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Image-based models are geometric models created from phgt@phs and textured with
the photographs for realistic rendering. In recent years, i has become increasingly easy to
capture many photographs of an object and use computer visio techniques to model the
object with image-based geometry. However, it can be di cult to display and interact with
these models in a manner that reproduces the visual delity @ the original photographs. It
is even more di cult to support the interactive manipulatio n and editing that one might
expect from other types of geometric models.

The overarching goal of this thesis is to create a frameworkdr building, visualizing,
and editing image-based models. Toward this goal, | rst desribe the related literature and
outline the associated research challenges related to geefnic representation, navigation,
creation, and editing of image-based geometry.

One of the challenges in visualizing image-based geometrg discovering camera view-
points and navigation paths that are both visually pleasing and enable story telling. To
address this challenge, | describe a GPU-accelerated, imaghased rendering algorithm that
enables the creation of such visualizations in the form of aaera paths and cinematic e ects
commonly used by cinematographers. In order to avoid objeddnable rendering artifacts

such as occlusion holes, the fast rendering algorithm is udeo quickly sample the parame-



ter space of camera viewpoints and de ne a viable region of caera parameters. This region
is subsequently used to constrain an optimization for a cam& path that maximizes par-
allax and conforms to cinematic conventions. This renderilg algorithm also allows users to
create more complex camera paths interactively, while expgmenting with e ects such as
focal length, depth of eld, and selective, depth-based desturation or brightening.

A greater challenge is editing image-based geometry. To mevimage-based models away
from the limitations of view-only geometry to the broader class of editable geometry, | de-
scribe a new approach for creating and visualizing editablénage-based architectural models
in a photorealistic manner. Using this approach, | present a interactive system that en-
ables modeling, and remodeling of image-based geometry imé context of home interior
architecture. This system supports creation of concise, pameterized, and constrained ge-
ometry, as well as remodeling directly from within the photographs. Real-time texturing
of modi ed geometry is made possible by precomputing view-dpendent textures for all of
the faces that are potentially visible to each original camea viewpoint, blending multiple
viewpoints and hole- lling where necessary. The resultingtextures are stored and accessed
e ciently, enabling intuitive, real-time, realistic visu alization, modeling, and editing of the
building interior.

Finally, | demonstrate how the image-based remodeling sysim enables lighting e ects.
Using a combination of the texture created in the image-baseé remodeling system and
radiosity form-factor calculations, we estimate the irradiance at any location in the model.
We can utilize this irradiance estimate to further re ne lig ht source estimates, and calculate
surface re ectance properties. Given the additional estinates, edited models can be re-
rendered to re ect lighting changes due to edited geometrychanging light properties, and

the addition of synthetic objects.
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GLOSSARY

ALBEDO: the ratio of diusely re ected energy (light, shortwave rad iation) from the

surface to incident energy upon it. See equation A.9 for a mar formal de nition.

HIGH DYNAMIC RANGE IMAGING (HDRI OR HDR): a set of methods used in imaging and
photography used to produce images with greater luminance alue dynamic range
(and luminance resolution) than standard photographic mehods. HDR images can

accurately the range of luminance values found in real scese

IMAGE-BASED RENDERING (IBR):  a collection of techniques and representations used to
visualize 3D scenes and objects in a realistic way without fili3D model reconstruction.

IBR uses images as the primary substrate.

LAMBERTIAN: A Lambertian surface that is assumed to be a di use re ector and uni-
formly re ects light with no directional dependence for the viewer, e.g., a matte, a
very surface such as cardboard. This is in contrast to a spedar surface that behaves

more like a mirror and re ects light only along speci ¢ directions.

LIGHT FIELD OR LUMIGRAPH:  a 4D subset of the plenoptic function. The light eld is
typically parameterized using the intersections of rays wih two planes. A common

setup consists of a parallel camera plane and focal plane.

LIGHT PROBE: an omnidirectional, high dynamic range image that records he incident

illumination conditions at a particular point in space.

MULTI-VIEW STEREO (MVS):  a method of recovering 3D positional information of match-

ing features in image sequences sets for which camera paraieies and poses are known



[51].

PHOTOGRAMMETRY: the practice of determining the geometric properties of obgcts

from photographic images.

PLENOPTIC FUNCTION:  Agarwala [2] describes the plenoptic function as follows:

Light can be modeled as rays that travel through three-dimersional space
without interfering with each other. Imagine a parameterized function of all
the rays of light that exist throughout three-dimensional space and time,
which describes the entire visual world and contains enouglinformation to
create any possible photograph or video ever taken. Adelsoand Bergen [1]
showed that this function, which they call the plenoptic function, can be
parameterized by seven parameters: a three-dimensional ¢ation in space
(Vx;Vy; V2, time (t), the wavelength of the light ( ), and the direction of
the light entering the location (parameterized by sphericd coordinates , ' ).
Given these seven parameters, the plenoptic function returs the intensity
of light (radiance). Thus, the plenoptic function provides a more precise

notion of the visual world surrounding us that we wish to depict.

STRUCTURE FROM MOTION (SfM):  a method of recovering camera parameters, pose es-

timates, and sparse 3D scene geometry from matching featusein image sets [51].
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Chapter 1
INTRODUCTION

Photographs and geometric models are powerful ways to visdlg communicate details
of physical objects. Not only do photographs exhibit great cetail, but they are also easy to
capture, as well as easily shared, and edited. In contrast, gpmetric models are somewhat
more di cult to create and display than photographs. However, some geometric models are
con gured to depict information about the object, by varyin g viewpoints and displaying
intrinsic dimensions, that are not obvious in a photograph. Because geometric models are
often manually created, they are typically designed to havethe a ordances for easy editing
and manipulation.

Image-based modelsire geometric models that are created from photographs and se
the texture from the photographs for realistic rendering. This synthesis of photography and
geometry allows one to create photorealistic virtual envionments from a few photographs.

Consider a home interior; a few well
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Figure 1.1: Photographs on a real estate website

for removing clutter such as furniture. [102]. While the photographs convey information

Purely geometric representations of an apout a particular room and its furnishings, they

fail to provide an overall sense of the home.



object often provide a more informative view of the object than a photograph. In the case
of a home interior, basic features, such as the oor plan, areexplicitly de ned. The model
may be rendered from any viewpoint in a stylized manner. Optonally, geometric models
may be rendered with occluders (such as ceilings or obstruicty walls) selectively removed
or made transparent to reveal important details behind the accluders (as in Figure 2.1). On
the other hand, stylized rendering has its disadvantages. & example, stylized renderings
usually lack su cient geometric detail to produce realisti c looking renderings. While it is
certainly possible to create photorealistic renderings ofin object or home interior, doing so
typically requires a professional modeler with considerale skill.

Image-based models are geometric models created from phgt@phs and textured with
the photographs for realistic rendering. Image-based mods have the potential to combine
the advantages of both photographs and traditional geomety. Creating image-based models
is fairly easy, and in some cases, can be fully automated uginsimple hardware such as a
mobile phone [6]. When viewed, image-based models exhibibé detail of a photograph, even
when the underlying geometry is coarse and lacks ne detailDue to the depth imparted
by the geometry, transitioning between viewpoints resultsin motion parallax between near
and far parts of the scene. This motion parallax imparts addel realism to the scene. Neither
photographs nor geometry by themselves exhibit the level ofletail and realism found in
image-based geometry.

However, there are several problems with image-based modethat make it di cult to
use them to their fullest potential. In particular, and in co ntrast to well-designed traditional
geometric models, image-based models are di cult, if not inpossible, to edit. For example,
it is very di cult to change lighting, change object colors, insert synthetic objects, and even
perform basic editing operations, such as repositioning @ms within the model. Further, it
is di cult to edit view-dependent texture. Unlike traditio nal geometry, there is no native
mechanism to deal with occluded surfaces. If a surface is docled from a certain viewpoint
and a structure is removed, there is no mechanism to Il in texure for the newly revealed
surface. Unlike a single photograph, simple edits have to beropagated to all viewpoints.
Finally, as with photographs, there is no mechanism to re ed the shading changes or changes

in lighting that might occur during an edit. While having a be autiful image-based virtual



environment for viewing a home interior or other object is a desirable goal, it is generally
preferable to have the capability to edit the model.

In addition to the di culty with editing, image-based model s also present challenges to
visualization. Sparse image data can make rendering and ditay problematic. Aside from
the problem of discovering viewpoints that highlight inter esting features or providing useful
perspectives, it is often dicult to avoid transient viewpo ints that exhibit objectionable
artifacts produced during animation. Often the only visually pleasing viewpoints for an
image-based model are near a viewpoint of an original photagph. This problem reduces
functionality when navigating or nding a visual path withi n a model.

In their current state, image-based models are beautiful agations that clearly depict
the objects they model; however, they are severely limited ¥ the di culties involved with
viewing and even the most basic of editing operations.

The overarching goal of this thesis is to create a frameworkdr building, visualizing,
and editing image-based models. Toward this goal, in Chapte2 | describe the related
literature and outline the associated research challenge®lated to geometric representation,
navigation, creation, and editing of image-based geometry

One of the challenges in visualizing image-based geometrg discovering camera view-
points and navigation paths that are both visually pleasing and enable story telling. To
address this challenge, in Chapter 3 | describe a GPU-accelted, image-based render-
ing algorithm that enables the creation of such visualizatons in the form of camera paths
and cinematic e ects commonly used by cinematographers. lrorder to avoid objectionable
rendering artifacts such as occlusion holes, the fast rendi&g algorithm is used to quickly
sample the parameter space of camera viewpoints and de ne aiable region of camera
parameters.

This region is subsequently used to constrain an optimizatn for a camera path that
maximizes parallax and conforms to cinematic conventionsThis rendering algorithm also
allows users to create more complex camera paths interactaly, while experimenting with
e ects such as focal length, depth of eld, and selective, dpth-based desaturation or bright-
ening.

A greater challenge is editing image-based geometry. To mavimage-based models away



from the limitations of view-only geometry to the broader class of editable geometry, |
describe a new approach for creating and visualizing editdb image-based architectural
models in a photorealistic manner. Using this approach, | pesent in Chapter 4 an interactive
system that enables modeling, and remodeling of image-badegeometry in the context of

home interior architecture. This system supports creationof concise, parameterized, and
constrained geometry, as well as remodeling directly from whin the photographs. Real-

time texturing of modi ed geometry is made possible by preconputing view-dependent

textures for all of the faces that are potentially visible to each original camera viewpoint,
blending multiple viewpoints and hole- lling where necessry. The resulting textures are

stored and accessed e ciently, enabling intuitive, real-time, realistic visualization, modeling,

and editing of the building interior.

Finally in Chapter 5, | demonstrate how the image-based remdeling system enables
lighting e ects. Using a combination of the texture created in the image-based remodeling
system and radiosity form-factor calculations, we estimae the irradiance at any location in
the model. We can utilize this irradiance estimate to further re ne light source estimates, and
calculate surface re ectance properties. Given the additbnal estimates, edited models can
be re- rendered to re ect lighting changes due to edited geotry, changing light properties,
and the addition of synthetic objects.

| conclude in Chapter 6 and brie y outline some interesting projects for future work.



Chapter 2
RELATED WORK

There is a large body of literature related to image-based madeling and rendering. In this
chapter, I will highlight some of the related literature in t his area, primarily focusing on the
literature applicable to modeling architectural structur es from photographs. The literature
can be grouped into four broad categories: (1) creating imagrbased models; (2) rendering
and navigating through image-based models; (3) relightingand inserting synthetic objects
into image-based models, and (4) editing image-based modgel

The above task-driven grouping correlates approximately o the information that must
be gathered (through interaction, measurements, or other alculations) to complete each
task. Roughly speaking, such information includes (1) a gemetric representation of the
geometry's 3D shape, (2) surface materials, (3) the illumimation of the scene, and (4) images

(often acquired as photographs or rendered as images) of thecene.

2.1 Model Creation

2.1.1 Computer Aided Design

Traditional computer aided design (CAD) systems have a longhistory starting with Ivan
Sutherland's Sketchpad in the 1960s [116]. Since then, theobls for creating and editing ge-
ometry, particularly those for architectural and mechanical purposes, have become increas-
ingly sophisticated and functional. A geometric model is ofen comprised of constrained
primitives and functional entities (e.g., windows, walls, etc.) that can be easily modi ed.
This approach works well for creating an editable model, butis time consuming to cre-
ate. Further, geometric models created of existing buildigs include only information added
manually to the model. Therefore, such models lack importahinformation (such as texture,
lighting, or physical dimensions) that has not been added maually to the model.

There are many commercial and free CAD tools available to modl existing architectural



Figure 2.1: A simple layout modeled with Autodesk Homestyte Even with the aid of a detailed
architectural oor plan providing dimensions, this geometiic model took several hours of user time
to produce. Note how the stylized rendering makes it easy taagp the layout of the home. Some

Occluding walls are rendered transparently to reveal dethi

structures and visualize renovations. Often CAD software sipports features that are beyond
the scope of this thesis, but are required for manufacturingand the construction of real
buildings. Although important, features such as support fa compliance with building codes,
structural analysis, etc. are not considered here. The workn this thesis focuses primarily
on casual users, rapid prototyping, and easily constructiig and editing models.

Even with advanced user interaction, CAD modeling requiressigni cant expertise. Sim-
pler tools such as Autodesk's Homestyler [5] are targeted aton-experts and can be used to
author attractive, but highly-abstracted, oor plan rende rings. These tools do not support
the creation of photorealistic 3D models based on the origial environment. These systems
do not model the natural lighting or depict the clutter (e.g. furnishings) in existing struc-
tures. Thus the resulting visualizations are somewhat articial. Another obstacle to model
creation with CAD software is the lack of measurement data. t can be very tedious and
time consuming to accurately measure all of the objects andalationships between objects
one wishes to model.

In an e ort to increase realism and provide basic photogramnetry, Trimble (previously
Google) SketchUp [119] (Figure 2.2) allows interactive modling using photographs with

the \Photomatch" feature. This feature is designed to suppat modeling and visualization



by projecting textures onto an existing scene. However, Skehup does not provide a good
representation for remodeling once photographs are projéed onto a model. For example,
objects are split by occlusions during texture projection €.g., when a column interrupts
a view of a wall). Split polygons make subsequent editing extemely di cult. SketchUp

assumes a single, globally de ned texture mapping, which bleaves poorly from novel view-
points when using coarse proxy geometry (e.g., for plantsufrniture, and other clutter), and

when making edits to geometry. The photogrammetry tools cosist only of tracing over an

existing image, which is a not suitable replacement for actal measurements.

Figure 2.2: SketchUp. Left Image: a model with projected glmlly-de ned texture-mapping, which
behaves poorly from novel viewpoints when using coarse pyogeometry. The texture displays mis-
matched content, color mismatches and projective distortins. Right Image: Unconstrained subdivided

polygons make subsequent editing extremely di cult.

Analysis: Current geometry-based methods of modeling existing arclécture have several
drawbacks. First, the process is extremely labor-intensig, typically involving surveying the
site and digitizing architectural plans (if available). It is dicult to verify whether the
resulting model is accurate. Second, personalizing the madl takes even more e ort. It is
very di cult to create a detailed model that contains all of t he features of your own home.
Finally, the renderings of the resulting models are noticelly stylized; even those that employ
texture mapping or advanced global illumination techniques can't provide the real look and

feel of your house.

Summary: While there are de ciencies in displaying and creating CAD nodels, the pa-

rameterized, constrained editable models of Profession&@AD software, such as Autodesk's



Revit [7] inspire my proposed work, as do the many a ordancesdesigned to make model

creation easy and e cient.

2.1.2 Interactive image-based modeling

By starting with a collection of photographs, image-based nodeling techniques can create
photo-realistic virtual environments with much less e ort than traditional CAD programs.
This section describes the fundamental principles of creag geometry from photographs
with user interaction.

