; E; F), which represents the
partial shape of a real-world object with one or more holes caused by incomplete scanning
or object breakage, the shape completion problem is formulated as follows:

F(Mp)= Mc: (5.1)
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where the function F maps a partial (incomplete) shape denoted byM p to a complete shape
M c. The mapping process is designed to extend the set, E, F of the partial mesh with
elements that represent missing patches introduced by the functionF. Mathematically,
this is formulated as:

Ve =W +Vy;
Ec=Ep+Ey; (5.2)
Fc=Fp+ Fy;

where |l represents the elements newly introduced to the partial shape by the completion
process.

The proposed solution operates with a TSDF representation within a voxel grid, utilizing
a conversion function fromM to TSDF and vice versa.

5.2 Dataset Preparation Pipeline: Smashing the Objects

For the shape completion problem, the dataset should consist of partial (incomplete) shapes
P and their corresponding complete shape€. Complete shapes, in the form of polygonal
mesh, were obtained from datasets such as Objavers&4], ShapeNet f], or ModelNet [72)].
Although the datasets only contain labels, based on self-supervised learning principles, the
corresponding inputs can be generated.

5.2.1 Process of Acquiring Incomplete Shapes

The objective is to generate a dataseD comprising pairs (x;y), wherey are obtained from
mesh samples sourced from the datasets mentioned above. The corresponding incomplete
input x is acquired in the form of a distance eld, along with a ground truth distance eld

y, using Algorithm 1.

Algorithm 1 Creating Complete and Incomplete TSDF counterpart for a given meshM
: M ¢  LoadMesh(ModelPath)

[En

2. M ¢  NormalizeMeshM ¢) . Scale to unit cube and center
3: TSDFc  MeshToTSDF(M ¢)

4. Save(TSDF¢, complete_shape)

5 Mp M c.copy()

6: for i 2f1;:::;NumHolesy do

7. Mo  RandomPrimitive()

8: M o  TransformPrimitive( M o) . Scale, position, rotate
9: Mp M pnMg . Boolean Di erence
10: end for

11: TSDFp  MeshToTSDF(M p)

12: Save(T SDFp, incomplete_shape)

The incomplete shapes are generated from complete 3D models through a series of steps,
which simulate scenarios in which occlusions during scanning might lead to the absence of
certain parts of the model. This absence could also be caused by the inability to capture
speci ¢ sections of the model or from intrinsic attributes of the model itself, such as a missing
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Figure 5.2: Visualization of generating an incomplete shape from a complete

one: Beginning with the complete modelM ¢, the initial step involves storing the ground
truth as a TSDF (TSDF¢). Following this, a randomized process is employed to select and
transform geometric primitives, which are then introduced into the scene such that they
intersect with M ¢. Subsequently, a boolean di erence of the mesh with each geometric
primitive gives an incomplete model M p. Finally, partial mesh M p is converted into
a TSDF representation TSDFp and stored.

tooth in a dental scan. The pipeline to transform a given input M ¢ into an incomplete
shapeM p is illustrated in Figure 5.2.

The methodology to create incomplete shapes from complete 3D models, as interpreted
in Algorithm 1, involves a series of steps designed to replicate real-world scenarios of occlu-
sion or inherent missing parts in the models. Initially, the model represented as a polygonal
mesh is loaded and subsequently normalized by centering at the origin and scaling to a unit
cube, a prerequisite for converting the mesh to a TSDF representation. After preparation,
the model undergoes processing to generate its incomplete counterpart through Boolean
di erence operations. Since not all meshes are suitable for these operations (e.g. may
contain self-intersecting triangles), an initial evaluation is carried out to determine if using
Boolean di erences is feasible. Following the validation of the suitability of the mesh, the
TSDF representation of the complete shape (denoted SDF¢) is stored. Then, the original
mesh is duplicated for subsequent modi cation. The selection and application of geometric
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primitives to create holes within the mesh are controlled by randomized processes, including
the choice of primitive type and the number of holes to introduce. These primitives are
randomly positioned and rotated to ensure that they intersect with the original meshM ¢.
The scale of primitives (in other words, holes) can be adjusted as needed. The Boolean
di erence operation is then applied, producing the incomplete meshM p, which is subse-
qguently converted to its TSDF representation, TSDFp. Volumes of TSDF¢ and TSDFp
are calculated to quantify the volume missing from the incomplete shape.

5.3 Shape Completion Pipeline: Filling Holes via Di usion
Process

The proposed solution for the shape completion task uses a di usion-based model. The
detailed description of the di usion process and other details, such as the objective function,
are provided in Section4.2.1. This section will therefore concentrate on the architecture
modeling the backward process, which builds on the Di complete network proposed by
Chu et al. [10]. The absence of code for the original architecture and some ambiguities
in the paper required adaptations, resulting in a structure that might diverge from the
original Di complete. In particular, the adapted architecture incorporates enhancements
aimed at addressing computational challenges associated with high-resolution output. The
foundational concept for this architecture was inspired by the 3D U-Net architecture' [46].
The speci cs of the input and output channels for each architectural block are shown in
Table 5.1.

Pipeline Overview

The process of obtaining the complete shape from an incomplete one begins with the trans-
formation of the given meshM p into a TSDF representation. Once the partial shape has
been acquired, it serves as a condition for the di usion process. Subsequently, an iterative
backward di usion process is used, denoted ap TSDF.;TSDFp , which is modeled
by the proposed network. Upon completion of the iterative process, the resultsIrSDFg
(TSDF¢) are reconstructed into the mesh representationM ¢ using marching cubes. The
visualization of this process is shown in Figure5.3.

Di usion Process

In the training phase, two types of input are introduced: T SDFp, which denotes an incom-
plete scan, andT SDF 2, which signi es a complete 3D shape. During the training phase,
a forward process is used to add noise t@ SDFQ, obtaining TSDF}, wheret is chosen
from a uniform distribution, and the noise is added by a linear noise scheduler.

During the inference phase, a randomized 3D noise volume of the standard Gaussian
distribution is used as input TSDF{. The trained completion network is then used for T
iterations to produce TSDF¢ from TSDF(}, conditioned on the partial shape TSDFp.

To accelerate the inference process, the technique of subsampling a set of timestamps

ing each inference instance, such as during the validation or testing phase. The EMA is
not used for inference due to unsatisfactory results.

Yhttps://github  :com/openai/improved-diffusion
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Figure 5.3: Overview of the shape completion process for the proposed method.

Given an input M p the process starts with conversion to TSDF representation. Follow-
ing this, a conditioned di usion process is used to obtain the complete shape. Then the
marching cubes algorithm is used to derive a mesh from the TSDF, with an optional nal

smoothing step.

