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SUMMARY

This thesis describes methods that generate a digital three-dimensional (3D) model
of a visual scene’s surfaces, using a set of calibrated photographs taken of the scene. The
3D model is then rendered to produce views of the scene from new viewpoints. In the
literature, this is known as 3D scene reconstruction for new view synthesis. This thesis
introduces novel approaches that improve upon the quality, efficiency, and applicability of
existing methods.

To achieve a high quality reconstruction, it is essential to know which cameras have vis-
ibility of local areas on the surface. Accordingly, we present a related pair of techniques for
computing visibility during a volumetric reconstruction. We then describe post-processing
methods that refine surface reconstructions to improve model fidelity.

We explore different representations for modeling the 3D surface during reconstruction.
We introduce a method of warping the 3D space to represent large-scale scenes. We also
investigate a level set approach, which embeds the 3D surface as the zero level set of
volumetrically sampled function. Finally, we present a view-dependent representation that

can be computed at interactive rates.

Xvi



CHAPTERII

INTRODUCTION

1.1 Problem statement

One of the primary ways we sense the world is through vision. The human visual system
acquires light that passes through the lens of the eye and is imaged on the retina. This
visual data, rich in information, is used to perceive shape, position, and color.

Mimicking this process, researchers have developed imaging sensors and computer al-
gorithms to analyze visual information. The goal of this thesis is to generate a 3D digital
representation of a visual scene using a set of photographs. The photographs are taken from
multiple viewpoints of either a static or dynamic scene. As a pre-process, each camera used
to photograph the scene is calibrated, yielding the geometry of the image formation pro-
cess. Given these calibrated photographs, how does one compute a 3D model that can be
rendered to synthesize views of the scene at new viewpoints? This is the central problem

addressed in this thesis.

1.2 Motivation

A key challenge in computer graphics is photo-realistic image synthesis of real-world
scenes. Unfortunately, many real-world scenes consist of geometrically complex shapes
that are difficult to recreate in a 3D modeling program. Even after hours of tedious edit-
ing, many CAD-based 3D models produce synthetic images that lack a desired level of
photo-realism when rendered.

An alternate approach is image-based modeling. The objective in this approach is to
create a 3D model using 2D image data. Often this 2D image data consists of photographs,

also called reference views, taken from multiple viewpoints. In contrast to CAD-based 3D



surface modeling, taking photographs is simple and intuitive. The photographs are input
to a computer, which analyzes the photographs to reconstruct a 3D model of surfaces in
the scene. This model can the be rendered to produce photo-realistic images from new
viewpoints.

3D scene reconstruction is a fundamental problem in computer vision and has many
applications, including robot navigation [47], reverse engineering [26], object recogni-
tion [7, 77], motion capture [104], model building [27, 126], teleconferencing, and more.
Thus, advances in 3D scene reconstruction can significantly impact a variety of applica-
tions.

Our application is new view synthesis, the task of generating views of the scene from
new viewpoints. Conceptually, new view synthesis endows a user a virtual camera, which
the user places about the scene. The goal then is to synthesize the image that a physical
camera would see when placed at the same position the virtual camera is placed. We
perform 3D scene reconstruction to generate a photo-realistic 3D model of the scene, and

then render the 3D model to synthesize an image at the virtual viewpoint.

1.3 Volumetric approaches

In this thesis, we focus on volumetric reconstruction approaches. By volumetric we mean
that space has been tesselated into discrete volumes called voxels. We typically model a
voxel as a small cube in 3D space. The voxels are arranged on a 3D sampling lattice,
forming a voxel space. Within this voxel space, our goal is to find the 3D surfaces that,
when rendered, reproduce the photographs taken of the scene

Any surface in the voxel space can be sampled to produce a volumetric representation.
Volumetric surface representations provide a computationally convenient and topologically
flexible way to characterize a surface in 3D space. When necessary, a voxel-based model
can be converted into a polygonal representation for efficient rendering on standard graph-

ics hardware.



1.4 Contribution of the thesis

This thesis examines novel volumetric scene reconstruction approaches, designed for the
application of new view synthesis. We advance the state of the art by introducing the

following:

1. Two novel methods for computing voxel visibility during scene reconstruction.

2. Methods to post-process the reconstructed geometry, including a volumetric opti-

mization strategy that minimizes reprojection error.
3. A volumetric warping approach for reconstructing large-scale scenes.

4. A reconstruction technique that marries the speed and simplicity of space carving

with the advantages of level set methods.

5. An efficient view-dependent reconstruction approach that is capable of interactive

reconstructions.

1.5 Organization of the thesis

The rest of this thesis is organized as follows. Chapter 2 presents prior art in the field of
3D scene reconstruction, focussing primarily on related volumetric approaches. Chapter 3
describes our generalized voxel coloring (GVC) algorithm, which introduces two novel
approaches for determining visibility during a volumetric reconstruction. In Chapter 4 we
extend this work by post-processing the reconstructed 3D model to improve model fidelity.