Debevec et al. [31] introduced two concepts that are fundameal to much of the work
in image-based modeling of existing architectural structues. With the Facade system, they
combined both geometry-based and image-based techniques treate models of architectural
structures from a few photographs. First, they used interative photogrammetric modeling
to help solve the stereo image correspondence problem. Due the poor performance of au-
tomatic image feature matching and correspondence algotitms at the time, they employed
user interaction to identify matching features between phdographs. They overlaid coarse
architectural models onto photographs and used features irthe geometry (user-supplied
correspondences) to calculate stereo correspondences Wween pairs of images. With this
correspondence, they further solved the structure from mabn problem to recover the 3D
locations of the geometric points, as well as the positions fothe original cameras, up to
an unknown scale factor. Once they obtained stereo image pai, they could use the coarse
geometry to further re ne features with model-based stereo They showed that projecting
pairs of images onto an initial approximate model allowed séreo techniques to robustly
recover accurate depth measurements from images with widglvarying viewpoints.

Secondly, they introduced view-dependent texture mappinga method of blending mul-
tiple views of a scene in a way that better simulates geometd detail while still using coarse
models. In essence, view-dependent texture mapping is a nteid of blending and interpo-
lating multiple texture maps, in this case original photographs of the architecture, to create
a better texture for a novel viewpoint.

Buehler et al.'s Unstructured lumigraph rendering [17] described a general approach to



image-based rendering that generalizes many image-basedmndering algorithms, including

light eld rendering [77, 48] and view-dependent texture maoping. In particular, the algo-

rithm allows for lumigraph-style rendering [77] from a set d input cameras in arbitrary

con gurations (i.e., not restricted to a plane or to any sped ¢ manifold). In the case of

regular and planar input camera positions, the algorithm reduces to a typical lumigraph

approach. When presented with fewer cameras and good apprirate geometry, the algo-
rithm behaves like view-dependent texture mapping. This paoer is particularly useful for my

work because it describes an objective function that deterrmes the best pixels to sample
in an assortment of photographs to reproduce a new texture fsm a novel viewpoint.

After the introduction of the Facade system, interactive a pproaches to 3D modeling from
photographs have continued to improve by using cues such asamishing points and to aid
in both camera calibration and geometry placement within the scene.

One of the initial challenges in creating models from imagess discovering the relation-
ship between the pixels in a photograph and the real-world gemetry. Once a camera's
projection matrix, including internal calibration (e.g., focal length), and the explicit rela-
tionship between the camera and the world is known, modelingpecomes a much simpler
task. Cipolla et al. [22] exploited parallelism and orthogmality present in indoor and outdoor
architectural scenes to calibrate cameras and recover therpjection matrices. Criminisi et
al. [26] further re ned recovering camera parameters from asingle image using vanishing
points and a vanishing line of a reference plane. Criminiss work enabled 3D modeling from
single images.

Automatically recovering 2D feature correspondences beteen images, camera poses,
and sparse 3D point clouds became practical with the advent foreliable image feature
matching (such as SIFT [81]) and dependable SfM algorithms guch as Snavely et al.'s
Bundler [114, 115, 112]). After this work, the primary challenge in onstructing geometry
became accurately placing geometry within the scene and ca¢ing image-based texture.

The VideoTrace system demonstrated by van den Hengel et al. [122] enablest@ractively
generating 3D models of objects from video. The user tracesgbygon boundaries over video
frames, and the traced boundaries (represented by 3D linesrccurves) are automatically

re ned in 2D by tting them to local, strong superpixel bound aries. The VideoTrace system
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repeatedly re-estimates the 3D model using other video frams. The VideoTrace system has
an advantage of extracting higher order primitives such as NURBS surfaces which are more
easily editable than unstructured polygons.

Sinha et al. [111] utilize vanishing points found in a sparseset of photographs to guide
geometry placement when modeling building exteriors. Theyextract lines and use them
to automatically estimate vanishing points in the scene. Inthis system, users interactively
sketch geometry over photographs, and vanishing points areised to constrain geometry
placement. Additionally, edges may be snapped to vanishingdines (detected by proximity)
to help provide more accuracy. In a departure from the approah used by the Fecade system,
this system creates a global 2D texture from the source photgraphs rather than using view-
dependent textures.

Arikan et al., in their O-Snap system [3], take a di erent approach to modeling building
exteriors by working directly on a point cloud created from M and MVS. They t planar
primitives to the point cloud. Then users interactively re ne the primitives. The key insight
of this system is that a polygon's placement is jointly optimized to \snap" to adjacent poly-
gons and t to the point cloud. This optimization-based snapping algorithm is interleaved
with user interaction, allowing the user to sketch modi cations with coarse and loose 2D
strokes.

In addition to making geometry easier to create by exploiting data priors, many tech-
niques increase automation by utilizing smarter geometrigrimitives to help automate repet-
itive tasks in the user interface. Of note are the following o systems.

El-Hakim et al. [37] exploit the repetitive nature of many architectural components by
providing a component \copy and paste" mechanism. They buil a project-speci c collection
of reusable highly detailed components such as windows, aghns and archways. The goal is
to create a component (such as a window) once, and reuse thermponent in other portions
of the model. They create a detailed component directly fromone example structure, and
copy and paste it onto a similar but un-modeled destination bcation. During the paste
operation, they automatically nd the transformations, su ch as scaling, between the original
component and the destination location to account for any skte or shape disparity between

the source and destination. In order to preserve visual deity, they use textures from the
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destination location.

Similarly, Nan et al. [87] in their SmartBoxes system interectively t solid architectural
building blocks to 3D point cloud data from LiDAR scans for large-scale urban recon-
struction. SmartBoxes assumes Manhattan world scenes [3%nd reconstructs facades with

repetitive axis-aligned structures.

Analysis: While all of the systems discussed above show how to interaieely create models,
none addresses the problem of authoring and rendering edithat depart from the original
structures being modeled. With the exception of Arikan's O-Snap system, VideoTrace, and
Debevic's Facade system, all of the systems focus on recamscting building exteriors or
objects as collections of disconnected slabs and polygon stees, which we know are di cult
to edit. In the case of Arikan, it is unclear if the point cloud clustering mechanism and
adjacency detection mechanism scales to the complexity ofigtitered home interiors. Video-
Trace focuses on creating models of individual solid objest(such as a car exterior), rather
than trying to reconstruct an entire structure with the comp lexity of a home interior, which
includes gaps (or voids), and occlusions. Fecade createshaerarchical system of constrained
primitives termed \blocks" that are useful for determining the stereo correspondences. They
didn't discuss if the the system would be useful for subsequrtly editing geometry. The sys-
tems that exploit repetition in structure (such as SmartBoxes) focus on large features that

don't necessarily exist in home interiors.

Summary: There are many interactive tools and techniques available ¢ aid in building
image-based models. Creating geometry for highly detaile@image-based models using such
tools certainly can be improved, but care must be taken so thathe nal output can be
edited. Rather than trying to x un-editable geometry, the o bvious approach is to create

well-formed editable geometry from the ground up.

2.1.3 Automatic image-based modeling

Automatically constructing image-based models is an actie area of research. Systems for
automatically creating models range from using simple plaes as geometric proxies for ren-

dering novel viewpoints (Photo Tourism [114]), to dense MV Sreconstruction of point clouds
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and meshes. This section will rst summarize the work on creting geometry using SfM and
MVS, then discuss alternatives that use higher level geomeic representation and domain
knowledge to better construct models.

Pollefeys et al. [98] describe a fundamental approach to 3Deconstruction from pho-
tographs. Starting with photographs taken with a hand held camera, the system uses SfM
to automatically calibrate camera parameters and nd cameta poses. Then MVS is used
to obtain a dense point cloud of the surface geometry. From tfs point cloud, they created
both traditional and image-based geometry with view-depemlent texture. More speci cally,
they created two di erent types of meshes: simple 2.5D mestsefrom single viewpoint depth
maps, and full 3D meshes. They used a depth map created via MV® construct a regular
mesh by triangulating the depths, while avoiding regions wih large disparities and unknown
depths. This approach creates multiple surface patches. lorder to create a single surface
representation, they implemented the method of Curless and_evoy [29] to obtain an im-
plicit representation of the surface, followed by the marcting cubes algorithm to obtain an
explicit mesh representation [80], and nally mesh simpli cation.

This basic approach has been augmented using additional heware and clutter removal.
Cornelis et al. [25] used a video camera stereo pair reconsittion framework to model urban
environments such as cities. In addition to the second camer, they integrated an object
recognition module that automatically detected cars in theinput video streams and localized
them in 3D. Once located, the cars could be removed from the tdures and excluded from
MVS reconstruction. The car recognition helped reduce cluter, and build more robust
models. The occluded surfaces revealed by the cars were rapéd by generic car models
which helped reduce visible artifacts.

Furukawa and Ponce [41] create a (quasi) dense set of rectanigr patches from a set of
input images. Their method creates patches covering the stiaces visible in the input images,
they subsequently create a mesh representation for their staces. To ease gathering of image
data, Goesele et al. [46] run SfM on community photos to crea sparse 3D points. Their
method iteratively grows surfaces from these points. Theirgoal is to create high quality
models, which necessitated estimating high-quality depthmaps. They also show examples

of merging the resulting depth maps.



13

Figure 2.3: Image-based geometry of the house depicted indtire 2.1 generated via Furukawa et
al.[39]. This model provides a photo-realistic visualizeibn of home interior, but is di cult to edit

due to its structural representation and lack of texture in @cluded regions.

Furukawa et al. [39, 40] improved automatic reconstructionby using a Manhattan-world
assumption (scenes consisting predominantly of piece-wasplanar surfaces with dominant
directions) to help constrain the reconstruction problem. Their system is a fully automated
3D reconstruction and visualization system for architectual scenes (interiors and exteriors).
The nal output produces simpli ed 3D models with texture.

Using a priori knowledge about scenes such as home interiors also aides @tonstruction.
Hedau et al. [53] t a cuboid to the spatial layout of a clutter ed indoor scene using a single
image. They model the global room space with a parametric 3D wboid, by iteratively
localizing clutter and re tting the model. They introduce a structured learning algorithm
that chooses a set of parameters to minimize error based onajpal perspective cues.

In another approach that leverages the physical constrainthat 3D objects interact with
each other, Lee et al. [74] proposed the use of volumetric reaning between objects and
surfaces of a room. They parametrically represented the 3D alume of objects and rooms,
and applied constraints for volumetric reasoning, such asgatial exclusion and containment.
They used line segments and vanishing points of a single imagto create a set of possible
cuboids that could be used to model the room. Using simple veimetric constraints such
as nite volume, spatial exclusion, and the fact that all the objects are bounded in the
space by the room, they searched for a cuboid con guration tlat best models the room.
Although this work is promising, it has a high error rate and only attempts to t a few

cuboid primitives.
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Xiao et al. [126] present a 3D reconstruction and visualizabn system to automatically
produce clean and vertically-aligned cuboid texture-mapgd 3D models for large indoor
scenes, from ground-level photographs and 3D laser scanshd& key component is an algo-
rithm called \Inverse CSG" for reconstructing a scene in a Castructive Solid Geometry
(CSG) representation consisting of volumetric primitives.

There have been e orts to model architectural structure using higher level primitives
such as parameterized shapes, and generative grammars. 8&emethods have the potential
to be much more useful for editing due to their structural representation.

In an e ort to create models from parameterized reusable comonents, Dick et al. [33]
reconstruct whole buildings by optimizing a generative moekl of architectural primitives.
They describe an approach to automatically acquire three dinensional architectural models
from short image sequences. They model a building as a set ofalls together with a \Lego"
kit of parameterized primitives, such as doors or windows. Tiey use a Bayesian framework
to create the generative model.

Procedural representations provide powerful means for gerating complex archetectural
structures [69, 79, 117], however it is di cult to model existing structures with such tools.
Muller et al. [86] use procedural shape grammars to reconstict building facades composed
of regular, repeating structures. Their ideal input imagelty consists of downtown facades
with repetitive tiles. The input is a single recti ed facad e image. From this image, they nd
the dimensions, ratios and spacing of architectural elemds automatically. They automat-
ically derive shape grammar rules from faecade images and bld a rule base for procedural

modeling.

Analysis: Although some parameterized and procedural methods are gaing traction,
most automatic construction techniques produce either pait clouds or unstructured meshes;
such models are su cient for rendering but not editing, since they lack architectural primi-
tives that can be selected and manipulated. The meshes alsadk the connectivity, structural
representations, and constraints of easy-to-edit modelsThe problem of \bad geometry" is
widespread through the modeling community; most tools havehelp pages devoted to walking

users through the problem. There is some hope that mesh repaj65] and parameterization
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[58] techniques can transform these automatically createsneshes into editable structures.
However, the fundamental problem remains: the best t meshe are akin to a shrink wrapped
cover enclosing the structure. There is no distinction betveen structures such as a oor, and
the furniture that sits on top of it. Like most interactive te chniques, none of these systems
address the problems associated with authoring and rendemng edits that depart from the
original structures being modeled.

The degree of usable repetition in a home interior remains awpen question. The amount
of variability in home interiors might severely limit the ap plicability of Dick's generative
models or shape grammars. Shape grammars might be useful ipeci c instances such as
tiled oors or wall paper patterns, but it is unclear how to ad apt a 2D shape grammar to

view-dependent textures.

Summary: Automatic methods have been shown to create reasonably accate geometry
for image-based models with little user input. The automatic methods that produce higher
level primitives hold promise for quickly creating editable models due to their underlying
geometric representation. No matter how good an automatic rethod becomes, | believe
there will always be errors that a human will need to x throug h interaction. When these
automatic techniques become robust enough for general usthey should be very useful for
creating editable models. The e orts designed to produce rausable components (such as
shape grammars) have potential to save user e ort in modelig and subsequently editing

highly repetitive patterns.

2.1.4 Automatic model creation with additional hardware s@&sors

Automatically constructing models can be assisted using aditional hardware and active
depth sensing. One such system is exempli ed by Bahmutov etla[8] which used theModel-
Camera system that employs a structured light pattern to acquire sparse depth and texture
data at interactive rates. This data was further combined to form a texture-mapped triangle
mesh of building interiors.

With the emergence of widely-available commodity sensordhiat incorporate both a depth

sensor and an RGB color camera, utilizing these sensors to ptaure dense depth maps and
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to quickly create geometric models has become another activarea of research. The sensors
often utilize either structured light or use time-of-ight sensors to provide a depth map
to the user via a standard programming interface. Combinatbn hardware comprising of
both color cameras and depth sensors, RGB-D sensors, typilta provide output of both
color video and synchronized calibrated depth data at 15 to 8 fps. The color video stream
is usually lower quality than one would expect from a video canera. RGB-D sensors are
widely available and easily accessible for a range of cons@mnand industrial applications as
evidenced by the large number of RGBD camera brands such as: iBrosoft Kinect?, Intel?,
Apple3, SoftKinetic DepthSensé, and industrial sensors such as the Mesa Imaging Swiss
Ranger to name a few.

Using commodity3 hardware, Henry et al. [55] built a system to reconstruct bulding
interiors. They approached the problem using a surfel reprgentation [96] rather than re-
taining a point cloud as the nal representation. The resulting model is highly accurate,
however they do not generate a polygon mesh or retain the RGBmage data that could be
used as texture. In a related system, Du et al.[34] built an iteractive mobile system for 3D
mapping and modeling. Their system also builds highly accuate point cloud models.

Newcombe et al.'s [88] KinectFusion system and subsequentofk by Salas-Moreno et
al.[104] 3D Simultaneous Localization and Mapping, SLAM, ses commodity RGB-D sensors
to create accurate polygonal representations of interior svironments. The KinectFusion and
SLAM++ are interactive and also enable predictions of accurate camera model tracking at
each live frame, thus providing both accurate geometric modls and realtime RGB-D sensor
position and direction. The intent of the system is to enable augmented reality systems
that allows virtual geometry to interact with the geometry m odeled in the system. The
interaction is rendered over the RGB-D sensor's video strem, typically using the modeled

geometry for physics simulations and occlusion culling. Tkir goal is not to render high

Lhttp://www.microsoft.com/en-us/kinectforwindowsdev/default.aspx
Zhttp://software.intel.com/en-us/vcsource/tools/perceptual-computing-sdk
Primesense, purchased by Applehttp://www.primesense.com
“http://www.softkinetic.com

Shttp://www.mesa-imaging.ch
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quality image-based models. Unlike Henry et al.'s and Du et B's work, the KinectFusion
system creates polygonal models rather than surfels and puat clouds, however this work
still discards the image data after scene reconstruction beause it is unnecessary for their

application.