Proposed Architecture

The proposed architecture contains the following high-level components:

~

Main Branch and Control Branch: Central components of the architecture that
process the input and condition in high-dimensional space.

Pre-processing Blocks:  Transform input into a higher-dimensional space before it
undergoes processing by the main or control branch.

~ Downsampling and Upsampling Phases: Essential when the condition (incom-
plete shape) possesses a lower resolution than the input/output, to synchronize the
resolutions.

Post-processing Block:  Reverts the output to the same dimensional space as the
input.

The architecture is illustrated in Figure 5.4. The process begins with the inputT SDF{,
which signi es the complete shape at a speci c timestampt during the training forward
phase. The condition, represented ag SDFp, corresponds to the partial shape.

Preprocess and Downscale Phase

The initial stage for both inputs involves a preprocessing phase , where two 3D con-
volutions with a kernel size of 3 are applied. Convolution aligns the distribution of the
given input. The preprocessing phase can provide additional information necessary for the
generation process. By projecting the 3D values into a multidimensional space, potentially
more informative values are obtained. Subsequent convolutions will also use a kernel size
3 unless otherwise stated. The rst convolution transforms the input channels to 32, and
the subsequent one increases them t6é4. An optional downscale phase may be used
for the input TSDF{ to align its spatial resolution, to match the condition TSDFp, if
necessary. This alignment is achieved through a down-sample operation. The operation
uses a 3D convolution with a stride of2. Once both the input and the condition are pre-
pared in a higher-dimensional space, they are ready for processing by the main and control
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Figure 5.4: Visualization of the proposed architecture for shape completion

task. The input, denoted as TSDF/}, represents the complete shape, with added noise
at time t, while the condition input is marked as TSDFp. Both the input and the con-
dition undergo initial processing by a preprocessing block. If necessary, the input is then
downsampled to align the spatial resolution of the condition. Subsequently, the input and
condition are merged through tensor addition and directed to the conditional network. The
main branch processes the input, whereas the control branch handles the condition. The
features of the control branch are integrated into the main branch, helping the network
shape the output based on the condition. If required, the output of the main branch is
upsampled to the spatial resolution of TSDF{. A post-processing block is then applied
to revert the output to a lower-dimensional space. This architectural framework aims to
reconstruct the noise (TSDF{; TSDFp;t) introduced during the forward process.

branches. As illustrated in Figure 5.4, the condition is combined with the input in this
higher-dimensional space through a tensor addition. It is important to note that, while
the main and control branches share a similar architectural structure, they do not share
parameters.

Main and Control Branch

Both the main and control branches are composed of multiple encoder blocks, succeeded
by a middle block, with decoder blocks following in the main branch only, as the control
branch does not necessitate decoder blocks. A detailed illustration of these branches is
provided in Figure 5.5.

The architecture incorporates four encoder blocks, a single middle block, and four de-
coder blocks:
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Figure 5.5: Detailed view of main/control branch architecture. The architecture is
composed of encoder blocks, a middle block, and decoder blocks, with thiesBlock serving
as the core element for processing features and time embeddings. The structure includes
precisely four encoder blocks, one middle block, and four decoder blocks. Skip contieas,
represented as dotted arrows, transfer features from encoder blocks to decoder blocks. The
aggregation of features occurs by concatenating the output of a previous decoder block with
the corresponding encoder block. In particular, the nal two encoder blocks and the initial
two decoder blocks are enhanced with attention layers after eacResBlock prioritizing the
model's focus on relevant features.

Encoder blocks are comprised of threeResBlocksand a Downsample block except
for the nal encoder block, which omits the downsample block. The purpose of the en-
coder block is to gradually reduce the spatial dimensions of the input while increasing
the depth of features, facilitating the extraction of hierarchical representations.

" Middle block contains a ResBlock an Attention block, and another ResBlock The
middle block is strategically designed to enhance the representation of features by
incorporating attention mechanisms, which enable the model to focus on relevant
parts of the input.

" Decoder blocks consist of four ResBlocks followed by an Upsample block Up-
sampling is achieved through 3D interpolation using the nearest-neighbor approach,
followed by a 3D convolution. The last two encoder blocks and the initial two de-
coder blocks are augmented with amttention layer after eachResBlock The decoder
blocks are responsible for reconstructing the original input from the representations
generated by the encoder.
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In alignment with the conventions of U-Net-type architectures, skip connections are
employed. The visualizations of those connections are shown in Figurg.5 for each block.
The inputs for the decoder block, along with the skip connections, are combined through
the concatenation along the channel dimension.

Condition Feature Aggregation

The control branch consists of encoder blocks and a middle block. The features extracted
from these components are integrated into the main branch through a two-step aggrega-
tion process. Initially, a projection layer is applied to each block's output, utilizing a 3D
convolution with a kernel size of 1 for this transformation. Subsequently, these projected
features are merged with the main branch's skip connections through a tensor addition.
The selection and number of control branch connections incorporated can in uence the
architecture's ability of multimodality.

This aggregation and skip connection mechanism within the control and main branches
can be mathematically represented as follows:

d= D\ (x);Fl TSDFL{ + ' F(TSDFp) ; (5.3)

whered' signi es the input to the current decoder block, with [; ] denoting the concatena-
tion operation and ' representing the projection layer. D!, ! refers to the output from the
preceding decoder block, whileF} / Fl indicates the skip connection from the main/control
branch corresponding to the decoder block.

Upsample and Postprocess Phase

The output of the main branch undergoes theupsampling phase through the upsample
blocks, to align with the spatial resolution of the condition, e ectively mirroring the ear-
lier downsampling process. Following this, thepostprocessing phase comes into play,
incorporating a normalization layer, a SiLU layer, and a pair of 3D convolution layers, to
project shape from high-dimensional space back to the 3D space.
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Block Input Channels Output Channels
Preprocess C 32

32 64
Encoder 1 64 128
Encoder 2 128 128
Encoder 3 128 128
Encoder 4 128 128
Middle Block 128 128
Decoder 1 256 128
Decoder 2 256 128
Decoder 3 256 128
Decoder 4 192 64
Postprocess 64 32

32 C

Table 5.1: Channel speci cations for architectural blocks. The speci ed input and

output channels are exclusively related to the entry point of each block and do not detail
the internal dynamics where skip connections are utilized, as illustrated in Figure5.5. For
detailed information on the input and output parameters of each layer, refer to the provided
implementation on GitHub.
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Chapter 6

Implementation Detalils

This chapter o ers an overview of the parts implemented and obtained in this thesis, cover-
ing the technologies and datasets utilized, as well as a description of the training and evalua-
tion parameters. The goal is to ensure adherence to the principles of reproducible research,
o ering readers all the necessary details and resources to replicate the results presented
here accurately. The code containing the implementation and documentation is

publicly available on GitHub https://github ~ :com/Monnte/shape-completion/

6.1 Technologies

The proposed solution was implemented using thePython programming language. The
PyTorch' framework was used to construct and train neural networks. Data loading and
processing were facilitated by theNumpy package, enabling CPU vectorization. Trimesh?
was used to handle 3D shapes. A critical tool was thenesh2sdf packagée, used in the study
by Wang et al. [67] to generate data in the TSDF format. Additionally, the objaverse °
package provided a framework for downloading models from this dataset. The codebase was
derived from Improved Di usion, an open-source repository on GitHub®. For the evaluation

of the results, part of the code was adapted from the publicly accessible PatchComplete
repository on GitHub’.

