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Abstract

Advancements in 3D sensing and reconstruction has made a huge leap for modeling large-scale
environments from monocular images using structure from motion (SfM) and simultaneous localization
and mapping (SLAM) algorithms. SfM and SLAM based 3D reconstruction has applications for digital
archival and modeling of real-world objects and environments, visual localization for geo-tagging and
information retrieval, and mapping and navigation for robotic and autonomous driving applications.

In this thesis, we address problems in the area of large-scale structure from motion (SfM) for 3D
reconstruction and localization. We introduce new methods for improving efficiency and accuracy of
state-of-the-art pipeline for structure from motion. Large-scale SfM pipeline deals with large unorga-
nized collections of images pertaining to a particular geographical site. These image collections are
formed by either retrieving relevant images using textual queries from the Internet, or can be captured
for the specific purpose of 3D modeling, mapping, and navigation. Internet image collections tend to
be more noisy and present more challenges for reconstruction as compared to datasets captured with
specific intention to reconstruct. In this thesis, we propose methods that help with organizing these
large, unstructured, and noisy images into a structure that is useful for SfM methods, a match-graph
(or a view-graph). We first propose a geometry-aware two stage approach for pairwise image matching
that is both more efficient and superior in quality of correspondences. We then extend this idea to SfM
pipeline and present an iterative multistage framework for coarse to fine 3D reconstruction. Finally, we
suggest that a key to solving many of the reconstruction problems is to address the problem of filter-
ing and improving the view-graph in a way that is specific to the underlying problem. To this effect,
we propose a unified framework for view-graph selection and show its application to achieve multiple

reconstruction objectives.
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Chapter 1

Introduction

1.1 Historical Perspective

Seeing the world in 3D Understanding depth perception was an important curiosity for early vision
scientists and much work has been done to illuminate how the human visual system perceives depth [1,
, 14]. While biological understanding of human visual system informs that stereoscopic vision is pri-
marily responsible for 3-dimensional (3D) perception, studies in perceptual psychology improved our
understanding of both monocular and binocular cues associated with 3D perception. Mainly two binocu-
lar phenomena are known to be effective for depth perception, (a) retinal disparity, and (b) convergence.

These cues are depicted in Figure 1.1.

Retinal disparity or binocular disparity is the observation that both eyes form a slightly different pic-
ture of the world on the retina. The difference between positions of an object in these images (disparity)
is what allows the human brain to infer the distances of the objects from each other (or relative depth)
in the 3D world. Convergence is an oculomotor phenomenon related to depth sensing. To look at a near
object, both eyes converge while looking at a distant object, the eyes diverge. The sensation due to the
movement of extra-ocular muscles helps in absolute depth perception.

In addition to the binocular cues, through the process of habituation and learning, the human brain
can also perceive depth using several monocular cues. Examples of a few monocular cues are shown
in Figure 1.2. Linear perspective is one of the strongest monocular cues. We expect the parallel lines
to meet/vanish at the horizon, giving us clues to the size and distance of the objects with respect to
the perspective. This is illustrated by Ponzo illusion in Figure 1.2a, where the top green bar appears
much wider despite being the same in size as the bottom ones. We are attuned to give importance to the

horizon line and hence objects placed higher up in the composition appear farther to us (Figure 1.2b).



(a) Binocular Disparity (b) Convergence

Figure 1.1: Binocular cues for depth perception : (a) Extending a nger to mask a distant object (tree)
and looking with only one eye open at a time, parallax / retinal disparity can be observed in relative
placement of the nger and the tree. (b) To focus on nearby objects, eyes converge as opposed to distant

objects. The activation of extra-ocular muscles provide a strong cue about object distance.

(a) Linear Perspective (b) Relative height (c) Atmospheric Perspective (d) Shadows

Figure 1.2: Monocular cues for depth perception

Atmospheric perspective makes farther objects appear hazier and bluer (Figure 1.2c). One of the most
important cue for monocular depth sensing is shadows (Figure 1.2d). In addition to these, several
other monocular cues such as the interposition of objects, the relative size of objects, texture gradient,
accommodation, motion parallax play a vital role in depth perception. These cues are well studied in
the psychology of vision [4, 90]. | refer the reader to Chapter 6 of the text by LaValle [83] for further
reading on depth cues.

Early artists were aware of these cues and often used these to push realism and immersion of paint-
ings, 2D representations the 3D world. Figure 1.3 shows some examples of paintings and artworks that
leverage various depth cues for realism. The human brain is so habitual to interpret monocular cues
from the context that for hundreds of years artists and creators successfully used at representations

(paintings, photographs, Ims) to tell stories about our 3D world.