We then introduce a warping of 3D space in Chapter 5 that efficiently represents a large-
scale scene. In Chapter 6, we utilize level set methods to implicitly represent the 3D surface
as a zero-level set of a volumetrically sampled function. In Chapter 7, we present a view-
dependent algorithm, image-based photo hulls (IBPH), designed for interactive new view
synthesis. In Chapter 9 we review the contributions of this thesis and explore directions for

future research.



Appendix A offers a brief review of single a multi-view camera geometry, and Ap-
pendix B presents a multi-view triangulation algorithm. Appendix C describes our experi-

mental setup for interactive 3D scene reconstruction and new view synthesis.



CHAPTERII

RELATED WORK

The quest for photo-realism in computer graphics has led to very sophisticated medel-
ing of geometry, light, and reflection. Developments in this field have yielded powerful
approaches, as demonstrated in many contemporary feature films. However, much skill,
artistry, and tedious labor is required to model and render such complex scenes.

Consequently, there has been in recent years much interest in applying computer vision
methods to capture real-world scenes from photographs. Photographs are very simple to
obtain, and by definition, are photo-realistic. However, one of the limitations of a photo-
graph is its fixed viewpoint. This chapter reviews new view synthesis techniques, which
circumvent this limitation to generate photo-realistic synthetic views of the scene at new
viewpoints.

One distinguishing characteristic of new view synthesis techniques is that of scene rep-
resentation, spanning 2D representations for view morphing, 2-%D representations for view
interpolation, 3D model reconstruction, 4D light fields, 7D plenoptic functions, and be-
yond. In this review, we give special attention to methods that reconstruct 3D models,
since that is the approach taken in this thesis.

During the last decade, the topié of new view synthesis has received considerable in-
terest in the computer graphics, computer vision, and image processing domains, and the
resulting literature on the subject is vast. To make this review tractable, we limit its scope
to methods that are passive with respect to the scene lighting. Active vision methods that
project light into the scene, such as structured lighting and laser range imaging techniques
are not presented. A goal of many new view synthesis methods is to produce photo-realistic

new views using off-the-shelf photographic cameras, which are inexpensive and easy to



use.

2.1 Image-based rendering

We begin this review by briefly surveying image-based rendering algorithms. lmmage-based
rendering can be defined as a class of techniques that generate synthetic images from pho-
tographs rather than geometric primitives. The goal of image-based rendering is new view
synthesis. A related class of techniques are image-based modeling algorithms, which pro-
duce a 3D model of the scene using the photographs. This model can then be rendered for
view synthesis. Image-based modeling algorithms will be considered later in this chapter.
The algorithms presented in this section do not compute an explicit 3D model of the full
scene geometry.

One of the earliest attempts at image-based rendering was the Movie-Map system [61]
presented in the early 1980s. This system represents an entire scene as a collection of
panoramic images, acquired every 10 feet along several streets of a town. As a user navi-
gates a virtual camera along one of the streets, the system displays an optically corrected
view using the image closest to the virtual camera position. While the system is capable
of displaying virtual camera rotations, the camera translations are limited to the positions
at which the scene was photographed. This approach was recently revisited by Kimber,
Foote, and Lertsithichai [53], who photograph the scene much more densely along each
path.

In their seminal work, Chen and Williams [20] demonstrated that it was possible to
interpolate between viewpoints if dense correspondences are known. The correspondences
are used to establish optical flow. Pixels in a reference image are then linearly interpolated
along the optical flow vectors to produce intermediate views. While effective, this approach
correctly synthesizes new views for only limited virtual camera motions.

In a similar spirit, many other researchers introduced new view synthesis algorithms

that warp photographs using correspondence and/or depth information [3, 17, 18, 49, 58,



66, 68, 74, 98, 99, 101, 103]. Notable developments among this class of techniques include
the use of epipolar geometry [58], an analysis of the physical validity of view interpola-
tion [99], an occlusion-compatible rendering order that obviates the need for depth compar-
isons [74], extensions to time-varying scenes [66], and generation of within-scene views
without requiring explicit correspondence information [49]. Some of the key challenges
to these approaches are establishing correspondences between photographs, synthesizing
views from arbitrary viewpoints, and dealing with holes in the synthesized view that result
from disocclusions.

A number of researchers have introduced image-based rendering algorithms based on
panoramic imagery. Such use of panoramic imaging for view synthesis has its roots in
environment mapping [9, 45]. Chen’s Quicktime VR [21] approach captures cylindrical
panoramas by stitching together photographs taken by a camera rotating 360 degrees about
its center of projection. Other researchers extend this idea by stitching images taken from
arbitrary camera placements [96, 118]. McMillan and Bishop [74] use cylindrical panora-
mas in conjunction with stereo correspondence algorithms for view synthesis.