6.2 Dataset Speci cations

Three datasets of 3D models were chosen for training and evaluation. The Objaversé/]
dataset served as the primary source of training, while ShapeNet5] and ModelNet [72]
were used to evaluate performance on known and unknown out of distribution categories.
The training dataset, designed to mirror the ndings of the Di Complete paper, consisted
mainly of 3D furniture models. To examine out of distribution scenarios involving un-
known categories, animals and vehicles from the Objaverse dataset were also explored.

Yhttps://pytorch  :org/

2https:/Inumpy :org/

Shttps://trimesh  :org/

“https:/lgithub  :com/wang-ps/mesh2sdf
Shttps://objaverse  :allenai :org/

Shttps://github  :com/openai/improved-diffusion
"https:/lgithub  :com/yuchenrao/PatchComplete
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The datasets were divided into training, validation, and testing sets using a split ratio of
70=10=20.

The generation of incomplete counterparts of the original shapes was carried out as
described in Section5.2. The numbers of complete shapes, and the number determining
how many incomplete shapes should be generated for one complete shape, will be provided
in subsequent sections. Up td3 geometric primitives with sizes ranging from(0:5; 0:9) were
allowed to be subtracted from each original mesh. Due to computational constraints, further
experiments and evaluations primarily used32 32 32grid resolution. Figure 6.1 0 ers
a visual comparison of 3D shapes reconstructed from TSDF representations at di erent
resolutions.

Original M 38 64° 128

Figure 6.1: Visual comparison of a stanford dragon 3D model captured in TSDF
representation at di erent grid resolutions. The models are visualized using mesh
reconstruction from distance eld via Marching Cubes.

The resolution of the grid 32 32 32 might not adequately capture all the intricacies
of a model. Higher resolutions are necessary for more detailed representations, though they
come with signi cant computational costs. Generated incomplete models mis40%to 90 %
of their original volumes. A visual comparison of a single model and its various incomplete
counterparts, each with di erent degrees of missing volume, is shown in Figures.2.

0% 30% 50% 70%

Figure 6.2: Visualization of a 3D shape with missing volume. Varying degrees of
missing volume emphasize how much information is provided for shape completion.

6.2.1 Objaverse

The Objaverse 1.0 dataset was selected as the primary dataset for this thesis. Compared
to other 3D datasets, Objaverse has exceptional scale (more tha@00 000high-quality 3D
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models created by a community of more than100 000artists), diversity (covers a broad
array of categories) and detailed annotations.

Figure 6.3: Selection of models from the Objaverse dataset, highlighting ex-

amples from various categories. From left to right: the rst two models represent the
furniture category, the third model is from the vehiclescategory, and the fourth illustrate
the animals-pets category. The top row displays complete models, while the bottom row
shows their respective incomplete versions. Each model is reconstructed from the TSDF
representation on a32 32 32grid.

For training purposes, the category namedfurniture was utilized, with the tags: chair ,
lamp, bathtub , chandelier , bench, bed, table , sofa, and toilet . The number of com-
plete shapes corresponding to each tag is in Tablé.1. For out of distribution testing, two
additional categories were employed:cars-vehiclesand animals-pets Within the category
of vehicles, the tagscar, truck , bus, and airplane were used, and within the category of
animals, the tagscat and dog were utilized. Selected shapes from the datasets are visual-
ized in Figure 6.3. The parameter specifying the number of incomplete counterparts to be
created was set to5 for furniture, 10 for animals-pets and 5 for vehicles The distribution
of the furniture dataset, in terms of missing volume, is illustrated in Figure 6.4. The other
datasets follow a very similar distribution.

As illustrated in Figure 6.4, the missing volume in the training, validation, and test-
ing dataset splits were expected to exhibit a consistent distribution pattern. However, the
representation of the40 %and 50 %bars for the training and testing splits, respectively, con-
tradicts this expectation, revealing an inconsistency in the distribution. This inconsistency
arises from the failure in generating the prede ned number of incomplete counterparts,
where the process exceeds the maximum allowed attempts.

6.2.2 ShapeNet

For out of distribution testing of known or unknown categories, ShapeNet was used, o ering

a diverse and extensive collection of 3D models organized under the WordNet taxonomy.
An overview of the categories within ShapeNet, together with the complete shape count

for each category, is presented in Table.2. A selection of models from the datasets is shown
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Distribution of Missing Volume in Objaverse (Furniture)
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Figure 6.4: Distribution of missing volume for training shapes across Objaverse

furniture dataset. The bar chart shows the count of incomplete shapes based on the
missing volume.

Table 6.1: Enumeration of complete shape counts within the Objaverse datasets.
Table shows the counts of complete shapes for the given tags in the datasets.

Furniture Animals-Pets Vehicles

Tag Count Tag Count Tag Count Tag Count

Sofa 193 Table 645 Cat 272 Car 414
Chair 513 Bed 109 Dog 201 Truck 69
Lamp 452 Bench 110 Airplane 32
Chandelier 27 Toilet 37 Bus 24
Bathtub 4

Total 2090 473 539

in Figure 6.5. The parameter specifying the number of incomplete counterparts generated
for each complete shape from the dataset was set tb.
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Figure 6.5: Ground truth models from the ShapeNet dataset (top row) along-
side their incomplete counterparts (bottom row). Each model is reconstructed from
the TSDF representation on a32 32 32 grid.

Table 6.2: Enumeration of complete shape counts within the ShapeNet dataset.
Table shows the counts of complete shapes for the given tags in the dataset.

Tag Count Tag Count Tag Count Tag Count
Bag 83 Dishwasher 93 Cabinet 551 Laptop 429
Stove 218 Chair 585 Pot 471 Table 591
Lamp 557 Bathtub 501 Microwave 152 Piano 239
Bench 557 Faucet 503 Washer 169 Trash Bin 343
Keyboard 64 Display 531 Bookshelf 421 Basket 113
Guitar 495 Bed 233 File Cabinet 297 Printer 166
Sofa 567 Bowl 184

Total 9113

6.2.3 ModelNet

Another dataset used for out of distribution testing of known or unknown categories was
ModelNet. ModelNet provides a comprehensive collection and structured categorization of
3D CAD models, making it an ideal benchmark to evaluate the performance of a shape
completion task. ModelNet covers a wide range of common objects found in everyday
environments.