Summary: In many respects the system that utilize the depth sensors clsely resemble
the automatic methods described in Section 2.1.3. Notableystems such as KinectFusion
produce compelling geometric models very quickly. Unfortmately depth camera based meth-
ods lack visual delity due to the low resolution camera imagery, and like other automatic

methods, the resulting geometric models are not generallywstable for editing. Systems like

KinectFusion hold great potential if combined with high quality imagery because the de-
tailed geometry could be used to quickly create a highly detded geometric representation
with high quality texture. The problem remains of creating well-formed editable geometry
with this approach. | do not address the problem of creating vell-formed editable geometry
from the dense geometric output of the RGB-D sensor aided appaches, however the geo-
metric techniques and lessons learned outlined in Chapter éhforms future work as to how

to create such a system.
2.2 Rendering and Navigation

2.2.1 Rendering and Navigation

Successfully navigating through an image-based model is ai dult task unless one is fa-

miliar with the model, and has experience identifying the best transitions and viewpoints.
Discovery of model structure and visually pleasing transitons is often a matter of trial
and error. Automatically planning a path through the most in teresting objects and view-
points, revealing structural layout, and animating between viewpoints with compelling 3D
transitions that convey the spatial relationships betweenviews can be a di cult problem.

Following the success of Photo tourism [114] and Photosyntli84], there has been some

research into how to best navigate image based models. Sndyest al. [113] in Finding Paths
through the Worlds Photosshow that viewpoints often cluster along certain paths in a hrge

set of community or personal photos. These paths are largelgpeci ¢ to the scene being
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photographed, and follow interesting regions and viewpoits. They use this trend to discover
a range of such paths and turn them into controls for image-baed rendering, automatically
creating controls for orbits, panoramas, canonical viewsand optimal paths between views
for the image set.

Photo Tours [71] further re nes this idea and automatically creates curated paths. This
system automatically creates tours of popular tourist desinations from geotagged user-
contributed photos obtained from the Internet. These photo tours visualize each site's most
popular viewpoints on a tour that maximizes visual quality and traversal e ciency. The
path planning problem is framed as a form of the Traveling Satsman Problem on a graph
with photos as nodes and transition costs on edges and pairg edges, permitting an e cient

solution even for large graphs containing thousands of phats.

Analysis: In the context of a home interior, the idea that viewpoints cluster around inter-
esting features is not valid. There are salient viewpoints i the relatively sparse number of
photographs, but data capture is more concerned with sceneaverage than with taking in-
teresting photographs. Thus, we cannot draw saliency conakions from viewpoint frequency.
Therefore, the issue remains of nding salient photos and \@wpoints in home interiors. Nei-
ther Snavely et al. or Kushal et al. explicitly address how a bur might explain architectural
structure or layout. Any pathway that conveys the underlyin g architectural structure seems
to be a result of the source image sampling rather than intenibnally choosing a path that
displays the architectural structure.

It would be interesting to augment Kushal's Photo Tours work with user input in order
to leverage the user's expertise and knowledge of the scenEhis is especially important in

the case of curating tours of home interiors.

Summary: Navigating large image-based models consisting of thousds of photos is a
challenging problem, especially in terms of discovering ireresting viewpoints and salient
features. There are outstanding problems in automatically nding tours of home interiors

that convey layout and display salient viewpoints. The work outlined in Chapter 3 begins
to address some of the issues with nding navigation paths tlat are both visually pleasing

and enable story telling. While the work does not explicitly address home interiors, it would
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be interesting to extend the themes presented to address tkiproblem.
2.3 Relighting and Synthetic Objects

There are several levels to editing an image-based model arslibsequently rendering the
model in a photorealistic manner. At the most basic level, ae edits that change the illumi-
nation or material properties of objects in the model. At anather level there are edits that
insert synthetic novel elements into the model. At a nal level, there are edits that rear-
range, remove, or replicate the elements of the model itselEach level of editing presents
its own unique challenges and problems.

In this section, | will discuss the di erent approaches and work related to editing image-
based models. | do not go into the details related to modifyig the geometric primitives
underlying objects, but instead discuss the topics relatedo changing the appearance of an

image-base object in a photorealistic manner.

2.3.1 Inverse global illumination

One of the most fundamental manners in which to edit an objectis to re-render the ob-
ject with di erent lighting or material properties. The goa | of inverse global illumination

(sometimes referred to as inverse rendering) is to recovethe material properties of the
image-based geometry given accurate geometry, photograph(which are observations of
how the geometry looks under illumination), and illuminati on. However, with image-based
geometry, we have only geometry with varying degrees of acecacy and photographs. We
do not have illumination information unless it is speci cally captured.

Yu et al. [128] demonstrate that inverse global illumination can recover both di use and
specular material properties of a single room. The limitatons of this approach are that the
source photographs must be photometrically calibrated (ie., taken under calibrated lighting
conditions); the room must be well modeled with well de ned light sources; and regions with
the same material properties must be delineated. Within eals region of the same material
properties, Yu et al. assume that specular re ectance remais constant while the di use

re ectances can vary and produce an albedo map.
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Going into more detail, Yu et al. minimize the following objective function for each

material property M and surface pointsP;:
. X d
argmin Li —I sK(; ) (2.1)
disijmm

where L; is an observation, | is the irradiance at the observation calculated from known
light sources, —dli is the diuse term, and <K (; ) is a specular lighting term. Yu et
al. used the Ward [124] shading model de ned in A.12.

To recover a di use albedo map (i) for the material over the span of a geometric face,
rather than a single di use component for the entire material, Yu et al. use the following

relationship:

a(i)= D (i)=I(i) (2.23)
1(i))= D(i)+ S(i) (2.2b)

where D (i) is a di use radiance map, S(i) is a specular radiance map computed from the
recovered specular lighting term, andl (i) is the irradiance map. Yu et al. also noted that

this approach has several problems, namely that(i) may be much larger than the di use

component D (i). As a result, relatively small errors in the estimated S(i) will cause large
relative errors in D (i) and thus 4(i).

Since the initial inverse global illumination work, there have been a series of e orts de-
signed to characterize viable solutions, and relax the corgints of the problem to nd more
generally applicable solutions. Ramamoorthi and Hanrahan[100] introduced a mathemat-
ical framework for inverse rendering under general illumimtion conditions. They describe
the problem in terms of a signal-processing framework that dscribes the re ected light
eld as a convolution of the lighting and BRDF, and inverse rendering as a deconvolution.
Assuming homogeneous surfaces with no self shadowing, theyve an algorithm to factor
the re ected light eld of a scene captured under unknown illumination into the re ectance
and illumination components. They also provide a theoreti@l framework that predicts un-
der which conditions this can be achieved and how the recovable detail of the re ectance

functions is determined by the frequency content of the inailent illumination.
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Given known scene geometry and constant specular re ectargcover the surface, Nishino et
al. [93, 92] use a sparse set of images to separate the di usmin the specular re ectance
of an object captured under a single point light source with a xed but unknown position.
Given the object's geometry, they then compute an initial esimate for the illumination
and determine both the illumination and the parameters of a smpli ed Torrance-Sparrow
model. Both of these methods assume known scene geometry amodnstant specular re-
ectance over the surface. They estimate the di use componat by taking the minimum
pixel value of a 3D point value under all views. This might be avalid di use estimate for
a single light source with no inter-re ection, but it is at be st an upper bounds estimate in
the general case.

Georghiades [44], with somewhat di erent constraints, futher relaxes the input by es-
timating geometry, a single point light source, in addition to the spatially varying di use
re ectance, and the parameters of a single non-Lambertian & ectance model from a sparse
set of images with xed viewpoint. In this system, they estimate the shape of an object
(faces and spheres), and a single re ectance model with a cetant specular term and vary-
ing albedo over the surface of the face by varying the light serce. They simultaneously solve
for light positions, a single global specular component, at per pixel surface normals and
di use re ections. In this case, the specularity is useful because it disambiguates a problem
with Lambertian surfaces and unknown light sources termed he Generalized Bas-Relief[11].

Habor et al. [49] reduce the dependency on perfect knowledgef light sources, and
well segmented material properties, with an approach for reovering the re ectance of a
static scene given highly accurate geometry from a colleabn of images taken under distant,
unknown, and varying illumination. They simultaneously estimate the per-image incident
illumination and the per-surface point re ectance. The wavelet framework allows for incor-
porating various non-Lambertian re ection models, but neglects inter-re ection. Combined
with an accurate MVS reconstruction, they are able to recove the re ectance of a scene by

restricting the space of BRDFs to linear combinations of basgs BRDFs.

Analysis: Inverse global illumination, often termed inverse renderng, demonstrates that

given enough information about the model, and some assumgihs, it is possible to deduce
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material properties without extensive measurement [83] oispecialized analytical apparatus
such as a goniore ectometer. In limited cases it is possiblewith accurate models, to si-
multaneously estimate both a small nite number of light sources and restricted material

properties.

Summary: With highly accurate geometric models, inverse global illumination methods
are capable of determining both light source estimates for idtant illumination and estimates
of non-Lambertian BRDFs. The main limitation of these methods is that they require very
accurate geometric models. The e ects of local shadowing ahinter-re ection are large for
architectural interiors and can probably not be ignored. While Yu et al. [128] does handle
local shadowing and inter-re ections, it also demonstrates the necessity to explicitly model

material property boundaries and light sources.

2.3.2 Intrinsic Images

Intrinsic images are a convenient image representation wire a pixel's color is de ned as
the product of intrinsic characteristics of an image such asre ectance and illumination.
Although more complex than a typical RGB representation, intrinsic images are useful for
many operations especially when the material properties,sape, and lighting information of
the objects depicted in the image are unknown. Given that imge-based models might have
coarse geometry and inverse global illumination methods dicover material and/or lighting
under limited conditions, it is useful to consider intrinsic images.

There is a long history of decomposing photographs into intinsic images to discover
information about a scene, recolor, or relight the image of he scene. Typically the meth-
ods for decomposing images into intrinsic components are gunded in broad assumptions
[73, 13, 15] about the scene, namely shading variation is spally slow, re ection is Lamber-
tion, and albedo consists of piecewise constant patches witpotentially sharp boundaries.
Barrow and Tenenbaum [10] suggested separating images intotrinsic (veridical) character-
istics such as range, orientation, re ectance, and incidenlight. Commonly, intrinsic image
decomposition is concerned with separating images into ilimination and albedo compo-

nents. Recent work further separates images into three comgnents, direct illumination,
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indirect illumination, and albedo.

User-guided intrinsic image decomposition, such as the mabd demonstrated by Bousseau et
al. [14] can be very useful for complex textures. Bousseau @l. obtain intrinsic images from
photographs with a user guided optimization approach. In oder to solve the problem of
decomposing an image into a product of di use re ectance andillumination, they restrict
re ectance values to a local color plane, and reduce illumiation to a scalar. They then
formulate the problem as a linear least squares system opeiag on overlapping windows.
Users can further constrain the problem by indicating regios of constant re ectance or
illumination. Due to the overlapping windows, these local onstraints propagate throughout
the image.

More recently, La ont et al. [72] estimated intrinsic image decomposition of calibrated
photographs from multiple views of an outdoor scene with impecise geometry created from
MVS reconstruction, and a single light probe. Due to the imprecise geometry and the use of
a single light probe, it is di cult to determine direct lumin ance at each 3D point in the scene
(i.e., whether the point lies in a shadow). To solve this prollem, they note that pixels with
the same re ectance trace similar paths in a re ectance spae parameterized by sun light.
By clustering the paths, they group pixels with similar re e ctances into an aggregate path.
A single material will form two disjoint but continuous path s if the material is partially in
shadow. By combining pairs of these disjoint paths to form catinuous curve, they create
a single curve that represents the re ectance under both indtect and direct sunlight. The
parametric position of a point along the curve indicates sutight visibility and re ectance.
Using this information, they then separate re ectance from illumination, and decompose
the illumination into sun, sky and an indirect layer.

Many intrinsic image applications rely on a pure di use re e ction model, despite the fact
that specular re ection is common in real world materials. It is important to be able to detect
and possibly remove specular components. Artusi et al. [4]Jlvey methods of specularity
removal. In short, Artusi states that currently available m ethods are able to achieve good
component separation results, but are limited by the conditons of their applicability. In
particular, most of the techniques rely on a speci ¢ re ection model and assume that the

specular re ectance varies insigni cantly with wavelength, which means that its color is



24

essentially the same as that of the light source. Together wvifh noise sensitivity, this limitation

reduces the range of applications where the current methodsan be used.

Analysis: Laont assumes a Lambertion re ection model and a sparse setof materials
properties. This work is particularly relevant for image-based models in that it might help
recover di use material properties. It is di cult to determ ine how well this method will

work with a scene having many material properties (e.g., higly variable texture).

Summary: The inverse global illumination problem is di cult to solve with the incomplete
information typically acquired with image-based models. Estimating intrinsic images can
help approximate missing lighting information and material properties where Lambertian
assumptions hold. In general, you cannot relight from intrinsic images, since the illumination
component is the combination of both geometric shading andricident light, both of which

remain unknown.

2.3.3 Image-based relighting

Image-based relighting sometimes refers to interpolatioomethods used to simulate di erent
lighting conditions in a scene. The scene is captured underigrent lighting conditions,
and these captured images are termed \basis" images [91]. Nel lighting conditions can be
simulated by a linear combination of the basis images.

Choudhury et al. [21] survey image-based relighting techrmjues, and provides a classi-
cation of various approaches. The main advantage of imagdsased relighting is that the
rendering time is independent of scene complexity becausée rendering is actually a process
of manipulating image pixels, instead of simulating light transport. However, due to the lack
of input data, image-based lighting techniques are not appopriate for editing image-based

models captured under constant lighting conditions.

2.3.4 Synthetic objects

Another goal of editing images, and image-based models, i®tinsert novel geometric el-

ements into the scene. This dicult task requires that the ob jects be lit in a manner
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consistent with nearby surfaces, and that the interplay of ight between the objects and
their surroundings be properly simulated. Speci cally, the objects should cast shadows and
appear in re ections, as well as refract, focus, and emit ligt just as natural objects would.
Debevec et al. [30] pioneered much of research in this area logeasuring the scene radiance
and global illumination to add synthetic objects to image-based models with appropriate
lighting. This method uses a high dynamic range image-basethodel of the scene to illumi-
nate the new objects. The illumination is separated into three components: the distant scene,
the local scene, and the synthetic objects. The distant scemis assumed to be photomet-
rically una ected by the objects, obviating the need for its re ectance model information.
They construct an image-based model from an approximate gaoetric model of the scene
and estimate Lambertian material properties via a simple itrative re nement. The syn-
thetic objects are able to cast shadows and re ect light ontothe model. Renderings are
created using a standard global illumination method by simdating the interaction of light
amongst the three components. A light probe is used to measerthe incident illumination at
the location of the synthetic objects, and to capture the illumination for the distant scene.
The resulting image is a composite of the original image andhe rendered synthetic object
including re ections and shadows.

Unger et al. [120, 121] extend the idea of capturing illumindon by using thousands
of light probes. They note that image-based lighting using a single light probe can only
represent an angular variation and assumes spatially invdant lighting. This means that a
single light probe can accurately approximate the illuminaion for small synthetic objects.
However, large objects or the entire scene require much deas sampling to fully repre-
sent the strong spatially varying illumination found in real scenes. Unger et al.'s goal is to
demonstrate photo-realistic rendering using standard tebniques by incorporating strongly
spatially variant illumination captured from real scenes into the rendering pipeline. They
present a dense volumetric real-time sampling of 3D sets ofhbusands of light probes to-
gether with e cient methods for data representations supporting data reduction, editing

and fast rendering.

INot to be confused with image-based relighting
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More recently, Karsch et al. [67] proposed a method of realtgally inserting synthetic
objects into existing photographs without requiring acces to the scene or any additional
scene measurements. With a single image and a small amount ahnotation, the method
creates a physical model of the scene that is suitable for rdiatically rendering synthetic
objects with diuse, specular, and even glowing materials vhile accounting for lighting
interactions between the objects and the scene. The inter¢img aspect to this work is that
it re nes illumination estimates using intrinsic image estimates, thus relaxing the need for
explicit re ectance properties. The intrinsic images are pressed as a sum of re ected direct
and indirect light.