Adelson and Bergen [1] introduce the plenoptic function, a 7-dimensional function that
characterizes all of the light flowing in 3D space, in all directions, positions, time, and at
all wavelengths. As McMillan and Bishop [74] point out, the goal of image-based render-
ing is to generate a continuous representation of the plenoptic function given a (typically
incomplete) set of samples.

While the plenoptic function is a useful theoretical concept, in practice a complete
sampling of it would result in an overwhelming amount of data for most scenes. When
working with static scenes and sampling the color spectrum in RGB channels, the plenoptic
function becomes 5-dimensional. In the lumigraph [44] and light field [60] approaches, it
is observed that in the absence of occlusions, the dimensionality can be further reduced to
four. These approaches sample the scene as two-dimensional arrays of two-dimensional

images. Synthesis of a new view is achieved by resampling the rays captured in this 4D



representation. This work spawned a flurry of subsequent light field research, developed for
alternative capture topologies [2, 106], efficient rendering [14, 92] and compression [65].
Surface light fields [22, 75, 129] are a related representation that assign a color to each ray
originating from a surface. Surface light fields have shown much promise but do require a
3D model of the surfaces in the scene.

The remainder of the techniques presented in chapter are image-based modeling al-
gorithms. These approaches are more closely related to the techniques developed in this

thesis.

2.2 Stereo matching approaches

Stereo vision is the ability to see in three dimensions. The binocular human visual system
captures light from two slightly different positions. As a result, an imaged object appears
slightly displaced in the two retinal images. This displacement is known as disparity, and
is used by the brain to estimate depth.

Computer vision methods have been developed to simulate this process. Stereo rigs
consist of a set of cameras that photograph the scene. Disparity is computed from the
photographs by matching corresponding regions between the images. In this section, we
review these stereo vision algorithms. We begin with a brief review of two-view approaches
to illustrate the basic concepts. We then discuss multi-view stereo algorithms designed for

image-based modeling.
2.2.1 A brief review of stereo vision

A standard two-view stereo vision rig consists of two cameras, a left and a right, separated
by distance known as the baseline. Photographs of a scene are taken simultaneously with
the two cameras. Given these two photographs, stereo vision seeks to find the depth of
scene surfaces.

Key to stereo vision is the correspondence problem. This problem requires one to



identify, for each scene element (pixel, line, corner, etc.) in one image, a matching scene
element in the other. This match is called a correspondence. Correspondence algorithms
can be classified into correlation-based methods and feature-based methods.
Correlation-based methods attempt to find, for a small patch around a pixel in one
image, a match in the other image. A similarity measure that indicates the quality of a

prospective match is maximized. A cross correlation similarity measure can be used,
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as well as other correlation-like measures such as the sum of squared differences (SSD),
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where a (2N + 1) x (2M + 1) patch, I}[n;,ny], is extracted from the right image, I,[ny,ny),
and compared in the left image I;[n;,n2]. While the equations above assume grayscale
images, they can be easily extended to color images. A correspondence is often assumed to
exist for the maximal value of the similarity measure. Disparity is computed for each pixel
as the image plane difference in spatial position of the corresponding points.

Feature-based methods match image features, such as lines, edges, and corners. Such
features rarely occur at every pixel in an image, and as a result, feature-based methods find
only a sparse set of correspondences. The computer vision literature is rife with various
feature-based correspondence algorithms for virtually every type of feature.

The correspondence problem is challenging. It is ill-posed, since as a result of occlu-
sions, a match might not exist. In addition, in homogeneously colored surface regions,
multiple matches may occur. To make matters worse, correspondences become more dif-
ficult to establish when the baseline increases, and when the reflectance of scene surfaces
deviates from Lambertian.

However, additional constraints can be imposed to help minimize false matches. Of
these, perhaps the most useful is the epipolar constraint [36, 123], since it is always valid.

For a point in image 1, one can back-project a ray into 3D space that intersects the 3D



feature generating the point. This ray, when projected into image 2, defines an epipolar
line, along which the correspondence must lie. Thus, the epipolar constraint reduces the
2D search for a correspondence to a 1D search along an epipolar line. Epipolar geometry
is reviewed in Appendix A.

Other constraints used in stereo matching are not applicable to all scenes, but are useful
for many scenes of interest. The uniqueness constraint [69] requires that there can be no
more than one match in image 2 for a pixel in image 1. This constraint has been further used
to require that matches are bi-directional. The continuity constraint [69] takes advantage of
the cohesiveness of matter by requiring the disparity vary smoothly over most of the image.
Note that this constraint does not hold at depth discontinuities. The ordering constraint [4]
requires that the order of neighboring correspondences on the corresponding epipolar lines
is preserved. The disparity limit constraint specifies a band of allowable depth values for
which to search for correspondences. Other constraints are possible. By taking advantage
of these constraints, stereo matching algorithms produce much better results.