Shape categories in ModelNet with their respective counts are in Table5.3. Some
selected model examples from the ModelNet dataset are shown in Figue6. The parameter
specifying the number of incomplete counterparts generated for each complete shape from
the dataset was set to5.
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Figure 6.6: Ground truth models from the ModelNet dataset (top row) along-
side their incomplete counterparts (bottom row). Each model is reconstructed from
the TSDF representation on a32 32 32 grid.

Table 6.3: Enumeration of complete shape counts within the ModelNet dataset.
Table shows the counts of complete shapes for the given tags in the dataset.

Tag Count Tag Count Tag Count Tag Count
Airplane 17 Bookshelf 234 Cup 26 Mantel 332
Bathtub 39 Baottle 165 Curtain 66 Monitor 52
Bed 117 Bowl 42 Desk 52 Night Stand 94
Bench 44 Car 9 Door 12 Person 13
Chair 301 Cone 77 Dresser 59 Piano 27
Flower Pot 53 Glass Box 10 Guitar 5 Plant 107
Keyboard 29 Lamp 29 Laptop 14 Radio 9
Range Hood 168 Sink 38 Sofa 244  Stairs 19
Stool 17 Table 148 Tent 24 Toilet 207
TV Stand 90 Vase 237 \Wardrobe 12 Xbox 8
Total 3246

6.3 Speci cation of Training Con gurations

Instead of employing training paradigms such as pretraining by class, or pretraining on
all classes through a generative task without any conditional input and then introducing
conditions, an alternative approach is adopted. The network is trained from scratch, as
mentioned in the Di Complete [ 10] paper, the most e ective approach for accurate shape
completion.

To facilitate the reproducibility of this study, this section outlines the con gurations of
the training parameters for the most e ective setup of each proposed approach. The ap-
proaches used includeCompleteBase CompleteBaseenhanced with Attention layers, and
CompleteBaseenhanced with downsample and upsample phases. Each approach is de-
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scribed in Chapter 7, where the experiments were performed. All important parameters
are summarized in Table6.4.

Table 6.4: Summary of training con gurations for proposed approaches. Table
shows hyperparameters for the best-performing con gurations.

Hyperparameter Completion Super Resolution Completion LR Conditon
architecture design CompleteBase CompleteBase Attention CompleteBase+ DOWN/UP
iteration count 200000 2000000 2000000
learning rate le 4 le 4 le 4

di usion steps 1000 1000 1000

ema rate 0:9999 09999 09999

noise scheduler Linear Linear Linear
sampler scheduler Uniform Uniform Uniform
optimizer Adamw Adamw Adamw

betas for optimizer (0:9; 0:999) (0:9; 0:999) (0:9; 0:999)
weight decay 0:0 0.0 0.0
dropout 0:0 0.0 0.0

loss function Rescaled MSE Rescaled MSE Rescaled MSE
expected input resolution 32 32 32 64 64 64 64 64 64
expected condition resolution 32 32 32 64 64 64 32 32 32
batch size 32 8 32
evaluation timestep respacing DDIM 100 DDIM 100 DDIM 100
FiLM-like conditioning X X X
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Chapter 7

Conducted Experiments and
Achieved Results

The experiments rst focused on the shape completion ability of the proposed method.
Subsequently, the network's interpretation of various conditions is explored by attempting
to complete the same model using diverse inputs with di erent missing parts. Another
experiment evaluates the network's ability to complete shapes beyond the training distri-
bution. To address the identi ed failure cases in the baseline approach, an additional input
in the form of a Region of Interest (Rol ) is introduced. All of these components constitute
the rst axis of experimentation, presented in Section7.2.

The second axis of experimentsdetailed in Section7.3, focuses on experiments involving
the spatial resolution of the input and output. This set of experiments tests the baseline
approach in a higher spatial dimension. Subsequent experiments aim to improve results
by separating the shape completion task from the super-resolution task, employing another
network for super-resolution. The nal experiment focuses on processing the input and
condition in a lower resolution space, followed by an upscaling phase for the input to
obtain results in a high-resolution space. The goal of these experiments is to identify
a computationally sustainable and su ciently accurate method for completing the shapes.

For the experiments conducted in this work, an NVIDIA A100 graphics card with 80GB
of memory was utilized to ensure enough memory and computing power. The time to train
each setup is provided in further sections. The inference times for the proposed method
range from 3 to 10 seconds.

7.1 Evaluation Metrics

To ensure a comprehensive and unbiased quantitative evaluation, three metrics are utilized:
Intersection over Union (loU) , Chamfer Distance (CD) , and Mean Absolute
Error (L1 Loss) . Each metric works with distinct data representations. A detailed
explanation of each metric is presented in the following sections.

Intersection over Union (loU)

loU measures the overlap between two binary volumes, presented in a voxel grid: the
predicted volume V,, and the ground truth volume Vg;. Volume is obtained by thresholding
the representation TSDF , where all negative values are set td and the others are set to0.
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loU is de ned as the size of the intersection divided by the size of the union of the two
volumes:

IVp\V gt .
VoV ati’

whereVp\V g represents the number of voxels common to both, and Vg, and jVp [V gij
is the total number of unique voxels present in eitherV, or V.

10U (Vy; V) = (7.1)

Chamfer Distance (CD)

The Chamfer Distance is a measure of similarity between two point clouds, de ned as the
average distance between each point in one cloud and its nearest neighbor in the other
cloud. For point clouds Py = fx; 2 R3%glL; and P2 = fx; 2 R%gL, , the Chamfer Distance
is calculated as follows:

1 X 1 X
CD(Py;P) = — kxi NN (xj;P2)k+ — kxj NN (xj;P1)k; (7.2)

2n -1 2m =1
whereNN (x; P) = argmin yo0p kx x% represents the nearest neighbor function that nds
the point x%in the point cloud P that is closest to the point x. This metric emphasizes the

average error across the surface of the shapes.

Mean Absolute Error (L1 Loss)

Mean Absolute Error, also known as L1 loss, quanti es the average magnitude of errors
in a set of predictions without considering their direction. It is a measure of how close
the predictions are to the ground truth data, where all individual di erences are weighted
equally in the average:

1 X
LiFM =g B GTij (7.3)
i=1
whereP; is the predicted value, GT; is the true value of the voxel, andN is the total number
of voxels. The result is the average of the absolute di erences between the predicted and
actual values. This metric is applied to the raw output of the process (TSDF) rather than
being converted to another representation.