B=SB=D+1I;|l = :B=D+

The original image B can be expressed as the product of albedo and shading S, as well
as the sum of re ected direct light D and re ected indirect light |. Indirect irradiance
is computed by gathering radiance values at each 3D patch ofgeometry. The gathered
radiance values are obtained by sampling observed pixel vaés from the original image. With
Lambertian assumptions, they developed an objective fundbn to decompose an image8
into albedo and direct light D.
Given the direct light D, they can re ne the illumination estimates with a non-linear
least squares model, where they nd the lighting parametersthat minimize the di erence

between between a rendered model and the original image.

Analysis: Much of the research devoted to inserting synthetic objectsnto a scene focusses
on solving the problem of nding illumination in the scene. While using a single light probe
is useful for detecting the illumination of a smaller object it is not su cient for discovering
the illumination of a home interior which exhibits spatiall y variant illumination. Denser
illumination sampling requires additional hardware, although some of the techniques used
for compressing light data might be interesting for storageand computation.

Karsch et al. nd illumination sources with su cient accura cy for inserting synthetic
objects into a scene. However their methods do not appear sucient to re-render existing
structures. Given the vastly greater amount of data availabde in image-based models com-

pared to a single image, it might be possible to adapt this appoach to more accurately
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estimate light sources in image-based models.

Summary: Given a reasonable estimate of an image-based model's lighy and material
properties, there are very good techniques available to rajht and insert synthetic objects
into a scene. Currently, the methods are not su cient for relighting or editing the model

itself.
2.4 Remodeling

The ultimate goal of editing image-based models is to re-aange and change elements in
the scene itself. This task is in some ways more di cult than inserting synthetic objects into
a scene. As a model is edited, dis-occluded texture is revea and must be re-constructed
or lled in seamlessly. As a model changes shape, these charsggshould be appropriately
propagated to its texture. In addition, interactive model editing requires an interaction
paradigm and a geometric representation that is appropriae to the task. The image-based

edits should cast shadows and appear in re ections, and emiight just as real objects would.

2.4.1 Plenoptic Image Editing

Early e orts to edit image-based models focused directly orpixel and voxel operations such
as painting. Seitz and Kutulakos [107] describe a class oftaractive image editing operations
termed plenoptic image editing. These operations are desigd to maintain photometric con-
sistency between multiple images of a physical 3D object. Té approach works by extending
operations such as image painting, scissoring, and morphgnso that they alter an object's
plenoptic function in a physically-consistent way, therely a ecting object appearance from
all viewpoints simultaneously. The key to their implementation is that the sparse plenop-
tic samples (e.g., photographs) are converted to a voxel sg& with an estimated per voxel
Lambertian radiance model. The image editing operations oprate at the voxel level, thus
edits are propagated through all source images via re-rendieg the voxel space from the
viewpoint of the image. The radiance modeling method is resicted to Lambertian surfaces
with light sources at in nity and does not account for shadows or local re ections.

Subsequently, there were some e orts to compose and defornght elds. Chen et al. [20]
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enabled animators to deform light elds. Their pipeline can be used to deform complex
objects, such as furry toys, while maintaining photo-realstic quality. The system worked

by decomposing a light eld into sub-components that could be recombined and rendered
after deformation. They handle visibility changes due to oclusion among sub-light elds.

However, to ensure consistent illumination of objects afte they have been deformed, the
light elds must be captured with the light source xed to the camera, rather than being

xed to the object. This introduces shading and shadow artifacts that cause the resulting
image to appear unnatural.

The LightShop system presented by Horn et al. [59] allows a user to interactely ma-
nipulate, composite and render multiple light elds. The primary limitation of LightShop
is that the input is a 4D light eld with xed illumination. Th  is means compositing di er-
ent light elds can result in an unnatural appearance as thee is no light transfer between

composited objects.

2.4.2 Image-based model editing

Oh et al. [94] also used a painting approach to edit image-ba&sl models created from a
single photograph. The core of their system is a user editabl representation consisting
of layers of images with depth. Interactive editing, using avariety of editing operations,
permits the de nition and manipulation of image-based sceres. The primary editing tool
is a \clone brushing tool," that permits the distortion-fre e copying of parts of an image.
They performed relighting by separating the luminance chamel from RGB texture. The
initial separation was automated, and relighting could ocair either by painting directly on
the luminance channel or by specifying light sources.

Recently Zheng et al. [131] introducedInteractive Images, a semi-automatic system
that constructs elements of a scene with cuboid-proxies andiser interaction. The system
simulates image editing by performing edits on the cuboid poxies to mimic real-world
behavior. This system is interesting due to its semi-automéc proxy tting, automatic
object layer decomposition, and constrained geometry edibhg. The scene is decomposed into

a background layer, and layers of cuboid proxies. Occlusioholes are lled by image synthesis
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[9]. They estimate light sources from user input and create isnple shadows during editing.
During editing, they also support real-time interactions with optional collision handling
(using the open-source physics simulator Box2D [19]). Impaantly, they allow the user to
manipulate objects while respecting object layer relatioships. The user initiates an edit
using a selected single cuboid. Then the edit is automatic§} propagated with constraints
across the other proxies to preserve both the intra-object learacteristics as well as their
non-local mutual relationships. Their use of iWire and higher level shape manipulators

[43, 127, 132] appear to be well suited for manipulating the gometry in this system.

Analysis: The interaction metaphor and capabilities of Zheng et al. ae promising for edit-
ing objects in a room. However, none of the systems support tge-scale geometric changes
such as removing entire walls. Zheng et al.'s work is concuent with, and complimentary

to the Image-based remodelingsystem [24] (described in Chapter 4).

Summary: The ability to edit image-based models is gradually improving, but there are
several unsolved problems. There is no solution for editingarge scale geometric structures
in which the edit produces a large occlusion hole. Filling inocclusion holes remains a di cult
problem for which | propose a solution in (described in Chapér 4). However, this problem
is especially dicult for texture that is entirely occluded in all viewpoints. Propagating
geometric changes to the associated view-dependent textarin a manner other than scaling
or cropping has not been studied and is not addressed in thishesis. Finally, relighting edits
remains largely unaddressed, except in the case of Oh et alyhere they provide a manual

touchup mechanism.
2.5 Limitations of image-based geometry

The discussion in this chapter demonstrates the limitatiors of current approaches used
to create, edit and navigate through image-based geometryTo date, most of the e orts
related to creating image-based geometry have been limitetb creating models, relighting
and inserting synthetic objects into the model under specitized circumstances, and some
limited editing of scene elements such as tables and clutteiCreating truly editable image-

based geometry has not yet been achieved.



In the following chapters | describe the research that compises my thesis.
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Chapter 3
PARALLAX PHOTOGRAPHY

In this work ! we address one aspect of navigation and viewing image-basgdometry. We
present an approach that converts an image-based model extiting parallax into a cinematic
e ect with simulated, smooth camera motion that highlights the sense of 3D parallax in
the scene. We develop a taxonomy of the cinematic conventianfor these e ects distilled
from observations of documentary Im footage and organizedby the number of subjects
of interest in the scene. We present an automatic, content-aare approach to apply these
cinematic conventions to an input image-based model. We usa face detector to identify
subjects of interest. Then, we optimize for a camera path th& conforms to a cinematic
convention, maximizes apparent parallax, and avoids missig information. We describe a
GPU-accelerated, temporally coherent rendering algoritim that allows users to create more
complex camera motion interactively, while experimentingwith e ects such as focal length,
depth of eld, and selective, depth-based desaturation or Ibightening. We evaluate and
demonstrate our approach on a wide variety of scenes and prest a user study that compares
our 3D cinematic e ects to their 2D counterparts. | particul arly focused on user interaction,

creating the GPU-accelerated rendering algorithms, and ratime e ects.

3.1 Introduction

Documentary Immakers commonly use photographs to tell a sbry. However, rather than
placing photographs motionless on the screen, Immakers ha long used a cinematic tech-
nique called \pan & zoom," or \pan & scan," to move the camera across the images and
give them more life. The earliest such e ects were done manuly with photos pasted on

animation stands, but they are now generally created digitdly. This technique, which goes

!parallax Photography [130] was published the Proceedings o Graphics Interface 2009.
http://dl.acm.org/citation.cfm?id=1555909
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by the name of the \Ken Burns e ect," after the documentary | mmaker who popularized
it, is now a ubiquitous feature in consumer photography sofivare such as Apple iPhoto,
Google Picasa, Photoshop Elements, and Microsoft PhotoSty.

In recent years, Immakers have begun infusing photographsvith more realism by adding
depth to them, resulting in motion parallax between near and far parts of the scene as the
camera pans over a still scene. This cinematic e ect, which & will call 3D pan & scan, is now
used extensively in documentary Immaking, as well as TV commercials and other media,
and is replacing traditional 2D camera motion, because it povides a more compelling and
lifelike experience.

However, creating such e ects from a still photo is painstakngly di cult. The photo must
be manually separated into di erent layers, and each layers motion animated separately.
In addition, the background layers are typically painted in by hand so that no holes appear
when a foreground layer is animated away from its original psition.*

In this paper we look at how 3D pan & scan e ects can be created mch more easily,
albeit with a small amount of additional input. Indeed, our goal is to make creating such
cinematic e ects so easy that regular users can create thenrédm their snapshots and include
them in their photo slide shows with little or no e ort. To tha t end, we propose a solution to
the following problem: given a small portion of a light eld [ 77, 48], produce a 3D pan and
scan e ect automatically (or semi-automatically if the user wishes to in uence its content).
In most of our examples, the input light eld is captured with and constructed from a few
photographs from a hand-held camera. We also include reswudtfrom two one-shot, multi-
viewpoint cameras, for which we envision our solution will i@ most useful. Some predict
that the commodity camera of the future will have this capability [76] (perhaps beginning
with the recently announced consumer stereo camera \Fuji FnePix Real3D").

The 3D pan & scan e ects are generated to satisfy two main degjn goals:

1. The results should conform to the cinematic conventions of pn & scan e ects currently
used in documentary Ims.

2. The conventions should be applied in a fashion that respectthe content and limitations

Lhttp://blogs.adobe.com/bobddv/2006/09/son_of ben_ku rns.htmi
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of the input data.

Our approach takes as input a light eld representation that contains enough information to
infer depth for a small range of viewpoints. For static scens, such light elds can be captured
with a standard hand held camera [98] by determining camera pse and scene depth with
computer vision algorithms, namely structure-from-motion [51] and multi-view stereo [106].
Capturing and inferring this type of information from a single shot has also received sig-
ni cant attention in recent years. There are now several canera designs for capturing light
elds [90, 45, 78] from which scene depth can be estimated [B6). Other specialized devices,
such as coded imaging systems, capture single viewpoints thidepth [75].

Light elds with depth have the advantage that they can be relatively sparse and still
lead to high quality renderings [48, 78] for scenes withouttsong view-dependent lighting
e ects such as mirrored surfaces. However, such sparse infg) taken over a small spatial
range of viewpoints or even a single viewpoint, present lintations: novel viewpoints must
stay near the small input set, and even then some portions ofiie scene are not observed
and thus will appear as holes in new renderings. Our approaclis designed to take these
limitations into account when producing 3D pan & scan e ects.

Our solution processes the input to produce 3D pan & scan e eis automatically or
semi-automatically to satisfy our design goals. To achieveéhe rst goal, we describe a simple
taxonomy of pan & scan e ects distilled from observing 22 hous of documentary Ims that
heavily employ them. This taxonomy enables various commurdative goals, such as \create
an establishing shot of the entire scene", or \transition from the rst subject of interest
to the second". Second, we describe algorithms for analyzinthe scene and automatically
producing camera paths and e ects according to our taxonomyQOur solution then applies the
appropriate e ect by searching the range of viewpoints for alinear camera path that satis es
cinematic conventions while avoiding missing informationand holes, and maximizing the
apparent parallax in the 3D cinematic e ect. Third, we describe GPU-accelerated rendering
algorithms with several novel features: (1) a method to inteleave pixel colors and camera
source IDs to multiplex rendering and guarantee optimal useof GPU memory; (2) the rst
GPU-accelerated version of the softz [99] technique, which minimizes temporal artifacts;

and (3) a GPU-accelerated inverse softz approach to Il small holes and gaps in the rendered
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output.

In the rest of this paper we describe the components of our appach, which include a
taxonomy of the camera moves and other image e ects found in dcumentary Ims (Sec-
tion 3.3); techniques for automatically computing 3D pan & scan e ects that follow this
taxonomy (Section 3.4); a brief overview of our representdabn of a light eld with depth
and how we construct it from a few photographs (Section 3.5);and nally two rendering
algorithms, both real-time (Section 3.6.1) and o -line (Section 3.6.2). We then demonstrate
results for multiple photos taken with a single camera, as wit as two multi-viewpoint cam-
eras (Section 3.7). Finally, we describe the results of a usestudy with 145 subjects that

compares the e ectiveness of 3D vs. 2D pan & scan e ects (Seicn 3.8).

3.2 Related work

The process of creating a 3D pan & scan e ect is challenging ahtime consuming. There
are a number of techniques that help in creating 3D y-throughs from a single image, such
as Tour Into the Picture [60] and the work of Oh et al.[94] though the task remains largely
manual. Hoiem et al.[57] describe a completely automatic gproach that hallucinates depths
from a single image. While their results are impressive, suttantially better results can be
obtained with multiple photographs of a given scene.

To that end, image-based rendering (IBR) techniques use mitiple captured images to
support the rendering of novel viewpoints [66]. Our system hilds a representation of a
small portion of the 4D light eld [77, 48] that can be used to render a spatially restricted
range of virtual viewpoints, as well as sample a virtual apeture to simulate depth of eld.
Rendering novel viewpoints of a scene by re-sampling a set @fptured images is a well-
studied problem [17]. IBR techniques vary in how much they rdy on constructing a geometric
proxy to allow a ray from one image to be projected into the newview. Since we are
concerned primarily with a small region of the light eld, we are able to construct a proxy
by determining the depths for each of the input images using rualti-view stereo [129], similar
to Heigl et al. [54]. This approach provides us the bene ts ofa much denser light eld from
only a small number of input images. Our technique merges a $ef images with depth in

a spirit similar to the Layered Depth Image (LDI) [108]. However, we compute depths for
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segments, and also perform the nal merge at render time. Zinick et al. [133] also use multi-
view stereo and real-time rendering in their system for mult-viewpoint video, though they
only allow novel view synthesis between pairs of input viewpints, arranged on a line or arc.
Most IBR systems are designed to operate across a much wideamge of viewpoints than
ours and typically use multiple capture devices and a more aatrolled environment [118, 76].
To date, the major application of capturing a small range of viewpoints, such as ours, has
been re-focusing [85, 89].

A number of papers have used advanced graphics hardware to eelerate the rendering
of imagery captured from a collection of viewpoints. The ealy work on light elds [77, 48]
rendered new images by interpolating the colors seen alongays. The light eld was rst
resampled from the input images. The GPU was used to quicklyndex into a light eld data
structure. In one of the early works leveraging per-pixel deth, Pulli et al. [99] created a
textured triangle mesh from each depth image and rendered ah blended with constant
weights. They also introduced the notion of a soft-z bu er to deal with slight inaccuracies
in depth estimation. We take a similar approach but are able © deal with much more
complex geometries, use a per-pixel weighting, and have eoded the rst soft-z into the
GPU acceleration. Buehler et al. [17] rendered per-pixel wighted textured triangle meshes
(one simple mesh per light eld). We use a similar per-pixel veighting, but are also able
to deal with much more complex and accurate geometries. We ab use a \reverse soft-z"
bu er to Il holes caused by disocclusions during rendering

Automatic cinematography that follows common Im idioms has been explored in the
context of virtual environments, e.g., by He et al. [52} we dcus on the idioms used in 3D

pan & scan e ects.

3.3 3D pan & scan e ects

Our rst design goal is to automatically create 3D pan & scan eects that follow the conven-

tions in documentary Ims. To that end, we examined 22 hours d documentary footage in
order to extract the most common types of camera moves and inge e ects. We examined
both Ims that employ 2D pan & scan e ects (18.5 hours, from the Ken Burns Ims The

Civil War, Jazz, and Basebal) and the more recent 3D pan & scan technique (3.5 hoursThe
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Subjects Camera moves Image e ects
of interest

0 Establishing dolly, Dolly-out

1 Dolly infout, Dolly zoom Change DOF,

Saturation/brightness
2 Dolly Pull focus, Change DOF

Table 3.1: A taxonomy of camera moves and image e ectsDOF refers to depth of eld.

