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ABSTRACT

A NOVEL SCALABLE GLOBAL ALIGNMENT METHOD FOR 3D
RECONSTRUCTION

Ustiindas, Sahin Umutcan
M.S., Department of Computer Engineering
Supervisor: Assoc. Prof. Dr. Erol Sahin

Co-Supervisor: Assoc. Prof. Dr. Emre Akbas

April 2025, [62] pages

One of the core challenges in 3D Vision is the estimation of 3D scene geometry. Tra-
ditionally, this task was predominantly tackled with well-established and time-tested
methods such as Structure-from-Motion, a pipeline of simpler algorithms where each
algorithm handles a specific subtask. However, this makes the overall pipeline sus-
ceptible to errors and noise, which propagate to subsequent modules. Although re-
cent work has improved the accuracy of such pipelines, the aforementioned prob-
lems persist. DUSt3R, a recent holistic method to address this issue, takes a pair of
images as input and extracts information-rich structures called “pointmaps”. These
pointmaps can then be used in downstream tasks, such as camera parameter estima-
tion, point matching, 3D reconstruction, and depth estimation. To handle multiple
images, DUSt3R employs a global alignment method that processes the images in
pairs and applies an optimization algorithm to place the pointmaps in a common co-
ordinate frame. However, the proposed alignment method suffers from a quadratic
computational complexity. In this thesis, we propose a novel, scalable global align-

ment method that reduces the original O(N?) complexity to a theoretical upper bound



of O(km?), wherem N is a predetermined batch size and kK = N=m is the number
of batches. This relaxation of computational complexity can accelerate the adoption
of DUSt3R-based methods as a modern general-purpose 3D Vision tool. Our re-
sults show that our method demonstrates a substantial decrease in memory and time
complexity, consistent with our theoretical upper bound; additionally, Relative Trans-
lation Accuracy (RTA) and Relative Rotation Accuracy (RRA) metrics show that our

method performs comparable to DUSt3R and its variants.

Keywords: 3D reconstruction, Structure-from-Motion, global alignment, novel view

synthesis, 3D computer vision
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0z

UC BOYUTLU YENIDEN YAPILANDIRMA ICIN YENI BIR
OLGEKLENEBILIR KURESEL HIZALAMA YONTEMI

Ustiindasg, Sahin Umutcan
Yiiksek Lisans, Bilgisayar Miithendisligi Boliimii
Tez Yoneticisi: Dog. Dr. Erol Sahin
Ortak Tez Yoneticisi: Dog¢. Dr. Emre Akbag

Nisan 2025 , [62] sayfa

Uc boyutlu goriintiilemenin temel zorluklarindan birisi kamera parametrelerinin ve
sahnenin 3 boyutlu geometrisinin tahmin edilmesidir. Geleneksel olarak, bu gorev
kendini zaman i¢inde kanitlamis Hareketten Yap: Cikartimi gibi yontemlerle ¢oziil-
miistiir. Bu yontemlerde, ana gorev alt gorevlere boliiniir ve bir dizi algoritma mo-
diillerinden olusan islem hatlar1 araciliiyla ele alinir. Ancak, her bir alt gorev kendi
icinde ¢oziildiigli icin ve modiiller arasindaki iletisim kisitli oldugu i¢in bu yontem-
ler islem sirasinda olusabilecek hatalara ve olusan giiriiltilye kars1 zayif kalabilmekte
ve bu giiriiltii islem hatlarinda sonraki modiilleri de etkilemektedir. Her ne kadar son
yillarda ortaya cikan ¢aligmalarla iglem hatlarinin performanslarini ve giirbiizliikle-
rini artirilsa da, islem hatlarinin dogasi geregi bu problem hala devam etmektedir.
DUSt3R adi verilen yeni biitiinsel bir yontem, gorsel ¢iftleri iizerinde ¢calismakta ve
bu gorsellerden “nokta haritalart” adli bilgi acisindan zengin yapilar ¢cikarmaktadir.
Bu nokta haritalar1 kamera parametresi tespiti, nokta esleme, 3 boyutlu yapilandirma

ve derinlik tahmini gibi problemlerde kullanilabilmektedir. Cok sayida goriintiiyii is-
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lemek icin DUSt3R bir kiresel hizalama yontemi kullanarak verisetindeki gorselleri
ciftler halinde igleyip sonra bir optimizasyon algoritmas ile nokta haritalar n ortak
bir koordinat sistemine yerlestirmektedir. Ancak, dnerilen hizalama yéntemi karesel
hesaplama karmas glna sahiptir. Bu tezde, orijinal kiresel hizalama yénteminin
O(N?2) karmas klg n O(km?) gibi teorik bir s n ra indirgeyen, yeni ve 6lceklenebi-