7.2 Evaluation Axis 1: Completion Ability of the Proposed
Solution

The outcomes of the proposed solution for shape completion are discussed in this section,
with an emphasis on its completion capability. The focus was primarily on basic shape
completion scenarios, as well as out of distribution cases involving both known and unknown
categories. An examination of the in uence of imbalances within the training dataset was
performed. Particularly the missing volume's in uence and its e ects on shape completion
were analyzed. Failures in shape completion were identi ed, and strategies were outlined
to address them. The section concludes with the proposal of a solution to a common failure
in shape completion, which involves integrating user input through a speci ed region of
interest to improve the completion process.
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7.2.1 Baseline Evaluation

Initially, the e cacy of the proposed method was examined in an attempt to replicate
the results of Di Complete using a specic setup. This involved the use of the default
architecture described in Section5.3, omitting the upscaling and downscaling phases and
the incorporation of attention layers in the decoder and encoder blocks. This con guration
was namedCompletionBase with its hyperparameters detailed in Table 6.4. The duration
of the training was approximately 3 days. The progression of loss over the training iterations
is visualized in Figure 7.1

Loss during training
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Figure 7.1: Training loss across di usion timestamps. The Figure shows training

loss over numerous iterations. Losses are categorized into quartiles. These quartiles corre-
spond to timestamps of noise addition within theO 1000range of di usion steps. Quartiles
help visualize how the model's loss varies at di erent points in the di usion timeline.

A qualitative evaluation demonstrated the e ectiveness of the technique in producing
smooth mesh results after reconstruction. In most cases, the predictions were ac-
curate and aligned with the ground truth data . However, when a shape lacked
substantial volume, the network had to reconstruct the shape using minimal available fea-
tures of the shape; therefore, in some cases, the output did not match the ground truth
shape. Here, the multi-modality of the network proved advantageous, enabling
the generation of multiple predictions from which the most suitable could be
selected. The qualitative results are illustrated in Figure 7.2. Regarding quantitative
metrics, the proposed solution demonstrated robust performance in both the quality of
the results and the precision of the shape completions, as shown in Tablé.1. To fur-
ther evaluate the baseline solution's capabilities, a subsequent experiment was conducted
to empirically assess how the network would manage the same object with varying miss-
ing sections and to determine whether the network could generalize or complete unknown
categories.
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Ground Truth Incomplete Predicted

Figure 7.2: Visualization of qualitative results for shape completion baseline

method. The gure illustrates the completed versions of incomplete shapes, alongside
their corresponding ground truth. The initial three shapes were selected from the Objaverse
furniture dataset. The next two shapes, a plant from ModelNet and a cat from the Objaverse

animals datasets, represent out of distribution examples.
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Table 7.1: Quantitative results for the shape completion baseline method. The
shapes from Objaverse Furniture belong to the same distribution as the training set,
and the hold-out set is used for evaluation purposes. The results for all test datasets are
presented, with the Intersection over Union (loU) and Chamfer Distance (CD) metrics
scaled by( 107).

Baseline Method 32 32 32

Dataset Metrics

loU" ( 10?) CD #( 109 Li#
Objaverse Furniture 81.62 3.53 0.026
Objaverse Vehicles 76.05 421 0.035
Objaverse Animals 70.46 5.48 0.052
ModelNet 63.34 5.93 0.055
ShapeNet 73.93 5.52 0.048

7.2.2 Network Perception of the Condition

To demonstrate the baseline solution's capacity for shape completion, emphasis was placed
on whether the network could identify objects even when their most distinctive features
were absent. A chair model served as the basis for generating various incomplete shapes.

1. The initial test involved removing all legs of the chair to determine if the network
could reconstruct the shape solely based on the remaining features of the chair. In
this scenario, the network failed to accurately complete the chair, as the input shape
did not provide any indication of missing parts.

2. Consequently, the next input was modi ed to include a larger missing section in the
seat area, which suggested to the network the presence of a missing component. The
results of this test were partially successful; the network performed the completion,
but incorrectly, failing to identify the intended output as a chair.

3. To facilitate the task, the following input was adjusted to omit three legs, with a hint
provided for the absent fourth leg. In this instance, the network completed the shape,
though the result does not precisely match the ground truth. A subsequent attempt
resulted in a shape that aligned with the ground truth, leveraging the network's
multi-modality.

4. The nal test involved three absent legs and one intact leg, where the network correctly
matched the ground truth shape within two attempts.

Each scenario was visually represented in Figuré&.3, with two predicted outputs for each
input, using di erent noise volumes as input. These observations suggest thathe network
struggles with shape completionin the absence of clear indications of missing parts ,
and relies heavily on the symmetry and repetitive elements of the provided shapes.
Moreover, for accurate completion, the shape should not be missing a signi cant part of the
volume. Given the network's reliance on shape symmetry, it may also have the potential
to complete unknown categories. Therefore, the subsequent experiment focused on the
completion of out of distribution shapes.
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Ground Truth Incomplete Predicted 1 Predicted 2

Figure 7.3: Visualization of the network's perception in the input condition

experiment Four cases are displayed: initially, the input condition lacks any legs. In the
second case, a larger hole is introduced to signify a missing element. The third case features
indications of missing legs. Finally, the presence of an intact leg is demonstrated, leading
to a successful and accurate shape completion. For each incomplete shape, two predictions
are generated using di erent noise volumes as input.

7.2.3 Out of Distribution Testing

The proposed solution demonstrates its e ectiveness by utilizing the symmetry and repeti-
tive elements of objects, suggesting that it could also complete shapes outside the training
distribution. Observations from the last two rows of Figure 7.2 indicate that the network is
capable of partially completing even categories that were not previously known

to it . Quantitative results from additional datasets con rm the strong capacity of the net-
work to generalize to out of distribution data, although within certain constraints, as shown
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in Table 7.1. In interpreting the results, there is a decrease in the loU when compared to
known categories, but it is not too drastic, which might seem positive. However, the CD
and L1 metrics indicate that while some missing volume is generatedit does not align
well with the geometry of the desired outcomes . This problem is related to the
low variability of the shape categories in the training dataset. Enhancing the dataset by
incorporating a wider range of categories could improve the network's ability to generalize
more e ectively.

7.2.4 Ability of Filing Smaller Holes

The diversity of the dataset signi cantly in uences the network's ability to generalize and
complete unknown categories. A subsequent experiment aimed to investigate the e ect
of dataset imbalance, particularly in terms of missing volume in shapes, on the network's
shape completion performance. In this experiment, the network was trained exclusively on
shapes with 60% to 90% missing volume and then evaluated on cases with only10% to
50% missing volume. The primary ndings indicated that the imbalances in the

training dataset markedly a ect the completion results . Speci cally, the network
tended to overestimate missing parts , reconstructing more than what was actually
absent in the model. This tendency would presumably be mirrored in the reverse scenario.
Table 7.2 shows the quantitative results for each dataset, accompanied by a comparison
with the results obtained when the network was trained on a complete dataset.