Kid Stays in the Picture, and Riding Giants). These Ims contained 97 minutes of 2D ef-
fects and 16 minutes of 3D e ects. Of these 113 minutes, only 8xhibited non-linear camera
paths; we thus ignore these in our taxonomy (though, as desdred in Section 3.4.4, curved
paths can be created using our interactive authoring tool).Of the remaining 104 minutes,
102 are covered by the taxonomy in Table 3.1 and described inetail below (including 13
minutes that use a concatenation of two of the e ects in our taxonomy).

We organize our taxonomy according to the number of \subject of interest" in a scene:
zero, one, or two. For each number there are several possibtemera moves. There are also
several possible image e ects, such as changes in saturati@r brightness of the subjects of
interest or background, or changes in depth of eld. These eects are typically used to bring
visual attention to or from a subject of interest. The complete set of 3D pan & scan e ects
in our taxonomy includes every combination of camera move ath image e ect in Table 3.1
for a speci ¢ number of subjects of interest (e.g., no image ect is possible for zero subjects
of interest). The most typical subject of interest used in these e ects is a human face.

For scenes with no speci ¢ subject of interest, we observedato basic types of \establish-
ing shots." These shots depict the entire scene without focsing attention on any specic
part. In one type of establishing shot, the camera simply ddies across the scene in order
to emphasize visual parallax. We will call this an establishing dolly In the other type of
establishing shot, the camera starts in close and dollies duo reveal the entire scene. We
will call this an establishing dolly-out

For scenes with a single subject of interest, two types of cagra moves are commonly
used. The rst uses a depth dolly to slowly move the camera in bward the subject, or,

alternatively to pull away from it. We will call this type of m ove adolly-in or dolly-out. A
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variant of this move involves also reducing the depth of eldwhile focusing on the subject to
draw the viewer's attention. Another variant, which can eit her be combined with a changing
depth of eld or used on its own, is an image e ect in which either the subject of interest is
slowly saturated or brightened, or its complement (the baclground) desaturated or dimmed.
The other type of camera move sometimes used with a single sjdxt of interest is a kind
of special e ect known as adolly zoom The camera is dollied back at the same time as the
lens is zoomed in to give an intriguing, and somewhat unsetihg, visual appearance. This
particular camera move was made famous by Alfred Hitchcockn the Im, Vertigo, and is
sometimes known as a \Hitchcock zoom" or \Vertigo e ect." Li ke the other single-subject
camera moves, this move works equally well in either directin.

Finally, for scenes with two primary subjects of interest, the camera typically dollies
from one subject to the other. We call this move, simply, adolly. There are two variations
of this move, both involving depth of eld, when the objects are at substantially di erent
depths. In the rst, a low depth-of- eld is used, and the focus is pulled from one subject to
the other as the camera is simultaneously dollied. In the otler, the depth of eld itself is
changed, with the depth of eld either increasing to encompas the entire scene by the time
the camera is dollied from one subject to the other, or else dgeasing to focus in on the
second subject alone by the time the camera arrives there. Igeneral, any of the camera
moves for scenes witm subjects of interest can also be applied to scenes with moréan n.
Thus, for example, scenes with two or more subjects are alsax@nable to any of the camera

moves for scenes with just one.

3.4 Authoring

In this section, we describe how to generate 3D pan & scan e ds, initially focusing on
automatically generated e ects that follow our taxonomy, and concluding with an interactive
key-framing system.

The input to this step is a light eld with depth information. We assume that the in-
put light eld is sparse, and that novel views can be synthested by projecting and blending
textured depth maps. Due to the sparseness of the input, howeer, novel renderings will typ-

ically exhibit holes. While small holes can often be inpaingd, large holes are best avoided.



38

Computing a 3D pan & scan e ect automatically from this input requires solving three
problems. First, an e ect appropriate for the imaged scene mst be chosen from the taxon-
omy in Table 3.1. Second, a linear camera path must be computkethat follows the intent

of the e ect and respects the limited sampling of the input. Third, any associated image

e ects must be applied.

3.4.1 Choosing the e ect

Choosing an e ect requires identifying the number of subjets of interest. In general, it
is di cult, sometimes impossible, to guess what the user (or director) intends to be the
subjects of interest in a scene. However, for our automaticystem, a natural guess for a
scene with people is to select their faces. We therefore run face detector [123] on the
centermost input view and count the number of faces. Then, om of the e ects from the
appropriate line in Table 3.1 is randomly chosen. The possile e ects include image e ects
such as changing depth of eld and focus pulls. Saturation ad brightness changes, however,
are left to the interactive authoring system, as they are les likely to be appropriate for an

arbitrary scene.

3.4.2 Choosing a camera path

Each of the camera moves used in 3D pan & scan e ects described section 3.3 can be
achieved by having the virtual camera follow a suitable paththrough camera parameter

space. This parameter space includes the 3D camera locatipthe direction of the camera

optical axis, and focal length. All of these parameters can ary over time. If we assume that

all parameters are linearly interpolated between the two ewlpoints, the problem reduces
to choosing the parameter values for the endpoints. The redtiis 6 degrees of freedom per
endpoint | 3 for camera position, 2 for the optical axis (we ig nore camera roll, uncommon
in pan & scan e ects), and 1 for focal length | and thus 12 degre es of freedom overall (two
endpoints). A candidate for these 12 parameters can be evaftted in three ways.

1. The camera path should follow the particular 3D pan & scan cowention.

2. The camera path should respect the limitations of the input. That is, viewpoints that
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require signi cant numbers of rays not sampled in the input should be avoided (modulo the
ability to successfully Il small holes).

3. The camera path should be chosen to clearly exhibit parallan the scene (as we show in
our user study in Section 3.8, users prefer e ects that are @arly 3D). Unfortunately, nding

a global solution that best meets all 3 goals across 12 degreef freedom is computationally
intractable. The space is not necessarily di erentiable am thus unlikely to yield readily to
continuous optimization, and a complete sampling strategywould be costly, as validating
each path during optimization would amount to rendering all the viewpoints along it.

We therefore make several simplifying assumptions. Firstywe assume that the second and
third goals above can be evaluated by only examining the renerings of the two endpoints
of the camera path. This simpli cation assumes that the measires for achieving those goals
are generally greater at the endpoints than at points betwea them; e.g., a viewpoint along
the line will not have more holes than the two endpoints, or atleast not substantially more.
While this assumption is not strictly true, in our experience, samplings of the space of
viewpoints suggest that it often is. Second, we assume thathe camera focal length and
optical axis are entirely de ned by the speci c pan & scan e ect, the camera location, and
the linear interpolation parameter. For example, a dolly e ect starts by pointing at the
rst subject of interest, ends by pointing at the second subject of interest, and interpolates
linearly along the way. The focal length is set to keep the sufects of interest a certain size.
As a result of these assumptions, the problem of choosing a neera path reduces to nding
two 3D camera locations, such that the renderings of both vievpoints contain few holes and

exhibit signi cant parallax relative to each other.

Valid viewpoint sampling

We rst discuss how to identify viewpoints from which we can successfully render the in-
put photographs processed by our system (measure #2). The $ef all viewpoints can be
described by a hypervolume parameterized by the camera paraeters described above. We
constrain this hypervolume to the nite region of valid view points, where a valid viewpoint

is de ned as a viewpoint from which the rendered scene is conigte or contains holes that
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are likely to be inpainted easily. We take advantage of the iteractive renderer described in
Section 3.6 to quickly determine valid viewpoints. Given the scene rendered from viewpoint
V, we evaluate the success of the rendering using the followgnmetric H :

P
ooy [d(P)I
w h

H(V) =
where w and h are the width and height of the rendering, d(p) is the minimum distance
from pixel p to a valid pixel, i.e., the boundary of the hole (d(p) is set to O if p is not inside
a hole), andk is a constant. Larger values ofk penalize larger holes (which are harder to
inpaint) over many smaller holes; we foundk = 3 to be a be good value. We use a distance
transform [38] to compute d(p) quickly. We consider a viewpoint as valid if H(V) < 2.

The next step is to explore the hypervolume and de ne the 3D rgion of viewpoints that
satisfy this viewpoint validity constraint. We assume that the coordinate system is aligned
so that the input images mostly samples rays from viewpointspread roughly across a plane
(call it the x-y plane) looking in a direction (call it the z-axis) roughly perpendicular to
that plane. Section 3.6 and Figure 3.5a describe this planeral associated view mesh in
greater detail. We also assume that the centermost viewpoinis roughly at the origin of the
coordinate system. For some e ects, such as dolly-out, the amera motion is constrained
to travel down the z-axis of this coordinate system. Other e ects have more fredom; for
these, we search for two regions of valid viewpoints, one fathe starting and one for the
ending camera viewpoints (since these will have di erent castraints on pointing direction
and focal length).

To explore the range of valid viewpoints we uniformly samplealong x and y at z = 0,
and then search alongz until H (V) exceeds the threshold. The uniform sampling along
and y is done at a resolution of a 12 12 grid across a region that is 2 times the size of the
bounding box of the viewpoints in the input light eld (we hav e explored wider and denser
samplings, and found these settings to be a good trade-o be&teen e ciency and quality).
We search in each direction alongz until H (V) exceeds the threshold. We search using an
adaptive step size, increasing or decreasing the step size la factor of two depending on
whether the H (V) threshold is met or exceeded, respectively. Figure 3.1 deomstrates a real

example of such a grid (with a denser 100 100 sampling for visualization purposes), and
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the results of searching forwards inz.

Maximizing parallax

Next, we need an approach to measuring the parallax induced étween two viewpoints.
There are a number of possibilities for measuring parallaxWe found that the most percep-
tually noticeable areas of parallax are those that are visibe in one viewpoint and occluded
in the other. We therefore project the starting viewpoint into the ending viewpoint and vice
versa, and sum up the area of holes; this sum is our measure oéiallax.

We assume that the starting and ending viewpoints will both be extremal in z; we
thus have 144 candidates for both the starting and ending viepoints (from sampling the
12 12 grid twice). We choose the highest scoring pair accordingp our measure of parallax.
Since this measure requires projecting the starting viewpioit into the ending viewpoint and
vice-versa, choosing the optimal pair would require 2 144 144 projections, which is time-
consuming. However, there is a strong correlation betweenhie length of the camera path
and the amount of parallax. We selected a dozen examples andepformed the full set of
projections. We found that the best pair of viewpoints by our parallax metric was always
among the top 12 pairs when sorted by the length of the cameragith. We therefore increase
the speed by only performing the projections on the 12 longeésamera paths, and choosing

the one with the most parallax.

Constraints on the path

Each camera move in our taxonomy imposes speci ¢ constraiston the camera focal length,
optical axis, and in some cases, camera motion. These conaints are designed to mimic
the e ect's typical appearance as we observed them in docunmary Ims. The constraints
make use of information that we assume is contained in the inpt light eld, such as the 3D
centroid of the scene (straightforward to compute given tha the input light eld contains
depth information), and the average focal lengthf of the capture device (in our case a
standard camera). We now address each camera move, beginginvith the case where there

is no speci ¢ subject of interest.



42

Figure 3.1: A 100 100 grid of valid viewpoints color coded byz-value. A mesh connecting the
original viewpoints in the input light eld is shown in white. Note viewpoints in the central area are
closer to the original sampled viewpoints; thus they can mavmuch closer to the scene (larger)

than peripheral viewpoints.
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Figure 3.2: For one subject of interest, our algorithm locaes the linear camera path D;D5) for
dolly-in/out within the valid hypervolume. D; and D, are on the front and back edges of the valid
hypervolume with respect to thez axis. Here C, denotes the position of a viewpoint sampled in the

input. Note how D, adjusts its orientation and focal length to keep the subjeatf interest centered.

Establishing dolly.  The camera always points at the scene centroid, and the focal
length is set tof for both ends of the camera path.

Establishing dolly-out. The camera moves along thez axis, always pointing at the
scene centroid. The starting focal length is set to 15f , and the ending focal length tof .
In this case, no sampling grid across;y is needed, (though search in the & direction and
another in the z direction must be performed).

Next we consider the cases containing one or two subjects ofiterest. To test for the
number of subjects of interest, we run the face detector, trmcate to the two largest faces

if more than two are found, and use the detected rectangles taonstruct a geometric proxy
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for the faces. We compute the median depth within each rectagle, and construct a 3D
guadrilateral at that depth. Here we discuss 3D pan & scan e e&ts for a single region of
interest.

Dolly-infout.  In this case (Figure 3.2), the starting camera points at the bwer half of
the rectangle containing the subject of interest (so that the face is slightly above center),
and the ending camera points at the scene centroid (or vicearsa). The focal length starts
at 1.5f so that the face is zoomed-in, and ends witH (or vice-versa).

Dolly zoom. Here the algorithm follows the same procedure as when exedng an \es-
tablishing dolly-out" with one exception: the focal length is adjusted during the animation
to force the region of interest to have the same size as seen tihe starting viewpoint.

Finally, we consider two regions of interest.

Dolly. The camera starts by pointing at the rst subject of interest, and ends by pointing
at the second. The focal length starts at 15f , and ends at the same focal length times the
ratio of the size of the subjects of interest (so that the nal subject of interest ends at the

same size as the rst).

3.4.3 Image e ects

For one or more subjects of interest our solution may chooseotadd depth-of- eld and/or fo-
cus pull e ects. Depth-of- eld adds another degree of freedm per camera endpoint, namely
the aperture diameter. After the two camera endpoints are closen, a maximum aperture
diameter must be chosen so that it does not change the validit of a viewpoint; we therefore
search for this maximum. We assume that an aperture diameteican be evaluated by the
maximum H (V) of the four corners of the bounding box of the aperture. Stating with an
initial maximum aperture diameter, we search adaptively fa bigger apertures until one of
the four corner viewpoints becomes invalid.

To add a changing depth of eld to a dolly or dolly in/out, the a perture is linearly
interpolated from a pinhole to the maximum aperture. For a focus pull, the aperture is
kept at the maximum, and the in-focus depth is simply transitioned from the depth of one

subject to the other.
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3.4.4 Interactive camera control

We also allow a user to design camera paths that are outside @he taxonomy giving them
the freedom to design novel camera paths, or to chain togethreand modify automatically
generated paths. The user is free to navigate, using the intactive renderer, to desired
viewpoints and adjust camera settings, as well as color e gs (like saturation) and enter
them as keyframes along a cubic spline path. Alternatively,the user can author paths
by simply drawing one or more regions of interest, and chooreg a camera move from the
taxonomy; the system will then compute a path using the methal for automatically detected
regions of interest. Finally, the user can add depth-depenent brightness and saturation

e ects tied to a manually speci ed region of interest.

3.4.5 View morphing

For the special case where only two views are provided as inpto the system, the method of
Zheng et al. [129] computes stereo correspondences usingodt €pipolar constraint. The soft
constraint allows for some scene motion. The automatic sysgim simply interpolates linearly

between correspondences, i.e., morphs between the viewggardless of scene content.

3.5 Constructing light elds with depth

The input light elds used to create our results are construded using existing computer
vision techniques from a few photographs of a scene taken fmoslightly di erent viewpoints,
either by multiple shots from a standard camera, or with a sirgle shot from a multi-viewpoint
camera. First, a structure-from-motion system [114] is usd to recover the relative location
and orientation of each photograph, as well as the camera fat lengths.

Next, we compute a depth map for each viewpoint using a multiview stereo algo-
rithm [129]. Like some other top-performing stereo algorihms [70, 105], this method per-
forms an over-segmentation of the input photographs and tha determines a depth per
segment, rather than a depth per pixel. In our representatian, within a single view, the
constant-z segments have spatially varying colors and can overlap eaabther, at most two

segments covering each pixel, with blending weights that sm to one at each pixel. We
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Figure 3.3: Segments are partitioned into two regions, opage interior regions which do not overlap,
and semi-transparent overlapping boundary regions whichra decomposed into a two-color model

representing color mixing between adjacent segments in thecene.
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can express the color and weight variations within a segmenusing RGBA textures. By
rendering these segmentation-based depth maps into noveliewpoints, we can e ectively
\hallucinate" the light eld in the neighborhood of the inpu t views.