lir bir kiresel hizalama yontemi 6neriyoruz. Burada N Onceden belirlenmis bir
tedir. Hesaplama karmas glndaki bu iyilestirme, DUSt3R tabanl modellerin mo-
dern, genelamacl! bir 3 boyutlu gort sistem arac olarak benimsenmesini h zland rma
potansiyeline sahiptir. Sonuclar m z, ongidniz yontemin bellek ve zaman karma-

s kl g nda, teorik Ust s n r m zla uyumlu olarak 6nemli bir azalma gostgndortaya
koymaktad r. Ote yandan, Bd Konum Dagrulugu ve Bay | Dénme Darulugu olgit-

leri, 6nerdgimiz yontemin DUSt3R ve tirevleriyle kars last r labilir bir performans

sergiledgini gostermektedir.

Anahtar Kelimeler: 3 boyutlu yeniden yap land rma, Hareketten Yap C kartm, ki-

resel hizalama, yeni goruinti sentezi, 3B bilgisayarla goru
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CHAPTER 1

INTRODUCTION

1.1 Representing the World

Throughout history, humankind has strived to capture and describe the physical world
around him. From the earliest cave paintings of prehistoric humans to the renowned
works of gurative painting and on to modern computational methods, this effort

can be traced through history. In general terms, the process of explicitly describing
a scene is called scene representation. We will provide a clear de nition for scene

representation in Section 1.2.

Currently, the oldest known capture of a scene was painted in a cave at least 51,200
years ago on the island of Sulawesi, Indonesia [1]. It depicts a hunting scene that
contains one pig and three human-like gures (see Figure 1.1a). Thousands of years
later, the Euphronios Krater (c.510 BC) depicts tales from the Trojan War and An-
cient Greece. The Bayeux Tapestry, dating back to tfeckhtury, narrates a set of
events in the Norman Conquest of England [2]. In th® &8ntury, works like Gio-

vanni Antonio Canal's View of the Piazzetta and the Basin of San Marco in Venice
[3] (1737) show how far scene representation has evolved over the centuries. The
invention of photography in the ¥ocentury introduced a major leap in scene repre-
sentation, fundamentally transforming how we record visual reality and paving the

way for the computational methods that would follow.

1






	ABSTRACT
	ÖZ
	ACKNOWLEDGMENTS
	TABLE OF CONTENTS
	LIST OF TABLES
	LIST OF FIGURES
	LIST OF ABBREVIATIONS
	Introduction
	Representing the World
	Scene Representation
	3D Reconstruction

	Contributions
	Thesis Outline

	Background
	3D Pose Representation
	Translation
	Rotation
	Quaternions


	Homogeneous Transformation Matrices in 3D
	Representation Structures
	Point Clouds
	3D Gaussians

	Metrics
	Pose Estimation Metrics
	Relative Rotation Accuracy
	Relative Translation Accuracy
	Area Under Curve

	Novel View Synthesis Metrics
	Peak Signal-to-Noise Ratio 
	Structural Similarity Index
	Learned Perceptual Image Patch Similarity



	Related Work
	3D Reconstruction
	Dense and Unconstrained Stereo 3D Reconstruction
	Methodology
	Training
	Global Alignment

	Grounding Image Matching in 3D with MASt3R
	Methodology
	Matching Prediction Head and Loss

	MASt3R-SfM
	Methodology
	Scene Graph Construction
	Local Reconstruction
	Canonical pointmaps
	Coarse Alignment
	Refinement

	Comparative Summary


	Methodology
	Problem Definition
	Global Alignment via Anchor Pose Matching
	Backbone Model
	DUSt3R Revisited
	DUSt3R Global Alignment

	Anchor Pose Alignment
	Anchor Image Selection
	Batch Creation
	Batch Initialization
	Inference
	Anchor Pose-based Global Alignment
	Training Objective

	Batchwise Pointmap Refinement
	Complexity Analysis
	Time Complexity
	Space Complexity



	Experiments
	Multi-View Pose Regression
	Dataset
	Metrics
	Camera Pose Estimation Experiments
	Small Datasets
	Large Datasets


	Anchor Experiments
	Number of Anchors vs. Camera Pose Estimation
	Effect of Anchor Selection Method on Camera Pose Estimation

	Scalability Experiments
	Processing Time
	Memory Consumption

	Reconstruction Experiments
	Optimization Loss
	Reconstruction Results

	Novel View Synthesis Experiments

	Conclusion
	Limitations and Future Work

	REFERENCES