Table 7.2: Quantitative analysis of shape completion with varied missing vol-

umes vs. whole dataset. This table presents the outcomes of an experiment using the
baseline method for shape completion, evaluated on shapes with0% to 50% missing vol-
ume, compared to results achieved when the network was trained on the whole dataset.

Baseline Method j 60% 90% Missing Volume vs. Whole Dataset

Dataset Metrics (Missing Volume / Whole Dataset)

loU" ( 10?) CD #( 109 Li#
Objaverse Furniture 75.65/85.30 4.41/3.25 0.038/0.022
Objaverse Vehicles 73.51/79.93 4.61/3.64 0.038 /0.026
Objaverse Animals 71.76/78.46 551/4.39 0.054 / 0.040
ModelNet 65.22 /75.20 5.70/4.11 0.051/ 0.030
ShapeNet 73.82/81.79 5.51/4.67 0.053/0.038

7.2.5 Analysis of Incorrect Completions

The problem of over lling holes or not adequately lling the entire missing area does not
arise solely from the imbalance of the training dataset. As illustrated in Figure7.4, several
types of failure scenarios have been identi ed for the proposed solution:

1. The rst type of failure occurs when the network partially lls the missing area
of the shape, leaving the rest untouched . This can also happen in instances
where there is no indication of a missing part, as discussed above.

2. The second type of failure is observed in unknown categories, where theetwork
overcompensates for a small missing section, leading to excessive comple-
tion .
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3. The third scenario involves the network'’s failure to accurately reconstruct the shape,
despite the potential to leverage repetitive elements and symmetry.

4. The nal type of failure is largely attributed to the training dataset's nature and the
rotation of objects within it. For example, a bench might be incorrectly completed
as a chair shape due to the network's reliance on the orientation of the presented
incomplete shape. This particular failure could be mitigated by rotating the input
object or incorporating such variations into the training dataset.

To address the other types of failure, a method was employed that involved user input,
speci cally providing a region of interest.

Ground Truth Incomplete Predicted

Figure 7.4: Visualization of fail cases in test scenarios. The gure highlights typical
failure scenarios in shape completion, such as (from top-down) partial lling, overcompensa-
tion in unknown categories, inaccuracies despite symmetrical cues, and orientation-related
errors stemming from the dataset's nature.
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7.2.6 Enhancement via Region of Interest

To address the network's shortcomings in achieving accurate shape completion, a novel
approach was introduced, leveraging user input to utilize theRegion of Interest (Rol)

This technique aims to direct the network towards the precise area that requires comple-
tion, thus facilitating more accurate reconstructions. Although this method diverges from
the automatic shape completion technique, it is still valuable to explore the potential for
improved results, given the minimal user input required to draw the Rol into the 3D scene.

In addition to standard input, the Rol was incorporated as a second channel, providing
explicit information on the location of missing parts. The Rol for training purposes was
constructed by identifying each voxel within the incomplete shape that di ered from the
corresponding ground truth shape, thus indicating missing volume. Then a bounding box
was generated around these voxels to de ne the Rol.

More detailed technical information is available in code implementation. Figure 7.5
illustrates how the Rol method has successfully corrected previously unsuccessful cases
from Figure 7.4. Furthermore, qualitative evaluations, as shown in Table 7.3, con rm that
integrating Rol signi cantly improves the performance of the shape completion
process.

Ground Truth Incomplete Predicted Predicted with ROI

Figure 7.5: Shape sompletion results using region of interest. The gure demon-
strates the impact of employing a region of interest (Rol) strategy to address the challenges
of failure cases. The Rol is depicted as transparent blue boxes on incomplete shapes, pro-
viding visual cues for the areas that are targeted for completion.
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Table 7.3: Quantitative results for the shape completion baseline method en-
hanced with region of interest. The results for all test datasets are presented, with the
Intersection over Union (loU) and Chamfer Distance (CD) metrics scaled by( 107).

Basline method enhanced with Rol

Dataset Metrics

loU" ( 10?) CD #( 109 Li#
Objaverse Furniture 84.77 2.86 0.018
Objaverse Vehicles 81.73 3.24 0.023
Objaverse Animals 76.48 4.32 0.037
ModelNet 69.11 5.11 0.043
ShapeNet 79.93 3.87 0.029

7.3 Evaluation Axis 2: Focus on Higher Resolution Results

This section describes experiments aimed at achieving higher-resolution output. Initially,
the experiment involved uniform scaling of both the condition and the input to a higher
resolution of 64 64 64, up from 32 32 32 Following this, the strategy of engaging
an additional network to split the task to shape completion and super-resolution was tested.
The concluding experiment explored the processing of the condition in a lower resolution
space. This involved downscaling the input to the size of the condition and, once processed,
upscaling it back to its original resolution.

7.3.1 High-Resolution Challenges

Due to the e ectiveness of the suggested solution in completing shapes in low-resolution
scenarios, it is expected to exhibit similar performance in higher-resolution settings. The
primary challenge in executing shape completion lies in signi cant computational and mem-
ory demands. Consequently, when using a grid sizeé4 64 64, the memory of an NVIDIA
A100 graphics card could only accommodate a batch size & During 2 000 00Qiterations,
the evaluation datasets exhibited considerablenoisy progression without a clear trend
towards improvement. Training the network con guration that processed the in-

puts in 64 64 64 resolution, along with other similar con gurations, took
approximately 30 days for each , which is considerably long given the computational
resources allocated for the training.

Although the networks did not achieve complete convergence, the results were reason-
ably acceptable. Figure7.6 illustrates the visual results, showing the network's ability to
complete the shape, although signi cant noise is present. In certain instances, the net-
work generated extremely noisy results. The quantitative results, documented in Tabler .4,
corroborate the visual ndings. To tackle the issue of network convergence, a subsequent
experiment was designed to divide the tasks of completion and upscaling (super-resolution)
between two networks.

7.3.2 Shape Completion utilizing Super Resolution

In deep learning, a common approach is to divide the task among several networks, which
is frequently more successful than attempting to handle all aspects within a single network.
To address incomplete convergence and to improve results, two separate networks were
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Ground Truth Incomplete Predicted

Figure 7.6: Visualization of qualitative results for baseline method in higher
resolution space. The Figure illustrates the results obtained using the baseline method
in a higher resolution space, highlighting the noisy outcomes.