More recent work on stereo matching has seen the incorporation of color segmentation
for textureless regions [120], inclusion of temporal consistency for dynamic scenes [15, 79,
119, 131], use of interline consistency of epipolar lines via graph cuts [94], development
of multi- and wide baseline approaches [82, 90, 97, 125], rejection of outliers [8, 117], and
efficient implementations for real-time performance.

If the cameras are calibrated, i.e., the geometry of image formation in the reference
views is known, the correspondences can be triangulated to reconstruct 3D structure in
a metric space. In the two-view case, the 3D information is typically represented as a
depth map, z(x,y), for each pixel that has been matched in a reference view. This Z%D
representation captures the scene geometry as seen by the reference view. The depth map
can then be texture-mapped and rendered to synthesize new views of the scene. However,
since the depth map does not capture the full 3D geometry of the scene, the new view

synthesis will be effective for only a limited set of virtual viewpoints near the two reference
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views. To reconstruct the full scene geometry, a reconstruction must be performed using
multiple images taken from cameras surrounding the scene. This is the subject of the next

subsection.
2.2.2 Multi-view stereo reconstruction

We now review multi-view stereo reconstruction methods that execute a stereo correlation-
based correspondence algorithm between various subsets of the reference views. These
subsets can range from neighboring image pairs [42] to groups of three to six nearby im-
ages [78]. This produces multiple depth maps that represent points in 3D space as seen
from different viewpoints. For the task of image-based modeling, the goal is then to infer
object surfaces from these often noisy points.

In their “virtualized reality” system, Narayanan, Rander, and Kanade [78, 127] recon-
struct time-varying events from multi-view video. For data acquisition, the authors initially
designed a hemispherical dome consisting of 51 synchronized video cameras that output
time-stamped video to a bank of VCRs. Later, they rigged a room using 49 synchronized
video cameras, each connected to a computer for direct video digitization. By sampling the
scene with many cameras, reconstructions are less likely to have unrecoverable areas that
are occluded from all cameras.

For each time instant, a multi-baseline stereo algorithm is executed, resulting in a dense
depth map for each camera. Each depth map is embedded into a volumetric space, and
fused [26] into a single three-dimensional model. This model is then extracted from the
volume using the marching cubes algorithm and texture-mapped by projecting each color
image onto the model and accumulating the results using a weighted average based on vis-
ibility. New views of the video can be synthesized from arbitrary viewpoints by rendering
the polygonal model at each time instant.

Fua and Leclerc [41] have a similar mesh-based approach to the multi-view recon-

struction problem. Like [78], the goal is to recover, in world space, a texture-mapped 3D
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mesh using all source images. For each stereo pair, their technique performs hierarchical
correlation-based matching to find a dense depth map for each image. The depth maps from
all source images are combined in world space, resulting in a dense set of unstructured 3D
points. These points are fit to quadric patches, clustered into surfaces, and then polygonized
into a mesh. The authors then attempt to optimize [41] the mesh to increase the reconstruc-
tion accuracy. The cost function landscape contains local minima, so the mesh found prior
to optimization must be reasonably close to the true surface for the optimization to be ef-
fective. The optimized mesh is then texture-mapped and rendered to synthesize new views.
In a similar vein, Isodoro and Sclaroff [50] and Rockwood and Winget [93] demonstrate
mesh optimization approaches for 3D scene reconstruction.

The optimization in [41] attempts to find an extremal surface that represents the true sur-
face geometry. An alternate approach formulates stereo matching as an extremal surface
extraction problem [19, 94]. In Chen and Medioni’s [19] approach, images pairs are first
rectified so that correspondence matching occurs over a one-dimensional range of disparity.
Then, a correlation coefficient is computed for each pixel [n1,72] in an image and for each
disparity d. Rather than simply pick the best match at each pixel, this method encodes all
the correlation coefficients, for each value of d, into a disparity volume p[nl,n2,d]. The
elements of p[n1,n2,d] range between zero and one, which indicate low and high probabil-
ity of a match, respectively. The task is then to extract a maximal surface from p[nl,n2,d).
This is accomplished picking values close to one as seeds, and then propagating the surface
from the seeds by finding locally maximal values. Upon completion, this algorithm finds
an accurate disparity surface between two views. This process is repeated on other image
pairs, and the results are fused together into a coherent model that is then texture-mapped
and rendered to create new views.