This two-component segment representation is used to commpsate for color mixing
between adjacent segments due to foreground and backgroundbject matting. The rst
component represents the interior region of the segment whe there is no color mixing.
The second component, the boundary region, is the segment'sontribution to the mixed
color region between adjacent segments. The interior regits of adjacent segments do not
overlap. However, the boundary regions do since they represt estimated the foreground
and background colors. Compositing the segments for one inji photograph onto its own

viewpoint regenerates the original photograph.
3.6 Rendering algorithms

We have developed two rendering algorithms to display noveliews from the textured seg-
ments with depth. The rst rendering algorithm is implement ed as a real-time renderer
leveraging the GPU. The second algorithm is implemented asrao -line renderer and pro-
duces higher quality results; it is used to render the nal seuences. Both renderers take
the same basic approach; we therefore rst describe the ger& rendering algorithm, and
then we describe the specics of the interactive renderer irplementation including GPU
acceleration, and nally we describe the di erences in the o-line rendering algorithm.

To render the scene from a novel view, we project a ray from therigin of the novel view
through each pixel in the image plane. If the ray intersects ay segments, we combine their
color and depth values and assign these values to the pixel. 8/calculate each segment's
contribution in three steps. First we choose which segmentshould contribute to the the
pixel value. Second, we compute dlending weightfor each contributing segment color value.
Finally we employ a soft z-bu er to resolve depth inconsistencies and combine the color
values. When choosing which segments should contribute to pixel value, we only consider
those segments belonging to the three viewpoints adjacentotthe ray being rendered.

In order to quickly determine the adjacent viewpoints to a ray and to calculate blending

weights, we construct aview mesh A view meshis a triangle mesh with vertices at the centers
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of projection (COPSs) of the input views. The adjacent viewpants are found by intersecting

the view meshwith forward and backward projected ray. The viewpoints corresponding to

vertices of the intersected triangle are the adjacent viewpints, and therefore the ones we
wish to use.

To construct the mesh, we t a plane to the COPs, project them to that plane, and
perform a Delaunay triangulation [109]; the connectivity of this triangulation is used, but the
original COP locations are retained. In the case that the prgected ray does not intersect the
view mesh we still wish to select the two viewpoints closest to the orgin of the novel view.
To do so, we extend theview meshby duplicating the vertices on the mesh boundary. These
duplicate vertices are positioned radially outward from the mesh center. We incorporate the
vertices into the mesh and re-triangulate. To calculate theposition of the duplicate vertices,
we compute the centroid of the mesh vertices and form a vectofrom that centroid to a
vertex on the boundary of the mesh. We multiply this vector by a constant value and add
it to the centroid. A multiplier of 4.0 e ectively gives us a su cient radial extent. The
resulting vertex is inserted into the view mesh This process is repeated for all vertices on
the boundary of the view meshas shown in Figure 3.5.

To render a single ray from a novel viewpoint, we intersect tke ray with the view mesh.
The intersected triangle indicates which three views will ontribute to the ray. We use
the barycentric coordinates of the intersection as theblending weightsassociated with the
corresponding views. This blending weight is similar to thd described in [99] and [17].

The ray is then intersected against the segment geometry inach of the three views.
Because each view has independent reconstructions of scetepths, the same surface point
may be reconstructed with somewhat di erent depths. This depth incongruity may cause
popping artifacts during animation, so we combine the deptls and colors along the ray
with a soft z-bu er to resolve depth inconsistencies [99]. The intuition behid a soft z-bu er
is that some noise will inevitably arise during computation of segment depths. Therefore,
segments that represent the same scene geometry will not havexactly the same depth.
A soft z-bu er allows us to consistently resolve con icting depth information by sampling
all of the segments that may contribute to a pixel, and estimaing the most likely RGBA

and z values for the pixel. The result of the soft z-bu er is a z-weight for each contributing
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segment. The nal pixel value is the normalized sum of the cotributing segments multiplied
by their z-weight and blending weight

For views that are too far from the input views, some rays will intersect no segments;
this is most prevalent around depth discontinuities. The resulting holes in the rendering are

lled by inpainting.

3.6.1 Interactive renderer

To render the scene from a novel view at interactive frame rags (at least 30 fps), | developed
a GPU-based algorithm. | render the scene in four steps. Fitts we choose which views should
contribute to a pixel value and calculate the per-pixel blerding weight. Second, we render
all of the segments to three o screen bu ers. Third, | employ a soft z-bu er to resolve depth
inconsistencies between the three o screen bu ers and conihe their color values. Finally,

I Il holes using a reverse soft z-bu er and local area sampling.

Rendering the extended view mesh

To choose which segments contribute to the pixel value and tealculate the blending weights,
| render the extendedview meshfrom the novel viewpoint to an o screen bu er, encoding
the barycentric coordinates (blending weights) and viewpant ID into the RGB channels.
The viewpoint's ID are encoded in the color channels using aansistent ordering, thus
creating a 3-element list storing the ID's of the three viewmints contributing to each pixel.
For simplicity, the vertex order of the view meshtriangles are used to order the list. The
speci ¢ ordering mechanism does not matter, but the fact tha the list is ordered is important
for rendering. Note that | have not yet chosen which segmentshould be rendered, however
I now have enough information at each pixel to choose segmesiduring the next rendering
step, and to direct the segment to a speci ¢ 0 screen bu er.

With respect to rendering the extended view mesh there are two special cases that
should be highlighted. First, if the novel view lies in front of the view mesh the origin of
the novel view lies between theview meshand the scene. In such cases this projection step

requires backwards projection (i.e., projecting geometrythat is behind the viewer through
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the center of projection). Second, the projection of theview meshnears a singularity as the
novel view moves close to theview mesh Therefore, if the novel view is determined to lie
within some small distance from the view mesh the nearest point on the mesh is found.
The barycentric coordinates, and therefore theblending weights of this point are taken to

be constant across the novel view.

Rendering segments

Next the image segments will be rendered and combined. It is @arth revisiting the segment
representation for this overview. The segment is represert by a 3D rectangle determined by
the bounding box of the segment, and an associated texture. @ could create an individual
texture map for every segment, setting the alpha channel to ero for areas outside of the
segment boundaries. This representation makes renderingevy simple. However, this process
creates thousands of small textures and is very ine cient in practice. ! | avoid creating
separate textures maps for each segment by using three texte maps per viewpoint. The
segments created using the process described in Section 2&n be compactly represented
by two RGBA color texture maps and one Segment ID texture map per viewpoint. The
rst RGBA color texture map consists of all of the interior re gions (which do not overlap),
and one of the overlapping boundary region from adjacent segents. The second texture
map consists of the remaining boundary regions. Finally | ceate a third 2-channel integer
Segment ID texture map containing segment ID values indicating to whidh segment a pixel
belongs. | create a quadrilateral for each segment, using thsegment's bounding box to set
the quadrilateral's texture coordinates and vertex locations. In addition, each quadrilateral is
associated with the segment's ID and viewpoint. While this representation is quite e cient,
there is not an explicit alpha value that de nes the boundary of the segment. In order to
properly render a segment, one must use a pixel shader to diard fragments laying outside
the segment boundary. When rendering the quadrilateral, | @code the segment ID into a
vertex attribute (e.g. color or normal data). The shader conmpares this value to the segment

ID encoded in the texture to determine if a fragment should berendered as part of the

1We tried this storage mechanism originally, and the perform ance was roughly ten times slower than what
we describe in this section.
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segment.

Using this GPU based texture representation has two bene tsboth of which increase
rendering speed. First, it reduces the number of texture swas from thousands per viewpoint
to three. Secondly, by removing the texture swap from the rewering inner loop, | am able to
take advantage of vertex arrays or vertex bu er objects and uilize the GPU more e ciently.

A pixel in a rendered scene is ultimately a sum of segments ainating from three
di erent viewpoints. Rather than determining which segments should be rendered on the
CPU, we use the GPU to direct the output of a rendered segmentd an o screen bu er for
further blending, or discard it, entirely based on its viewpoint. When rendering a segment,
| encode its viewpoint ID into a vertex attribute, in the same manner as we encoded the
segment ID. | use the o screen bu er generated by rendering he view meshas a texture
map. The pixel shader chooses to which of the three bu ers a ggnent should contribute,
if any, by determining if the viewpoint's ID is encoded in the view meshtexture map at
that pixel location. If the viewpoint's ID is encoded in the view meshtexture map, we store
the segment's color andz-value, otherwise they are discarded. | choose in which bu eto
store the values by using the ordering of the viewpoint IDs epoded into the view mesh
texture map. Recall that the 3 contributing viewpoint IDs ar e encoded in an ordered list.
This is order arbitrary (the vertex order of the view meshtriangles), however using this
order to determine the destination bu er guarantees that only a single viewpoint will write
to that bu er at that pixel location. Speci cally, if a segme nt's viewpoint matches the rst
viewpoint encoded in the list, its values are written to the rst bu er, likewise if a segment's
viewpoint matches the second viewpoint encoded in the listjts values are written to the
second bu er, and so on for the third. Otherwise, the values ae discarded. As a result,
each pixel in each of the three bu ers accumulates RGBA valus for a single viewpoint.
The resulting three bu ers may be chimeras, each composed é&m di erent contributing
viewpoints. These three bu ers are combined to form the nal image in the next rendering
step.

The renderer performs a front-to-back depth sort of all segrents for each viewpoint, using
the z-axis of the centermost camera in theview meshas the global z-axis. Each segment

from every viewpoint is rendered to an o screen bu er (initi alized to black background
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and zero alpha) using the pixel shaders described above. Irraer to maintain proper color
blending and z-bu er, The segments are rendered from front to back, using asaturated

blending mode. The pixel shader calculates the pre-multiged pixel values and alpha.

Hardware texture limitations At this point, it is worthwhile to note that the three
separate o screen bu ers described in the prior step are a snpli cation. Each o screen
bu er consist of two bu ers, an RGBA buer and a z bu er, resulting in six buers in
addition to the view meshbu er. Some hardware has a limit of four texture bu ers that
can accessed via a pixel shader. To overcome this limitatignit possible to create a single
0 screen bu er three times as wide as the rendering viewportto represent the three o screen
bu ers. A geometry shader can be used to retain a single passndering loop. The function
of the geometry shader is to simply duplicate the quadrilateals, scale and translate them

to the three regions of the o screen bu er.

Soft z-bu er

| employ a soft z-bu er to combine the three rendering bu ers. In this rendering pass, the
view meshtexture map is used to determine the blending weights for edt pixel location of
the three bu ers bu ers generated in the previous step. For each corresponding pixel in the
three bu ers, we compute a soft weightw, by comparing each pixel'sz-value with the z-value
of pixel closest to the origin of the novel view. This distan@ z, where 2z = Zgosest Z, IS

used to computew; in the following equation:

8
% 1 if z
Wy ( z)=§ fa+cos L2y if < 2z (3.1)

0 otherwise
where is the depth range (max min) of the entire scene, and is set to =10.

The set of w;'s are normalized to sum to one. The nal pixel depth z is then given the
sum of the z-values weighted by thew;'s. Each blending weight stored in the viewmesh
texture is multiplied by its corresponding w, and the alpha value of the bu er. These new

weights are normalized, and the nal pixel value is computedby summing scaling each pixel
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by the normalized weight.

Hole lling

Holes occur when, due to parallax, a nearby segment separatdérom a more distant segment.
I 1l small holes of less than 6 pixels in diameter during the nal soft z-bu er pass. Since
holes occur due to disocclusion, given two neighboring pite, we prefer to use the more
distant one to Il the gap. To do so, | compute a weighted sum of pixel colors and z-values
of the pixels in a 7 7 neighborhood. The weights are taken from those used in theoét

z-bu er calculation described above except \in reverse." h particular, more distant z-values

are given higher weights by setting thez-values to 1  z.

Depth-localized e ects

Image based e ects are often seen in documentary Ims. These ects are typically used
to bring visual attention to or from a subject of interest by selectively brightening and/or
desaturating a region speci ed either automatically or by the user. | extend these e ects
to 3D by localizing them to a speci c depth. Depth-localized e ects are image processing
e ects constrained to a 3D bounding region inx;y and z. These e ects are potentially
any image + depth based operations, including saturation, olor shifting, brightening, or
re-lighting. | model the e ect after the layer paradigm commonly used in image and video
processing tools such as Adobe Photoshop or Adobe After E @s. Each e ect is considered
to be an independent layer composited over the rendered imay If the user applies more
than one e ect, it's e ect layer is composited in a user specied order.

Each e ect is implemented as a pixel shader with input paraméers that vary at run-
time. The parameters include the bounding 3D region, a modution parameter, and three
texture maps consisting of the rendered scene, the-bu er, and the result of the prior ef-
fect. Each e ect may have additional parameters to control its application, for example a
saturation e ect may have an amplitude parameter controlling the amount of saturation or
de-saturation the e ect should apply. In order to provide more user control, the modulation

parameter controls the compositing of the e ect based on thedistance from the bounding
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region. The e ect is modulated with a Gaussian fallo from th e user speci ed 3D bounding
region. This allows the e ect to smoothly fallo in a scene with a noisy depth map. Finally,
each user editable e ect parameter can be speci ed with keyfames, in this way the e ect

can animated along with the camera path.

Depth of eld

E cient, approximate depth-of- eld rendering is accompli shed using a variation on existing
methods [32, 68, 50]. For each pixel, we calculate a circle cbnfusion based on a user de ned
aperture size, and blur the result of our rendered scene acadingly. The blurring operation
is performed e ciently by loading the scene into a MIPMAP and indexing into it based on
the blur kernel radius. To improve visual quality, we index into a higher resolution level of
the MIPMAP than strictly needed, and then lter with a Gaussi an lter of suitable size to
achieve the correct amount of blur. Note that when focusing o the background in a scene,
this approach will not cause foreground pixels to be smearedver the background; i.e., the
blurry foreground will have a sharp silhouette.

To avoid such sharp silhouettes, when processing a pixel atrdehind the focus plane,
the pixel shader blends the pixel with a blurred version of the image at that pixel. The blur
kernel size is based on the averagevalue of nearby foreground pixels. The blending weight
given to this blurred version of the image is given by the fration of the neighboring pixels
determined to be foreground. The size of the neighborhood idetermined by the circle of

confusion computed from the user speci ed aperture and fodadepth.

GPU based rendering summary

This fast GPU based algorithm for rendering high quality images at high frame rates. We can
render scenes at 30-45 frames-per-second on an NVIDIA 8806r&s graphics card, whereas
an implementation using one texture per segment achieved dy 7.5 frames-per-second and
did not calculate the blending weights on a per pixel basis, ge asoft z-bu er or hole lling.

The algorithm enables an interactive user interface allowng users to preview a camera

move in real-time, and interactively edit camera paths and depth-localized image e ects.
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Figure 3.4: Side by side comparison of images produced by a GPbased rendering algorithm and a
software only algorithm. The GPU based algorithm renders tis scene at 30 frames per second, 450
times faster than the software only version. The top row congres a frame taken from the middle of
an automatically computed camera path. The imagé€a) is the GPU rendered image,(b) is rendered
in software only. The bottom row is the rst frame of the compued camera path. This frame is
designed to have holes and artifacts that the software onlyjigrithm can correct. The image (c) is
the GPU rendered image, notice the artifacts on the right had side of the scene. The imagéd) is

rendered in software with high quality hole lling.
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Figure 3.5: (a) The view mesh is extended by creating copies of boundary viegs and placing them
radially outward (red arrow) from the centroid (red dot) of all of the mesh vertices. These new
vertices are then re-triangulated and added to the view mesto form an extended view mesh(b)
The dotted blue arrow shows a ray projected through the imagdane. The blending weights at this
pixel correspond to the barycentric coordinates of the intesection of the ray and triangle de ned by

the viewpoints in the view mesh.

In addition, this algorithm enables a camera path optimization method (described in the
Section 3.4.2) that would not be feasible without both the high quality and high frame rate.
The fast GPU-accelerated rendering algorithm has contribtied several novel features. First,
it has contributed a method to interleave pixel colors and camera source IDs to multiplex
rendering and guarantee optimal use of video memory. The méiod is used in this context
to blend three weighted values, in principle it could be usedfor any number of weights.
This indexing method enabled a second contribution, the rg¢ GPU-accelerated version of
the soft-z bu er technique, which minimizes temporal artifacts. Finally, a GPU-accelerated

inverse soft-z approach to Il small holes and gaps in the redered output.

