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Abstract

This thesis contains a closer look at com-
parison correspondence search methods
used in 3D image reconstructions. Primar-
ily at their ability to tackle reconstruction-
problematic factors and areas that are de-
creasing the quality of reconstruction of
given datasets.
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from motion, feature matching, 3D image
reconstruction

Supervisor: Ing. Michal Polic

Abstrakt

Tato bakalá°ská práce se zabývá srov-
náním metod pro hledání korespondencí
mezi snímky, kteréºto metody jsou potom
vyuºity v 3D rekonstrukci. P°edev²ím se
práce zam¥°uje na jejich schopnost vy-
po°ádat se s t¥ºko rekonstruovatelnými
fakotry a oblastmi, které sniºují kvalitu
rekonstrukce na daných datasetech.

Klí£ová slova: feature extraction,
structure from motion, feature matching,
3D rekonstrukce ze snímk·

P°eklad názvu: Porovnání metod pro
hledání korespondencí mezi obrazy s
málo texturovanými oblastmi � A jejich
vyuºití v 3D rekonstrukci z obrázk·
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Chapter 1

Introduction

The main goal of this work is a comparison of methods for image 3D re-
construction on speci�c scenes, which cause reconstruction problems even
to state-of-the-art commercial software. The 3D image reconstruction algo-
rithms are applied in various �elds, e.g., self-driving industry vehicles, google
earth, the game and �lm industry, or augmented reality. These methods
are also used by companies such as Google, Facebook, or Matterport. The
reconstruction systems are also used in research projects such as SPRING, or
ARTWIN.

1.1 Motivation and objectives

This bachelor thesis focuses on the comparison of di�erent feature extracting
and feature matching algorithms. This is motivated by the failures of the
3D reconstruction from images using the structure from motion (SfM) [10]
and multi-view stereo (MVS) [11] on the speci�c datasets. The problematic
features contained in these datasets are,e.g., textureless areas, under/over
exposed areas or illumination changes. One of the possible ways to improve
3D reconstruction results on challenging datasets is by choosing a more robust
and accurate feature extractor and feature matcher. This approach is adopted
in the thesis. Therefore we compare various methods of feature extraction
(FE) and matching (FM) and their results in the 3D reconstruction pipeline.
Another possible way to improve the reconstruction results would be by
changing other parts of the reconstruction pipeline, such as triangulation,
bundle adjustment, or whole incremental reconstruction. Nevertheless, these
methods are used in the industry without any signi�cant improvements over
the recent years. On the other hand, feature extraction, description, and
matching are being regularly improved [12]. Besides new hand-crafted feature
extractors and matchers, does in the last years, these updates also include
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1. Introduction .....................................
learnable neural networks (NN) [13] [14].

Popular pipelines providing 3D image reconstruction are COLMAP [10],
MeshRoom (MR) [15], and Capturing Reality (CR). The cornerstones of
these pipelines are SfM and MVS, where the latter builds on the results of
SfM.

As mentioned before, failures of 3D reconstructions are caused by scene-
speci�c factors, which are problematic even for state-of-the-art commercial
software such as CR. The reconstruction issues arise with the presence of
weakly textured, uniformly colored areas, scene transitions from dark to light
(e.g., the light goes on or o�, or camera aperture changes in the dark corridor),
or re�ective and repetitive surfaces. Mentioned problematic scene properties
often directly lead to low numbers of generated image matches. In addition,
they cause poor match distribution in the image, as most of the challenging
areas are almost matchless using classical methods,e.g., a combination of
SIFT [16] and geometric veri�cation using RANSAC-based model estimator
[17]. This lack of matches then negatively a�ects the accuracy of position
estimates of registered cameras. The camera position inaccuracies then also
decrease 3D point positions' precisions. The experiments in [18] shown the
relationship between poor matching and higher scene uncertainty. Not to
mention that poor matches reduce the number of registered cameras and
often cause the model to break down into more sub-models, or, in the worst
case, make the reconstruction completely fail, resulting only in one model
with a small fraction of registered cameras or no registered images at all.
Example of reconstruction failure on a dataset with problematic features
s captured in Figure 1.1, which captures part of the reconstruction result,
which broke into 3 models. This model used 5 out of 23 images, even though
the images were obviously overlapping with the images from other models.
The other models used 5 and 3 cameras The failure was probably caused by
the illumination change combination with plain walls. Reconstruction was
created with commercial software Capturing Reality.

The 3D image reconstruction algorithms are also used in industrial applica-
tions, e.g., in research projects such as SPRING and ARTWIN. ARTWIN's
main products include online factory digital 3D image and device localization.
SPRING uses 3D reconstruction for device localization, too. These projects
are mentioned because the industrial applications are especially sensitive to
the reconstruction breakdowns and are full hollow spaces and long corridors.
The corridors are further lined with weakly textured areas and illumination
changes. These problematic interiors are a substantial part of the mentioned
projects' application environment, so the reconstruction breakdowns are not
rare. It often leads to loss of orientation, which is there a feature of utmost
importance. Another reason to mention ARTWIN is that the thesis is created
as a part of this project, and its results will �nd their use in the real industrial
environment.
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....................................... 1.2. Outline

Figure 1.1: Reconstruction created with CR commercial software resulting in
5/23 registered images in this model.

Visualisation of the interior in which we are trying to improve 3D recon-
struction is together with dense reconstruction captured in Figure 1.2. This
dataset is from ETH3D benchmark [2] and is used for comparison in Ÿ 5.2.

1.2 Outline

Before evaluating and examining the individual FM and FE methods, the
work begins with a de�nition of terms in the Chapter 2. Later in that chapter
are introduced principles of SfM pipeline - correspondence search in Ÿ 2.1 and
SfM itself in Ÿ 2.2. The Ÿ 2.1 includes details of previously used methods
and algorithms, presenting both the hand-crafted state-of-the-art algorithms
in Ÿ 2.1.1 and learnable algorithms introduced in Ÿ 2.1.2. These parts serve
to unify terms and aim to pass on some basic understanding of principles
of the FE, FM and SfM and methods parameters. These are then used and
exmained in experiments, which are carried out in Chapter 4. Nonetheless,

3




	Project Specification
	Introduction
	Motivation and objectives
	Outline
	Codes

	Previous work
	Feature extraction and matching
	Hand-crafted algorithms
	Learned algorithms
	Pre-processing

	Structure-From-Motion

	Proposed enhancements
	SparseNCNet
	Preecision and scores
	Re-training


	Experiments
	GT acquisition
	Benchmarking
	SIFT parameter determination
	Comparison of geometric verification methods
	Preprocessing results comparison
	Wallis filter results
	CLAHE results

	SparseNCNet
	SuperGlue + SuperPoint

	Comparison of methods
	Correspondence search benchmark
	3D reconstruction benchmark

	Conclusions
	Bibliography