Multi-view stereo matching methods are effective in reconstructing scenes using mul-
tiple arbitrarily placed cameras. Key issues for these methods are obtaining accurate corre-

spondences, and addressing incorrect matches by using multi-view refinement strategies.
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2.3 Structure from motion

Structure from motion methods process images over time, observing spatio-temporal changes
that are caused by relative motion between a camera and the scene. For image-based mod-
eling, often one is interested in reconstructing a static scene filmed by a moving camera,
although other possibilities exist. These structure from motion methods seek to determine
the shape, or structure of observed objects as well as the relative motion of the moving
camera from an image sequence. Often, the scene is sampled at video rates, so the spatial
differences (disparities) between consecutive frames are much smaller than that of stereo
methods, and correspondences are easier to find. Quite a bit of literature on structure from
motion exists; Jebara, Azarbayejani, and Pentland [51] provide a nice overview. Here,
we focus on methods designed for full perspective cameras, arbitrary camera motion, and
scene reconstruction for new view synthesis.

Pollefeys, Koch, Vergauwen, and Van Gool [86] have developed a structure from mo-
tion approach that uses video from an uncalibrated camera with a variable focal length.
Since 3D structure is poorly estimated for small baselines, the authors track corner features
over many views so that the effective baseline is large. This establishes a sparse set of
point correspondences. A robust algorithm uses these point correspondences to estimate
the fundamental matrix relating consecutive views. Incorporating the epipolar constraint,
more correspondences are found, and the epipolar geometry is refined. Points in projec-
tive space are computed using triangulation between views. This results in a projective
3D model comprised of sparse points. The authors then show how to self calibrate, which
upgrades the reconstruction from projective to metric. The authors rectify the images and
then perform dense stereo correlation-based matching between consecutive images. Depth
values are refined, and used to build polygonal, texture-mapped model. New views of the
scene of the model can then be synthesized by rendering the model.

Zisserman, Fitzgibbon, and Cross [133] [38] have developed a similar structure from

motion reconstruction method. Like [86], Zisserman et al. locate corners in the images
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and robustly estimate the fundamental matrix between image pairs. Unlike [86], the au-
thors additionally locate line segments in each image and estimate the trifocal tensor using
image triplets. The projective location of points and lines are merged among all views,
resulting in a sparse set of features in 3D projective space. Adopting Pollefeys et al.’s self-
calibration (85] method, these projective features are upgraded to metric. The authors take
this sparse metric reconstruction and fit planes to the features using a robust technique.
Then, a texture map is extracted from the source image that is most fronto-parallel with
each reconstructed plane. Thus, a planar texture-mapped model is recovered.

Other structure from motion work addresses poor [80, 81] and degenerate camera mo-
tions [121] as well as dynamic scenes [46].

Perhaps the most significant limitation to structure from motion methods is that they
require the images to be closely spaced. Consequently, these methods can become imprac-
tical [27] for modeling a larger scale scene, such as a city block, as they could require an
unwieldy number of images to capture all surfaces of interest. In comparison, many of the
other methods presented in this review have a significant advantage in that they function

well with a sparser sampling of the scene.

2.4 Interactive modeling systems

An interactive modeling system is a user-assisted CAD program that utilizes photographs
and computer vision methods to produce a photo-realistic 3D model of a scene. By includ-
ing a human operator in the modeling process, very accurate 3D models can be generated.
In fact, some of the most compelling three-dimensional reconstructions from multiple im-
ages have been produced using these systems.

Interactive modeling systems are typically designed to reconstruct man-made scenes,
often architectural scenes, which are usually composed of basic shapes. Many of these
shapes contain parallel and orthogonal lines, a fact often required by the reconstruction

program. The input to such a system is a sparse set of photographs. It is important to take
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as few photographs as possible, since the user must interact with the images.

Becker and Bove [6], Faugeras et al. [35], and Shum, Hei, and Szeliski [105] present
interactive modeling systems. These methods take advantage of parallel and orthogonal
lines common to man-made structures. By having a user specify parallel and/or orthogonal
lines in image space, the authors show how intrinsic and/or extrinsic camera parameters
can be determined. Then, a user identifies features such as lines and planes by clicking
on them in the images, and the system solves for the location of the features in 3D space.
The reconstructions in these papers contain only simple geometry, and in the case of [6],
consist only of planar surfaces. Texture maps are extracted from the images and applied to
the reconstructed geometry, producing a model for new view synthesis.

In Debevec, Taylor, and Malik’s [27] system, a user instantiates parameterized geomet-
ric primitives from a vocabulary of simple shapes, such as boxes, prisms, and surfaces of
revolution. Next, the user marks edge features in the images, and marks each corresponding
edge on the appropriate geometric primitive. The system then extracts texture maps from
the images to apply to each geometric primitive, and computes each primitive’s location
in 3D space. This typically produces a reasonably accurate model. However, the simple
geometric primitives do not capture some of the finer geometric details in the scene. To
determine how the actual scene deviates from the approximate model, the authors execute
a correlation-based stereo algorithm between pairs of images, producing a dense depth map
for each image. This depth information is then used to produce more accurate renderings
of the model.