Table 7.4: Quantitative results for the shape completion baseline method for
64 64 64 voxel grid size. The results for all test datasets are presented, with the
Intersection over Union (loU) and Chamfer Distance (CD) metrics scaled by( 107).

Baseline Method 64 64 64

Dataset Metrics
loU" ( 10?) CD #( 100 Lq,#
Objaverse Furniture 60.50 5.04 0.058
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utilized: one for completing shapes and another for super-resolution . The expectation
was that, by splitting the task, each network would achieve convergence more easily.

The architecture selected for shape completion waompleteBase which has shown
promising results. For the super-resolution component, an improved architecture was
adopted that incorporates CompleteBaseand Attention Layers in the nal two encoder
and decoder blocks, as illustrated in Figure5.5. The training began with pretraining the
shape completion network, followed by freezing its weights, and then proceeding to train
the super-resolution network. The output from the shape completion process was upscaled
to a higher resolution and then inputted into the super-resolution network.

The qualitative results of this iterative two-step procedure are shown in Figure 7.7.
Similarly to the basic completion task at higher resolutions, this method also struggled
with full convergence. Consequently, the results were sometimes noisy, or the nal shape
completely failed to replicate . The quantitative data presented in Table 7.5 show that
this method produced better outcomes than the baseline approach to complete the task at
higher resolutions. However, the results were still unsatisfactory and could not reliably be
applied in practical scenarios.

Ground Truth Incomplete Predicted LR Predicted HR

Figure 7.7: Visualization of qualitative results for method utilizing super reso-
lution. The Figure illustrates the outcomes of the proposed two-step method, showcasing
instances of noisy outputs and shape that are not completely nalized.
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Table 7.5: Quantitative results for shape completion followed by super resolu-
tion. The results for all test datasets are presented, with the Intersection over Union (loU)
and Chamfer Distance (CD) metrics scaled by( 10?).

Baseline ! Super Resolution

Dataset Metrics

loU" ( 10?) CD #( 109 Li#
Objaverse Furniture 63.98 4.68 0.053
ShapeNet 61.15 6.43 0.071
ModelNet 49.69 6.02 0.067

7.3.3 E cient Lower Resolution Processing

To address the challenges of insu cient memory for larger batch sizes and incomplete net-
work convergence, an alternative approach was proposed. The fundamental idea is to receive
input at a higher resolution, downscale it to match a condition at a lower resolution, handle
it e ectively at this lower resolution, and then upscale it again to a higher resolution. This
method employs the CompleteBasearchitecture, incorporating downscaling and upscaling
phases, as depicted in Figures.4.

Qualitative analysis revealed success. The network had an excellent ability to produce
smooth results and accurately complete  shapes from partial input, as demonstrated in
Figure 7.8. However, as expected, thabsence of ne geometric details  in the condition
meant that the network's generalization capability was not as robust . In certain
cases, the network did not consider the characteristics of the condition, resulting in the
generation of di erent shapes.

This approach is highly dependent on the diversity of the training dataset. Given the
limited detail in the conditional input, the network struggles to generalize to new cate-
gories. Expanding the dataset with a wider range of categories may mitigate this challenge.
Another possible solution might be to utilize the approach of splitting the task between
two networks. As illustrated in the last row of Figure 7.8, the low-resolution predictions
closely align with the ground truth, potentially serving as inputs for super-resolution rather
than generating entirely unrelated shapes. Quantitative outcomes, presented in Tabl€.6,
further corroborate the challenge of poor generalization, particularly with data that deviate
from the training distribution.

Table 7.6: Quantitative results for shape completion leveraging processing the
input in lower resolution. The results for all test datasets are presented, with the
Intersection over Union (loU) and Chamfer Distance (CD) metrics scaled by( 10?).

Low resolution processing

Dataset Metrics

loU" ( 10°) CD #( 107) Li#
Objaverse Furniture 73.09 3.84 0.032
ShapeNet 68.15 5.73 0.052
ModelNet 53.37 5.82 0.056
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Ground Truth Incomplete Predicted LR Predicted HR

Figure 7.8: Visualization of qualitative results for method utilizing low-

resolution processing.  The Figure illustrates scenarios where the method successfully
completes shapes smoothly and instances where it fails to accurately match the desired
shape based on the condition. For comparative analysis, the Figure also displays the pre-
dicted shapes at low resolution, followed by their high-resolution counterparts achieved

using this method, all derived from the same low-resolution condition.

7.4 Post-Processing Enhancements

Post-processing techniques, notably Laplacian smoothing, can mitigate the issue of noisy
outcomes. To demonstrate the potential for enhancing results, two post-processing steps are
outlined. The initial step addresses the noisy results through the application of Laplacian
smoothing, which is a widely used method to smooth the surfaces of the mesh by averaging
the positions of the mesh vertices based on their local neighborhoods (see Secti®r.1).
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The second step involves using a technique introduced by Cheet al. [8], which employs
a deep neural network to facilitate conversion from TSDF representations to mesh. This
technique, called Neural Dual Contouring (NDC), can provide potentially more accurate
and detailed results than traditional methods such as Marching Cubes. Explaining the
principles of NDC is, however, out of the scope of this thesis.

Figure 7.9 shows the in uence of these post-processing methods, showing how Lapla-
cian smoothing can decrease noise, and compares the results of the conventional Marching
Cubes reconstruction with those obtained through NDC. This comparative visualization
underscores the potential improvements in mesh quality and detail that can be achieved
through these advanced post-processing techniques.

No Smoothing Laplacian Smoothing
Marching Cubes Neural Dual Contouring
Figure 7.9: Visualization of post-processing methods. The Figure presents a com-

parison of results for a noisy mesh before and afteB iterations of Laplacian smoothing.
It also compares the results of reconstructing a couch using the Marching Cubes and the
Neural Dual Contouring methods.

7.5 Summary of Results

Collectively, the results presented on both evaluation axes appear consistent with the good
performance of the proposed solution.
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The shape completion process demonstrated impressive results, notably reaching an loU
scores of 81.62, CD 3.53, and L1 0.026 when evaluated on the Objaverse furniture dataset.
These results closely align with those reported in the Di complete paper, on which this
work is based. Despite the similarities, an exact duplication of the shape completion process
was not achieved. This discrepancy is illustrated in Figure7.10, where the di usion process
diverges from that described in the Di complete paper. In particular, at step 80, signi cant
noise persists, contrasting with the near- nal shape clarity depicted in the Di complete
study. The di erence might be due to the varying characteristics of the training datasets.

Incomplete Step 0 Step 20 Step 40

Step 60 Step 80 Step 90 Step 92

Step 94 Step 96 Step 98 Step 100
Figure 7.10: Visualization of denoising process. The denoising process gradually

converts noise into the completed shape.