3.6.2 O -line rendering

The higher quality o -line rendering algorithm di ers from the interactive renderer in three

main ways. First, we extend thesoft z-bu er described above to increase the accuracy of our
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Figure 3.6: Comparison of an image(a) rendered using the GPU softz approach to an image(b)

rendered without a softz bu er. Notice the front edge of the lower shelf, in image(a) the shelf
is solid, however in image(b) there are visible artifacts. The artifacts are the result of blending
background pixels from di erent viewpoints with those of tle foreground. Image(b) is produced by

only considering the blending weights

pixel value estimate. Second, the renderer uses a texture sthesis approach to Il any holes
and cracks that might appear in a novel view due to sparse datayenerated from the input
photographs. Finally, depth of eld e ects are rendered with increased quality by simulating
a camera aperture.

Soft z-buer The soft z-bu er calculation is very similar to the process describedin the
real-time renderer. However, rather than using a traditional hard z-bu ering within each
viewpoint followed by a soft z-bu er across viewpoints, all segments from all contributing
viewpoints are combined in a uniform manner.

Hole lling To Il holes the oine renderer uses an approach similar to th e in-painting

algorithm of Criminisi et al. [27] with two modi cations. Fi rst, to accelerate computation,
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Figure 3.7: Pixel depth is used as a constraint specifying # boundary of an e ect. The image(a)
shows the rendered scene and the associated depth map, theaga(b) shows two layers, one layer
corresponds to a desaturation e ect applied to whole imageThe second layer corresponds to a hyper-

saturation e ect on a region bounded by depths in the red-onage range.

we search for matching (5 5) neighborhoods within a restricted window (100 100) around
the target pixel. The second, more signi cant, modi cation is based on the observation that
nearly all large holes occur along depth discontinuities, bcause some region of background
geometry was always occluded in the input photographs. In tlis case, the hole should be
lled from background (far) regions rather than foreground (near) regions. We thus separate
the depths of the pixels along the boundary into two clusters and use these two clusters
to classify pixels, as needed, as foreground or backgroundVe Il the hole with Crimin-
isi's propagation order, using modi ed neighborhoods and righborhood distance metrics.
When copying in pixel color, we also inpaint its z by weighted blending from known neigh-
bouring pixels, again favoring the back layer. The inpainted z assists in region selection
for color manipulation e ects. Note that Moreno-Noguer et al. [85] also explored depth-
sensitive inpainting, though their application has lower quality requirements since they use
the inpainted regions for rendering defocused regions rair than novel viewpoints.

Depth of eld Our rendering algorithm now provides a way to reconstruct ary view within
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the viewing volume. In addition to changing viewpoint, we can synthetically focus the image
to simulate camera depth of eld. To do so, we apply an approah similar to what has been
done in synthetic-aperture photography[77, 63]. We jitter viewpoints around the center of
a synthetic aperture and reconstruct an image for each viewpint. We then project all the

images onto a given in-focus plane and average the result.

3.7 Results

We have tested our overall approach (including the constrution of the light eld from a few
photographs) on 208 datasets capturing a variety of scene#bout half of the datasets (103
out of 208) produced successful results that were comparablto the results shown in this
paper. The failures were largely due to subject motion and eors in structure-from-motion
and multi-view stereo.

A subset (20) of the successful results are included in the aompanying video. Only
2 examples were interactively authored. The rest were genated entirely automatically
through our pipeline. The best way to experience the cinemdt e ects produced by our
system is in animated form, as shown in the supplemental vide. The number of input
images ranges from 8 to 15 and are typically captured with jus3-4 inches of space between
the viewpoints. Most datasets are captured at resolution 120 800. A 3GHz PC with 4GB
memory and an NVIDIA 8800 class GPU interactively renders senes at 30-45 frames-per-
second. Automatically generating a 3D pan & scan e ect autonatically takes about 3 hours,
including 10-15 minutes for structure-from-motion, 100-20 minutes for multi-view stereo,
2-5 minutes for computing the e ect, and 25-35 minutes for the o -line rendering.

While some users may be willing to capture multiple viewpoirts, a single-shot solution
is certainly more appealing and would address the problem ofubject motion between
viewpoints. To that end, we include two examples from multi-viewpoint cameras: an integral-
lens camera [45], and the $50 Pop9 Im camera.The results are not perfect, notably for the
prototype integral-lens camera, due to chromatic aberratons in the prisms used to capture

20 images at once. However, these results demonstrate thahé small baselines of these

http://shop.lomography.com/pop9/
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Figure 3.8: The preference rate of the 10 examples in the usestudy. Note that fewer than65% of
the subjects preferred the 3D version of examples 5, 8 and 1these examples contained the most

subtle parallax or motion, and thus support the notion that raximizing parallax is important.

cameras can still yield subtle but noticeable parallax. In adition, we include two results
using two input views with small scene motion (the guitarist and the smiling girl), for which
our automatic system generates morphs from one view to the dier.

Overall, the sequences are smooth and convey mild to strong otion parallax. However,
occasional artifacts can be seen, often near depth boundas. These artifacts come from
depth mis-estimates; as multi-view stereo algorithms impove these types of errors should

be reduced.
3.8 User study

In order to assess the perceptual quality of the 3D pan & scan ects, we conducted a user

study study with 145 subjects, the majority of whom were in the IT industry but not in
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the graphics industry. Each subject was asked to watch 10 exaples, with each example
shown in two versions: a 2D pan & scan, and a 3D pan & scan. All eects were rendered
at 480 320 pixels at 30 frames per second and were 3-5 seconds longr Each example,
subjects had to indicate whether they noticed any di erencebetween the two versions after
watching them as many times as they liked. They also had to selct which version they
preferred, and optionally provide reasons for their choics.

The results show that there was a signi cant perceptual di erence between 3D pan &
scan and 2D pan & scan e ects. Overall, the two versions of edcexample were judged to
be di erent 94% of the time, and at least 80% of subjects notied at least some di erence
between the two versions on every example.

The results also show that the majority of participants prefer the 3D versions to the
2D ones. Summing over all examples, 70% of subjects, on avge preferred 3D pan &
scan, 16% preferred 2D pan & scan, and 14% had no preferences Ahown in Figure 3.8,
the preference rate exhibits correlations with the amount ¢ parallax contained in each
example. Note also that roughly half the people preferred tie 2D to the 3D \dolly-zoom"
example (#6 in Figure 3.8); in written comments they noted that the 3D e ect was too
dramatic and uncomfortable, which is the intended purpose 6the e ect. The users' written
comments clearly show that apparent parallax was the dominat reason (69% of all reasons
collected) behind the preference for the 3D results. Takendgether, the results of the user
study clearly indicate that the cinematic e ects we createdo er a more compelling depiction

than a simple 2D pan & scan.

3.9 Conclusion

Recent advances in computational photography have dramatially increased the amount of
information that we can capture from a scene. Until now, tecmiques that capture depth
along with an image have been used primarily for digital re-bcusing, on the assumption that
small parallax changes are uninteresting. On the contrarywe believe that subtle parallax
can lead to a richer, more informative visual experience of acene that feels fundamentally
di erent than a still photograph or 2D pan & scan. As multi-vi ew camera designs and com-

puter vision techniques continue to improve, we see an opptunity for parallax photography



to become a widely used approach to capturing the moments ofuwr lives.
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Chapter 4
IMAGE-BASED REMODELING

4.1 Introduction

Remodeling a home is expensive, time-consuming, and disrtipe, and it is rarely practical
to revise or undo the changes'. Unfortunately, it is also hard to imagine what a proposed
remodel might actually look like; ideally, one would like a realistic visualization of aproposed
change to a home interior before any hammers are swung. Prafsionals can use CAD
programs to create 3D models, but considerable skill and tire are required to achieve
photorealism. The alternative is to use image-based modeig and rendering, which allow
photorealistic virtual environments from a few photographs. But how easy is it to edit an
image-based model? Can large-scale edits, like removing aallvor enlarging a window, be
performed easily and in real-time, with realistic results?

At present, the answer is no. The most visually realistic IBR systems combine geometric
proxies with view-dependent texture mapping that blend multiple photographs from nearby
viewpoints. If the geometry is too simple (planar proxies, & in PhotoTourism [114]) or

too unstructured (a collection of polygons, as in Furukawa ¢ al. [40]), there is no easy

!iImage-Base Remodeling [24] was published in IEEE Transactions on Visualization and Computer Graph-
ics, Jan. 2013 (vol. 19 no. 1). http://doi.ieeecomputersociety.org/10.1109/TVCG.2012.95

Figure 4.1: After modeling an interior through the images, auser can start from an original viewpoint
(left), click and drag to pull back a wall between a living rom and a bedroom (center left), and view

the edited result (center right). Then, the user navigatesa visualize the edit from another viewpoint
(right).
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and e ective way to edit it. Simple texture-mapped models are at and unrealistic, while

view-dependent texture mapping has no a ordances for editig, since typically a few input
photographs are simply blended together to create a rendeng. If you suddenly remove
a wall, how do you nd the appropriate disoccluded bits of texture and blend them in
seamlessly, in real-time?

Performing large-scale geometric edits within a realistidmage-based virtual environment
is an unsolved problem. Using home interior architectural nodeling and remodeling as
an example application, | present a method for building modés using photographs in a
manner that allows the geometry and texture to be interactively remodeled. | focus on
a representation for both the geometry and the texture in a scene that allows lage-scale
edits to be easily performed and rendered in real time. My inerface supports the creation
of concise, parameterized, and constrained geometry, as Weas remodeling directly from
within the photographs This frees the user from the need to manually specify 3D coalinates
or maintain a consistent architectural model. View depende@t texture mapping minimizes
visual distortions while allowing the user to navigate within the home.

The user begins by collecting photographs of the interior, viich are processed with
structure from motion (SfM) and multi-view stereo (MVS) to e stimate camera poses and
a semi-dense 3D point cloud. From these inputs, | provide annteractive technique for
quickly creating a geometric model of the existing house. Th original photographs pro-
vide photorealistic, view-dependent texture for renderirg. The user may then remodel by
adding, removing, and modifying walls, windows and door oprings directly within the
photographs. All edits are visualized in real-time, and canbe viewed from any direction.
Actual photographs depict natural lighting, and make the scene appear familiar since exist-
ing objects and decoration such as furniture, plants, and s@n remain within the scene. The
ability to remodel directly within the context of photograp hs provides a means to quickly
experiment and understand the implications of possible chages (Figure 4.1).

The work | present does include some simpli cations and trae-o s. Furniture, plants,
etc. that are not explicitly modeled with geometry introduc e some unavoidable artifacts
during navigation. | also assume for now that the majority of walls are oriented in one of

two orthogonal directions, and that oors are level. Remodding operations do not currently
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Figure 4.2: Comparison of Google Sketchup's Photomatch usj geometry exported from our system.
Top row: Google Sketchup, Bottom row: My System. In the centeimages, the column was removed
and a passage opened into a study. Note how Sketchup breakspalygons due to original occlusions in
the image projections. This makes remodeling almost impo#se. Also note poor textures in revealed
and new surfaces. Right: the same edit viewed from a di erenviewpoint. My view dependent texture

automatically utilizes texture relevant to the new viewpait.

support large scale additions of new rooms, but rather focuon removal and additions
within the existing building footprint. | also leave interi or design operations such as lighting
changes, furniture and cabinetry edits, and material propety edits (such as paint color) to

future work.
4.2 Related Work

Commercial tools are available to model existing home inteiors and to visualize proposed
renovations. Professional CAD software, such as Autodesg&' Revit, allow the creation of
parameterized and constrained models, so that changes prapate through associated prim-
itives, e.g., changing the height of a wall a ects adjoiningwalls. These systems do not handle
the natural lighting nor the clutter in existing structures and thus the resulting visualiza-
tions are somewhat arti cial. My system of constraints and building primitives are, however,
inspired by these systems.

While CAD modeling requires signi cant expertise, simpler tools such as Autodesk's
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Homestyler are targeted at non-experts and can be used to abbr attractive|but highly-
abstracted| oor plan renderings. These tools do not suppor t the creation of photorealistic
3D models based on the original environment.

Google SketchUp allows interactive modeling using photogaphs with the \Photomatch"
feature. This feature is designed to support modeling and \dualization by projecting tex-
tures onto an existing scene. However, it does not provide aapd representation for remod-
eling. For example, objects are split by occlusions during éxture projection, e.g., when a
column interrupts a view of a wall. Split polygons make subsguent editing extremely dif-
cult. SketchUp assumes a single, globally-de ned texturemapping, which behaves poorly
from novel viewpoints when using coarse proxy geometry (e.gfor plants, furniture, and
other clutter), and when making edits to geometry. Combining multiple textures requires
manually de ning a common frame-of-reference, and there iso support to have the rendered
texture respond to viewpoint changes. | illustrate these au other issues with remodeling
in SketchUp in Figure 4.2. In contrast, my system is designedo support e cient editing
and re nements to geometry, and renders with view-dependentexture, thereby making the
editing process both simpler and more visually faithful to the real space.

By starting with a collection of photographs, image-based nodeling techniques can create
photo-realistic virtual environments with little or no use r e ort. Automatic modeling and
rendering of photographed environments range from systemigke Photo Tourism [114], where
simple planes are used as geometric proxies for rendering ve viewpoints, to automatic,
dense, MVS reconstruction [98, 25, 8, 46, 40]. However, mos¥lVS techniques produce
either point clouds or unstructured meshes; such models arsu cient for rendering but not
editing, since they lack architectural primitives that can be selected and manipulated, and
also lack the connectivity, structural representations, and constraints of easy-to-edit models.

A few methods automatically reconstruct higher-level primitives. Dick et al. [33] recon-
struct whole buildings by optimizing a generative model of achitectural primitives. Muller et
al. [86] use procedural shape grammars to reconstruct buildg facades composed of regular,
repeating structures. A few methods estimate room layouts bsimple volumetric primitives,
from single images [53, 74]. Our goal, instead, is user-cawilable modeling; however, when

these automatic techniques become robust enough for genénase they should be compatible
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with our editing and rendering techniques.

The other approach to creating image-based models is intedive [22, 31, 94, 28, 37, 122].
The system of Sinha et al. [111] is closest to mine, in that the allow \in-image" modeling
bootstrapped from an automatically-reconstructed 3D poirt cloud. However, they focus on
reconstructing exteriors as collections of disconnectedlabs and polygons which are more
challenging to edit than our solid structures. Similarly, Nan et al. [87] interactively t solid
architectural building blocks to 3D point cloud data from Li DAR scans for large-scale urban
reconstruction. One advantage of interactive model constuction is that the primitives are
often larger and more coherent, e.g., a single polygon for aall. Our interactive modeling
system borrows many ideas from these methods and adapts therno building interiors.
However, none of these previous systems address the problesh authoring and rendering
edits that depart from the original structures being modeled, which is my focus.

A few previous authors have described methods for editing irage-based models. These
e orts have focused on pixel operations such as painting [10] and cloning [94], or larger
operations such as compositing and local deformations [520]. Carroll et al. [18] allow
editing of perspective in a single photograph of a building mterior or exterior. To the best
of my knowledge, my technique is the rst image-based modetig system to support large-

scale geometric changes such as removing entire walls.

4.3 Overview

Interactive, real-time editing of geometry with view-dependent texture mapping is not a
trivial extension of existing techniques. There are three nain requirements for such a system.
First, the geometry proxy used during rendering should be cacise, parameterized, con-
strained to architecturally meaningful edits, and have a ordances for manipulation. The
underlying geometric representation must support a user bimg able to change the shape
and position of geometry without creating holes, while mairiaining a consistent, coherent
model. At the same time, the texturing operations must automatically follow the editing
operation in an intuitive manner. In other words, the geomety cannot be a point cloud
or unstructured mesh. | solve this problem by creating a consained solid geometric rep-

resentation for our model, and utilize homogeneous 3D textte coordinates for all texture
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(© (d) (e)

Figure 4.3: (a)-(d) A corner composed of two walls is built interactively.(a) The canonical axes of
the interior are re ned to align with a corner in a photograph; these axes are used for the entire model
building process.(b) The user drags out the corners of a wall face. A 3D rectangle isonstructed and
projected into the image in realtime; the 3D rectangle is estnated based on the oor position and point
cloud and automatically snapped to align with one of the camical axes. (c) A solid wall is added
to the model using the default wall thicknesgd) The user can then extend the model, adding walls
as needed, ultimately constructing a complex wall unit(e) A snhapshot of the system's interface.
The current model with the current view frustum and currently selected primitive highlighted in
red is shown in the upper left, rendered orthographically. Awireframe is rendered over the current

photograph on the right. A strip of alternate photos is showron the bottom.
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operations.