Debevec et al.’s system produces high quality reconstructions that attain a degree of
photo-realism unparalleled by most new view synthesis techniques. Their work spurred
development of similar systems [28, 88] as well as consumer software packages. However,
these systems require a fair amount of user interaction during scene modeling, especially
compared to the more automatic scene reconstruction methods presented in this thesis. An-

other limitation of these systems is that they cannot reconstruct arbitrarily shaped surfaces.
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Figure 1: Voxel classifications. For simplicity, this figure shows a 2D voxel space, com-
posed of the three voxel types. Empty space voxels are white, surface voxels are black, and
inner voxels are gray.

2.5 Volumetric approaches

Volumetric approaches represent the scene as a collection of voxels, which are typically
modeled as small cubes arranged on a 3D lattice. In this context, the goal of 3D scene
reconstruction 1s to determine which voxels represent surfaces in the scene. The recon-

struction algorithm classifies each voxel into one of three categories:

Free Space Voxels These voxels represent free space in the scene. These voxels are made

transparent.

Surface Voxels These voxels represent the surfaces in the scene. These voxels are ren-

dered opaque.

Inner Voxels These voxels are not visible to any camera, and are assumed to be inside

surfaces. These voxels are not typically displayed.

These voxel classifications are shown in Figure 1.
Typical volumetric approaches define a reconstruction volume, the region of space that

encompasses the scene and in which the reconstruction occurs. The reconstruction volume
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is tesselated into voxels, forming a voxel space. The volumetric reconstruction algorithm
then removes, or carves the free space voxels. Upon completion of the algorithm, the
remaining surface and inner voxels represent the 3D volume of objects in the scene. Note
that this process is similar to the way a sculptor would chip away at a block of marble to
reveal a shape. The surface voxels of the reconstruction model the geometry of the scene
surfaces. These voxels can be colored (or texture-mapped) and rendered to produce new
views of the scene.

This section reviews volumetric approaches to the 3D scene reconstruction problem.

We note that two surveys on the subject appear in the literature {31, 109].
2.5.1 Visual hulls

Perhaps the most straightforward way to reconstruct a 3D scene from multiple calibrated
images is to compute the visual hull. However, before we describe the basic approach, we
begin our discussion of the visual hull with some definitions. Unfortunately, there is some

confusion in the literature regarding the use of the term visual hull.

Visual hull. The visual hull.. is the maximal shape that gives the same silhou-

ette as the actual object for all views outside the convex hull of the object.

This definition is given by Laurentini [57]. Reconstruction of the visual hull., could require
an infinite number of photographs. We use the term visual hull be the approximation of
the visual hull., reconstructed using N photographs. Many papers in the literature do not
distinguish between the two.

Volumetric approaches [40, 76, 87, 116] are commonly employed to reconstruct the
visual hull. Figure 2 gives a visual description of the pipeline. First, photographs of the
scene from multiple viewpoints are taken. Then, each photograph is segmented into a
binary image consisting of foreground and background, thereby producing silhouettes. This
can be achieved by subtracting a known background. Foreground pixels correspond to

points to which the 3D object projects. Everything else is background.
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Reconstruction

Figure 2: Visual hull reconstruction.
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Each silhouette constrains the region of space in which the true surface is located. One
can back-project rays from the center of projection of an image, through pixels in the sil-
houette, and into 3D space. This defines a cone-shaped wedge emanating from a reference
view, as shown in the bottom image of Figure 2. If these wedges are intersected from all
viewpoints, the resultant shape is the visual hull.

Alternatively, one can project voxels from 3D space into the images. If a voxel projects
only to background in a reference view, then it is not in the visual hull and it is carved. The
remaining voxels model the surface of the object as well as its interior. For efficiency, the
voxel space can be processed in a coarse-to-fine fashion.

The visual hull has several interesting properties. First, although it is only an approxi-
mation to the true shape of the object, it is guaranteed to enclose the object. This is shown
in Figure 3. Second, in 3D the visual hull of an object can be a better or worse approx-
imation of the object than the convex hull depending on the geometry of the object and
the placement of the viewpoints. Third, the size of the visual hull decreases monotonically
with the number of images used in the reconstruction. However, even when an infinite
number of images are used, not all surface concavities can be modeled with a visual hull.
Surface concavities that are not apparent in the silhouettes are not reconstructable using
this method.

Work on volumetric reconstruction of visual hulls first appeared in the early 1980s [70].
Since then, techniques have been developed for arbitrary camera placement [87], efficient
reconstruction [72, 116], weakly calibrated cameras [43], and dynamic scenes [71, 72, 76].
In Chapter 7, we examine one of these methods [72] in some detail.