Furthermore, the model showed robust generalization abilities on shapes absent from
the training distribution, averaging 70.9 loU, CD 5.28, and L1 0.047 metric scores. The
integration of user input greatly facilitated shape completion, resulting in an 84.7 loU score
and a reduced CD 2.86 and L1 0.018 on the test dataset. Regarding the datasets not part
of the training distribution, the averaging scores were 76.81 for loU, 4.13 for CD, and 0.033
for L1.
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Subsequent experiments concentrated on high-resolution shape completion, where com-
putational challenges were notably pronounced, especially with a grid size 4 64 64.
Despite these obstacles, the baseline method demonstrated its ability to complete shapes,
although sometimes producing noisy results as a result of incomplete convergence. The L1
metric, registering at 0.058 on the Objaverse dataset, indicates an error rate more than
twice that observed in baseline for low-resolution.

To mitigate these issues, the experiments explored super-resolution techniques and
a strategy involving e cient processing at lower resolutions. The super-resolution ex-
periment utilized a dual-network approach, aiming to simplify convergence and improve
accuracy, yet it occasionally encountered noise and precision issues. The L1 metric slightly
lowered to 0.053, which is still a big error considered a low-resolution solution.

E cient lower-resolution processing o ered a novel approach by downscaling the input
for processing and subsequently upscaling it, which achieved smoother and visually appeal-
ing results, with an L1 score of 0.032. However, this method faced challenges in preserving
ne details and generalizing to new categories, emphasizing the critical role of training
dataset diversity.

From an academic perspective, this work extends the foundational principles established
in prior research of the Di Complete framework by exploring the intricacies of shape com-
pletion across di erent resolutions and datasets, and also utilization of user interaction in
the form of region of interest input. Moreover, the exploration of computational challenges
associated with high-resolution shape completion and the innovative approaches proposed
to mitigate these issues, such as super-resolution techniques and e cient lower-resolution
processing. The ability to accurately complete 3D shapes has direct applications in com-
puter graphics, 3D modeling, augmented reality, and others. Industries that depend on
accurate 3D reconstructions, like entertainment, architecture, and medical imaging, have
the potential to gain substantial advantages from improvements in shape-completion meth-
ods.

7.6 Future Work

Although the proposed solution exhibits strong results in shape completion, there is sub-
stantial room for improvement, particularly in addressing the high computational costs.
Processing in a low-resolution space has been proposed as a way to mitigate these ex-
penses. An additional enhancement could involve utilizing a condition in higher resolution,
which could also be downscaled and processed in lower resolution. This approach has the
potential to lead to signi cantly better results, capturing ner details and more accurately
matching the initial condition of the incomplete shape.

Together with these strategies, the exploration of e cient 3D network modules, such
as SparseConv 73] or Octree-based 6] layers, could o er a viable way to handle high-
resolution 3D shapes without incurring prohibitive computational costs. Adopting these
modules could help overcome the limitations currently faced by dense 3D CNN architec-
tures, particularly the cubic increase in computational costs with volume size, thereby
complementing the proposed low-resolution processing improvements.

Further research could focus on the diusion process. The current di usion process
uses 1000 di usion steps. Expanding this to evaluate the impact of a higher number of
di usion steps, such as400Q could be bene cial. This increase might allow the model to
progressively re ne its understanding of shapes, potentially leading to more accurate and
detailed completions.
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Di erent sampling schedulers or noise schedulers could also be introduced to assess
their impact on training e ciency and the quality of results. By experimenting with various
sampling rates and noise schedules, the model may achieve a better balance between training
time and completion accuracy.

Moreover, future work should continue to address the challenges of model generalizabil-
ity to unseen object classes. The quality and diversity of training data are crucial factors
that a ect performance. Therefore, increasing the training dataset with a wider variety of
shapes and classes, especially those signi cantly diverging from the training set, could be
highly bene cial.
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Chapter 8

Conclusion

This work aimed to create an automated process for the shape completion task using a su-
pervised method based on deep learning. The proposed method is based on a di usion
process and deals with a shape completion problem as a generative task with conditional
input, using a TSDF representation. Di Complete [ 10] served as the basis for the pro-
posed solution, which was enhanced by processing in a low-resolution space and integrating
additional user input to identify the region of interest where the shape misses parts.

The experimental part of the work showed high capability of the proposed solution to
complete incomplete shapes. The baseline results yielded an 81.6 loU, CD 3.53, and L1
0.026 metric score on the test dataset. Furthermore, the model showed robust generalization
abilities on shapes absent from the training distribution, averaging 70.9 loU, CD 5.28, and
L1 0.047 metric scores. The integration of user input greatly facilitated shape completion,
resulting in an 84.7 loU score and a reduced CD 2.86 and L1 0.018 on the test dataset.
Regarding the datasets not part of the training distribution, the averaging scores were 76.81
for loU, 4.13 for CD, and 0.033 for L1.

The method worked well when generating low-resolution outputs, but a more detailed
geometry required a higher-resolution grid. With a cubical increase in computational power
for an input, it was hard to obtain the resources to train such a big model. In this work,
the trained models in the higher resolution did not fully converge. Using the novel ap-
proach, processing the data in a low-resolution space with subsequent upscale to the higher
resolution showed success in obtaining smooth and precise results.

Although the proposed solution shows strong results in shape completion, there is sub-
stantial room for improvement. Exploring e cient 3D network modules, such as SparseC-
onv [23] or Octree-based §6] layers, could o er a viable way to handle high-resolution 3D
shapes without incurring prohibitive computational costs. Further research could focus
on the diusion process by experimenting with the number of iteration steps. Di erent
sampling schedulers or noise schedulers could also be introduced to assess their impact
on training e ciency and the quality of results. There is also an intention to modify the
method, making it more suitable for medical data related to cranial implants. It should be
noted that no literature has yet tried a similar approach.
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Appendix A

Contents of the Included Storage

Media

dataset_processing/
datasets/

model/

evaluation/

scripts/
pretrained-models/
latex/

figs/

" LICENCE

"~ README.md
requirements.txt
poster.pdf
thesis.pdf

thesis-print.pdf

Folder containing les related to dataset generation.

Folder with dataset for training, validation, and testing. *
Folder containing the implementation of the model.

Folder containing les related to the evaluation of the model.
Folder containing scripts for training, testing, and sampling.
Folder with pretrained models.

Folder with LATEX source les.

Folder containing gures showing examples.

Project licence.

README le for the project.

Python libraries dependencies.

Poster.

Thesis report le.

Thesis report le for print.

!Due to the extensive size of the datasets, only a few samples are provided, and the README.md
provides the steps for generating the datasets from scratch.
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