Reconstruction of the visual hull has some advantages. First, the visual hull is simple
to compute, as one does not need to model visibility of the scene during reconstruction.
Second, assuming accurate segmentation of the photographs, visual hull methods are ro-
bust to reconstructing surfaces that are non-Lambertian or periodically or homogeneously

textured. The disadvantages of visual hull approaches are that background segmentation
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Visual hull

Figure 3: An example visual hull. In this 2D example, a square shape is photographed by
four cameras. The visual hull, which contains the true scene, is shown in gray.
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can be difficult, and by reconstructing the scene using binary silhouettes, much useful color

information that could be used to attain more accurate 3D reconstructions is discarded.
2.5.2 Photo hulls

While a visual hull reconstruction can be rendered to produce new views of the scene, the
visual geometry is typically not very accurate. This can diminish the photo-realism of the
synthetic new views. To increase the geometric accuracy, more information than silhouette
data must be used during reconstruction.

An obvious choice is color (or luminance, for gray-scale images). Many researchers
have attempted to reconstruct 3D scenes by analyzing colors across multiple viewpoints,
looking for a 3D model that, when projected to reference views, reproduces the pho-
tographs. Unfortunately, the problem is ill-posed. For a given set of 2D photographs,
multiple 3D models that reproduce the photographs can and often do exist.

In their insightful work, Kutulakos and Seitz [54] introduce the photo hull, which is the
largest shape that contains all reconstructions in the equivalence class of 3D models that
reproduce the photographs. The photo hull is unique, and is itself a reconstruction of the
scene. Better yet, it is the tightest possible bound on the shape of the true scene that can be
inferred from N photographs, in the absence of a priori geometric or point correspondence
information [54].

Critical to the computation of the photo hull is the notion of photo-consistency. A point

in 3D space is said to be photo-consistent with a photograph if
* The point does not project to background.

* When the point is visible, the light exiting the point (i.e., radiance) in the direction of

the camera is equal to the observed color of the point’s projection in the photograph.

Since we model points with voxels, the photo hull is found by identifying the spatially

largest set of voxels that are photo-consistent with all the photographs taken of the scene.
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To compute the photo hull, we require a method to determine photo-consistency. As-
sume that a point (or voxel) is visible to K of the N reference views. As described in [54],
a photo-consistency check is an algorithm that that takes as input at least K colors from
the photographs, K 3D vectors going from the point (or voxel) toward each camera, and
all light source positions (for the non-Lambertian case), and determines if it is possible for
the point to reflect light of the observed color in each photograph. The photo-consistency
check is assumed to be monotonic in that if a point (or voxel) is found to be inconsistent
when visible to M cameras, it will still be inconsistent when visible to K > M cameras.

Such a photo-consistency check is limited to the class of radiance models that are lo-
cally computable - that is, the radiance of any point in the scene is independent of the
radiance of any other point in the scene [54]. Thus, scenes with transparency would not
be reconstructable using such a photo-consistency check. However, a wide class of param-
eterized radiance models are valid. An important special case is the Lambertian model,
which reflects light with equal intensity in all directions [39]. For this model, the photo-
consistency check simply measures the similarity of the colors in the projection of the
point (or voxel) into each photograph. If the colors are similar, the point (or voxel) is
photo-consistent. Otherwise, it is inconsistent. We will describe measures for computing
the similarity of colors across viewpoints in Section 3.1.

By taking advantage of these additional color constraints, the photo hull geometry is

often a tighter fit to the true scene geometry than the visual hull. That is,
True Scene C Photo Hull € Visual Hull

Figure 4 shows an example of the photo hull for a square shape photographed by four
cameras. This is the same shape that appears in Figure 3. We note that the photo hull can
contain concavities that are not possible to model with the visual hull.

The standard approach for computing a photo hull is space carving [32, 54, 100]. This
class of volumetric algorithms reconstructs the scene by removing (carving) voxels that are

not photo-consistent with the reference views. These approaches begin with a voxel space
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Photo hull

Figure 4: An example photo hull, taken from [54]. In this 2D example, a square shape is
photographed by four cameras. The photo hull is shown in gray. Note this shape is a tighter
fit than the visual hull shown in Figure 3.
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Figure 5: Four of 36 photographs of a cloth toy. This data set is provided courtesy of Tom
Malzbender and Bruce Culbertson.

composed of opaque voxels, Voxels that are visible to the cameras are tested for photo-
consistency. The inconsistent voxels are carved (made transparent), which changes the
visibility of other voxels in voxel space. The algorithm continues to iterate until all visible
voxels are photo-consistent. When these remaining photo-consistent voxels are assigned
the colors they project to in the photographs, they form a model that closely resembles the
scene. We will describe two of these approaches [54, 100] in more detail in Chapter 3.

An example of a scene reconstructed using the algorithm from [100] is provided in
Figures 5 and 6. This reconstruction was computed of a cloth toy using 36 photographs,
four of which are shown in Figure 5. After reconstructing the scene, the 3D model was
rendered to a synthetic viewpoint. The new synthesized view is shown in Figure 6 (a),
along with the corresponding depth map (b).

Space carving approaches are very powerful, and have captured the interest of many re-

searchers who have proposed extensions to or reformulations of the basic approach. Prock
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(a) (b)

Figure 6: Reconstruction of a cloth toy using a space carving algorithm. We show a new
synthesized view (a) and the corresponding depth map (b).
and Dyer [91] present a multi-resolution approach as well as hardware implementations
for improved efficiency. De Bonet and Viola [11] address the problem of reconstructing
scenes that have opacity. Researchers have performed space carving using intrinsically
calibrated [33] and weakly calibrated [63, 95] cameras. Vedula et al. [126] link two time-
consecutive voxel spaces together for reconstructing shape and motion of time-varying
scenes. Space carving was recast in a probabilistic framework by Broadhurst et al. [12].
Carceroni and Kutulakos [15] propose a surfel-based approach for reconstructing time-
varying scenes with various reflectances.

Indeed, the goal of this thesis is to introduce novel approaches that improve upon the

quality, efficiency, and applicability of these space carving methods.
2.5.3 Level set methods

Another class of volumetric reconstruction algorithms is those that employ level set meth-
ods [83, 102]. Level set theory was originally developed to model the evolution of propa-
gating interfaces, but has since been applied to a wide array of problems.

For 3D surface evolution, these methods usually embed a surface as the zero-level set
of a volumetric function. This function is sampled on a discrete 3D lattice, forming a voxel

space. The surface moves along its surface normal, subject to intrinsic, data-driven, and
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independent forces. Level set theory provides an accurate and stable numerical scheme
that solves the partial differential equations (PDEs) that characterize the motion for the
surface. Topological changes are naturally accommodated in this framework.

Faugeras and Kertven [34] present a level set algorithm for 3D scene reconstruction.
Their method begins with an initial surface that encompasses the scene being reconstructed.
The surface then flows inward, with a speed on the surface proportional to the mismatch of
textures determined by projecting a small patch on the surface into the reference views. The
surface slows at regions that match, yielding a reconstruction that models the 3D scene. A
polygonal surface representing the zero-level set can be extracted from the volume using
the marching cubes algorithm [62]. This technique was extended by Colosimo [24] et al.
to support multi-resolution reconstruction.

Yezzi and Soatto [130] introduce a stereoscopic segmentation approach designed for
radiance functions with smooth statistics. Their region-based method simultaneously seg-
ments the N photographs by evolving a 3D surface using level set methods. They demon-
strate that their approach is resistant to errors in camera calibration and allows for a bi-
directional flow. In a later paper, this work is extended to address scenes with speculari-

ties [52].

2.6 Summary

This chapter reviewed new view synthesis techniques. The goal of these methods is to gen-
erate photo-realistic synthetic views given a collection of photographs taken of a scene. We
presented image-based rendering as well as image-based modeling methods. Image-based
rendering algorithms typically warp or resample the photographs to generate new views.
Image-based modeling approaches first reconstruct a 3D model of the scene geometry, and
then render the model to produce new views of the scene.

While there has been much work on the problem of new view synthesis, the problem

has yet to be fully solved. In this thesis, we introduce methods that extend the state of the
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art in volumetric image-based modeling methods. Volumetric ipproaches have sgnificant
advantages over competing methods.

Comparing to image-based rendering methods, volumetric scene reconstruction ap-
proaches compute a 3D modd of the scene. A 3D mode is amore complete representation
that has wider application than smply new view synthesis. Reconstructed 3D models have
been used in robot navigation, reverse engineering [26], object recognition [7, 77], motion
capture [104], mode building [27, 126], teleconferencing, and more. Furthermore, this 3D
representation is often much more compact than light fiedd approaches, which rely on a
dense sampling of the plenoptic function.

Multi-view stereo matching and structure from motion methods can achieve good qual-
ity reconstructions. However, volumetric approaches like space carving have a key ad-
vantage in that they explicitly modd visbility when matching colors across viewpoints.
Reasoning about occluson given two or more views of ascene is difficult in the 2D space
of the images, but is rdatively smple in 3D world space. Related to this, in volumetric
approaches, the cameras can be separated by larger baselines without degrading accuracy
or runtime. Another advantage is that volumetric approaches inherently integrate anumber
of reference viewsto yield adense reconstruction. However, in multi-view stereo matching
and structure from motion methods, formation of a coherent 3D model from triangulated
correspondences is an additiona step that is error-prone.

For these reasons, we argue that volumetric approaches are well suited for reconstruct-
ing 3D models of scenes for new view synthesis. The remaining chapters of this thess
present methods that extend the state of the art in volumetric scene reconstruction. Wein-
troduce techniques that improve the quality, applicability, and efficiency of existing meth-
ods. The next chapter presents avolumetric reconstruction algorithm that generalizes vis-

bility to support arbitrary camera placement while using the full visibility of the scene.
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