Secondly, | need a mechanism to render the scene in real-timdly textures must not
only maintain the appearance of the original geometry, but dso provide a mechanism to
display all geometry that might be revealed during an edit from any viewpoint. Since texture
synthesis is currently not feasible in a real-time system, Ipre-compute view dependent
textures, and organize them in a manner that limits bottlenecks caused by hardware memory
transfer. | also provide support for viewpoints not well represented by any view-dependent
texture, by computing a view-independent texture to gracelilly provide a degraded run-time
view when needed.

Finally, a user should have an interaction metaphor with a ordances that support mod-
eling and remodeling without a deep understanding of 3D strature. To this end, | create
an \in-image" modeling and remodeling interaction metaphar. The user can easily click
and drag to create new walls, change existing walls, and pesfm basic texture modi ca-
tions, without specifying 3D coordinates or worrying about the underlying 3D point cloud
or source photographs. | discuss our solutions to each of tise problems in turn in the

following sections.
4.4 Interactive modeling from images

The modeling process begins by rst capturing a collection & photographs of the interior.
Structure from motion automatically recovers camera posesand a semi-dense point cloud.
The user then interactively creates a solid 3D model workingdirectly within the images.
The 3D point cloud, together with geometric constraints typical of home interiors, are used
to simplify the process for the user. The geometric constraits include a common thickness
for all walls, and orthogonality of walls and oors; i.e., surface normals are typically aligned
with orthogonal, canonical axes (sometimes called the \Mahattan World" assumption).
These constraints can be relaxed as needed to handle non-axaligned features, such as

tilted ceilings and angled walls. | next provide more detailon each of these steps.
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4.4.1 Capture and initial reconstruction

Images of the home interior are shot with an SLR and wide-ang (typically, sh-eye) lens,
with xed focal length. | capture images using a tripod with t he camera oriented in land-
scape mode, moving to many di erent viewpoints to cover the pace well. Photographing
interiors well is particularly di cult as the lighting in a h ome can vary dramatically, from
dimly lit interior rooms with arti cial light, to rooms with oor-to-ceiling windows lit by
the sun, to views out the windows themselves. While not requied, | get the best results
by bracketing exposures (aperture priority, xed 1SO-value and f-number). From these |
can recover HDR images in a linear radiometric space sharedceoss all viewpoints, using
the recorded exposure settings to scale pixel values suit@bfor each image. To minimize
appearance di erences between views, | keep the arti cial ighting constant (typically all
lights turned on) during capture. Natural lighting may stil | change during capture due to
variations in cloud cover or in the angle of the sun; this varation is not problematic for
SfM or MVS, but later requires more sophisticated compositng techniques when combining
images, as discussed in Section 4.5. These techniques alsphto handle non-HDR images
taken under less controlled circumstances. The sheye imags are reprojected to wide angle
perspective images using the nominal distortion parametes for that lens. Camera poses and
sparse scene points are then recovered by the Bundler SfM tb§l12]. It is important to
note that the sh-eye distortion must be properly characterized in the bundler tool. Hughes
et al. [61] thoroughly summarize various sh-eye models. Tle Bundler SfM tool has been
updated ! to properly recover the equisolid model used by both a Panasic GH1 Micro
Four Thirds system with a Panasonic sh-eye lens and a Canon BS 10D with a Sigma

sh-eye lens. Finally, | use PMVS [42] to recover semi-densscene points with normals.

Canonical axes, oor height, and wall thickness

An initial set of canonical axes is recovered with the methodof Furukawa et al. [39], which
nds three cluster centers of normal directions that are nealy orthogonal. | take the \up"

axis to be the axis most closely aligned with the average of th camera up vectors. Cross

Lhttps://github.com/alexcolburn/bundler_sfm
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products with the other cluster directions generate the otler two canonical axes spanning a
horizontal world plane, call them \east-west" and \north-s outh”. An initial oor height is
determined from all points with orientation within 25 degre es of the up direction. | compute
distances of these points to the horizontal world plane, peiorm k-means clustering on these
distances k = 3), and take the distance of the largest cluster to be the oor height.

The resulting canonical axes and oor height may not be precsely aligned to the actual
home interior. | provide a simple interface for adjusting them. The user clicks on a room
corner at oor level in an image, and coordinate axes are cemred at the intersection of the
viewing ray and the oor and projected into the image (Figure 4.3a). The user can then
adjust the orientation of the object coordinates until the axes align with the lines where
the two walls meet each other and the oor. Switching to another view of the corner (from
a signi cantly di erent viewpoint), the user can adjust the oor height until it coincides
with the corner in this second view. Finally, the user can speify the global wall thickness
through direct measurement in an image, e.g., across the witd of a wall that terminates at

a passageway.

4.4.2 Modeling within the images

Given the camera poses, canonical axes, oor height and walhickness, the user is now
ready to build interior geometry directly within the images. To create a new wall, the user
chooses an image, clicks on a wall and drags out a rectangle iftire 4.3b). A rectangular
portion of a 3D wall appears automatically aligned with one d the canonical wall axes based
on the predominance of point cloud normals within the rectargle. The wall position is also
automatically determined by the predominant point locations. The wall has thickness and
sits squarely on the oor plane (Figure 4.3e). Moving to any rew image, the newly created
wall appears in place. Fine adjustments can made to the wall psition from the new view.
The user continues modeling by extending walls through autmatically-created a or-
dances for dragging the ends of walls to the corners of roomdlew wall segments can then
be added to turn a corner. The new walls are automatically exended to include the solid

intersection of the two walls resulting in a constrained, functional intersection. Continuing
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around a room often requires moving from image to image to copiete the room. Accelera-
tion tools allow the user to simply extend a wall to meet another already existing wall and
to close the loop in a room with a join operation.

Walls can be split to create passageways, and holes can be mired in walls to create
windows and doors. The doorway and window holes have a ordaces automatically created
for dragging the edges to adjust to match them to images. Extgor windows auto-generate
a separate thin slab for the glass aligned with the outside fotexturing. [The modeling
process can be seen in the accompanying video.]

Alongside the image being viewed, a at-shaded, orthograplt view of the 3D model is
shown, with a frustum icon denoting the viewpoint of the currently selected image. Fig-
ure 4.3e illustrates the interface. As the model is updated irough the images, the 3D view
updates as well; similarly, the user may make simple adjustrants to the model in the 3D
view and see the updates propagated to the image view. Note #i the model does not need
to be extremely precise to give plausible visualizations ofiewpoint motion and remodeling,

as we will see in Section 4.7.

Representation

Observing that most interiors are comprised of abutting wals of common thickness that
are oriented parallel or perpendicular to one another, | intially model the geometry as a
union of axis-aligned, xed-thickness rectangular solids | represent this model as a set of
polygon meshes, each traversed and managed with a half-edglata structure [36]. Each
mesh is closed, yielding a solid model. This provides a datéarsicture for fast access to mesh
connectivity information for mesh editing operations, initial texture creation, and runtime
texture re-assignment. Edits are constrained to those deeed architecturally meaningful.
Thus, for example, grabbing the edge of a doorway and moving drizontally is interpreted
as opening the doorway. Or, grabbing the end of a wall and pulhg along the wall normal

moves the whole wall which might also automatically shortenor lengthen connecting walls.
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4.5 Precomputed View-Dependent Texture

The heart of what makes my system e ective for real-time remaleling is the crafting of
precomputed view-dependent texture atlases. The goal is tprovide the ability to view the
geometry with a photorealistic quality, while being able to navigate and, more importantly,
alter the geometry to visually assess remodeling operatian

My work draws on view-dependent texture mapping (VDTM) [31], which renders new
viewpoints as a weighted blend of photographs taken from neay viewpoints. Like Photo
Tourism [114], my user interface encourages the user to be ar near the original viewpoints
except when transitioning between views. A key advantage o¥/DTM is that rendering the
original geometry from the point-of-view of where an image vas captured results in exactly
the original captured photograph.

However, conventional VDTM does not support live changes tahe scene geometry. For
example, suppose that a wall is removed, revealing the geonrg behind. Since this geometry
was not visible, VDTM provides no guidance on how to texture the revealed surface. One
could generate texture for the newly-visible geometry by sarching for other views of it
among the input photographs. There are a number of problems ith this approach. For
one, there often is no single good view of the newly-visible epmetry, requiring blending
or hole- lling to produce realistic results. Second, searhing the input images is too costly
for real-time rendering. Consider the viewpoint rendered n Figure 4.6. This scene has low
depth complexity, yet the texture generated for the newly visible geometry in the bottom
image uses texture from 150 photos. The more complex scene kigure 4.4 uses data from
261 cameras. The memory transfer rates of our test machine édm the host to the CPU is
roughly 2500 MB per second (as measured by oclBandwidthTe}t If each images utilizes
roughy 10 MB of texture RAM, the memory transfer alone would take a signi cant fraction
of a second when assembling texture on the y. The full set ofrhages would require more

RAM than the host's memory.
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Figure 4.4: A VDTA for a single viewpoint viewed from the side note that possibly dis-occluded

textures are pre-computed.

4.5.1 View-Dependent Texture Atlases

To address these problems, for each view, | create\diew-Dependent Texture Atlas (VDTA)
as seen in Figure 4.4. In addition to the VDTA for each view, | dso create a single, low
resolution, global View-Independent Texture Atlas (VITA), which is similar in size, form,
and function to the VDTA. The VITA lIs in any texture gaps dur ing transitions between
adjacent VDTASs.

Each VDTA stores a texture for all polygons that could possidy be seen or revealed in
that view|that is, all faces within the view's frustum. The t extures are pre-projected to the
corresponding viewpoint (i.e., with perspective foreshatening). This avoids wasted texture
resolution on polygons that are highly oblique to the view. The textures are packed into
a set of bu ers to preserve memory coherence and to greatly thuce the number of unique
textures required.

| pack the textures using a classic greedy rst- t algorithm [64]. The number of bu ers is
dependent on the page size of the bu er. | choose a page size®24 1024 which typically

results in 3 or 4 bu ers for a given view. | order the textures from largest to smallest, placing
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Figure 4.5: A viewpoint is rendered using the VDTA (top). The bottom image is the same viewpoint

using the VITA. Note the perspective distortions, and attened clutter
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Figure 4.6: Remodel with central walls removed. Images usen create the VDTA were captured on
separate days under di erent lighting conditions, without HDR exposure bracket capture. The VDTA

construction is robust to such lighting changes.
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them sequentially in the rst empty block in which they t, co ntinuing until all textures
are placed. This simple scheme su ciently obviates the needfor frequent texture bu ers
switches when rendering.

The VDTA has an associated list of faces textured in each bu s, and a projection
matrix that transforms for each face's 3D coordinates to imae coordinates in the bu er.
This is simply the projection matrix of the original viewpoi nt recovered by SfM translated
and scaled to correspond to the position in the packed textue.

Since the texture for any given face may be clipped by the viewg frustum, | take
care during rendering to only use texture coordinates within the original eld of view.
Validating texture coordinates uses a matrix multiply and bounds checking between the
texture coordinate and the original viewpoint.

The texture atlases reduce the total number of runtime texture bu ers per viewpoint
from hundreds to a few combined texture bu ers, while also relucing the total memory
requirements by half. Expensive runtime texture swaps are educed from hundreds per
frame, to a few for each active VDTA. Once computed, any face hat might become visible
to any view, is rendered using only the VDTASs from nearby views, with some possible Il-in
by the VITA. While texture atlases have been used before formage-based rendering [16],

these methods do not support real-time rendering of edits.

4.5.2 Synthesizing the View-Dependent Textures

Having computed an assignment of faces to texture bu ers, | 8ll need to determine the
appearance of each face. Each face can combine three kindstexture:

1. Original : texture contained in the photograph from this viewpoint.

2. Warped : texture occluded from this viewpoint, but seen in other phdographs.

3. Synthesized : texture not seen from any viewpoint.

The following procedure is used to |l the view-dependent tecture atlas corresponding to

each face.
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Original Texture

Visibility of portions of a given face from the original viewpoint is computed using an ID
bu er. Any pixels that are visible are copied directly from t he original photograph. However,
pixels within ve pixels of any signi cant depth discontinu ity are discarded. This prevents
slight misalignments of depth discontinuities from creating erroneous mappings, such as a
post being projected onto a wall far behind it. The remaining pixels of visible portions of

faces are then lled from nearby viewpoints, or by hole- lling if not seen by other cameras.

Warped Texture from Other Views

Filling pixels occluded from the original viewpoint but visible in others requires solving two
problems. First, | need to choose which other viewpoints to opy texture from. Second, |
need to modify the copied content to blend seamlessly with tlb original view. The latter
step is required because small lighting changes, non-Lamk&n e ects, and vignetting can
lead to di erences in appearance between di erent photogrghs of the same geometry.

As with the original view, candidates for views to ll-in occluded pixels are determined
by projecting the occluded pixels into the ID buers from each candidate view. If the
ID matches (and is su ciently far from a depth discontinuity ) then this view becomes a
candidate for llI-in. Of the possible candidates, | choose he best one by leveraging the
criteria used by Unstructured Lumigraph Rendering (ULR) [17]. Pixels are lled from a
viewpoint that is similar in 3D location and view direction o f the original view, and with a
pixel coordinate towards the center of the image to avoid vigetting and other distortions.
| use these criteria to select the single best candidate foraezh occluded pixel.

To solve the second problem, | composite using both the textte from the selected view-
point and the corresponding texture gradients through the wse of gradient-domain blend-
ing [95]. A weighted least-squares problem is solved wherdn¢ occluded pixels' RGB values
are variables. Original viewpoint pixels act as hard bounday constraints.

| iterate over each viewpoint that has been selected to béestfor at least one pixel and
render the face into a bu er. Each bestpixel contributes a weak data constraint: the nal

composited color should be close to the rendered color fronhat viewpoint. Each pair of best
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neighboring pixels, and each adjacenbestand non-bestpair of neighboring pixels, contribute
a gradient constraint: the di erence between neighboring @omposited pixels should equal the
di erence between the pair of rendered pixels. The weak dataconstraints are weighted by
a factor of 10 ° relative to the boundary and gradients constraints.

As noted by Bhat et al. [12], outlier gradients can cause bleding artifacts when com-
positing in the gradient-domain. | suppress the in uence oflarge gradients; if the gradient
is larger than 0.1, | down-weight the constraint by a factor of 10 °. Finally, | solve the the

weighted least squares problem to create a composite.

Synthesized Hole Filling

Some pixels are not seen from any original photograph. Thesepixels are lled with a
gradient-domain blend [95, 12] using the average color of # face as a weak constraint.
More sophisticated hole lling methods could also be used, bt is left for future work.

The above process is repeated for each viewpoint, beginningith the original view, then
other views to Il'in, and nally hole lling. This completes the o -line construction of the

VDTASs.

4.5.3 View-Independent Texture Atlas

Creating the single viewindependenttexture atlas (VITA) proceeds in a similar fashion to
the VDTAs with two exceptions. Since there is no preferred vew direction, each surface is
projected orthogonally before packing and texturing. There are also no original (preferred)
textures, so all texture pixels are derived from either a waped texture or hole lling. Best
views for each pixel are selected with the same unstructuretimigraph weighting, resulting
in a view that is most orthogonal to the surface, and closer tothe surface. Pixels from
competing views are blended using the gradient domain bleridg as before but with no
hard boundary constraints. The weak data terms from each viev provide the anchor for the
optimization. As before, any pixels not seen from any view ae lled with synthesized hole
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4.5.4 Texturing New Surfaces

Finally, | also need to be able to texture newly-created surfices resulting from remodeling
operations. These occur both when a completely new wall is ated, but also when a new
doorway is cut through an existing wall, since new, small, wél-thickness faces are created
to complete the passageway. If the newly created face has qdanar faces, we extend the
texture associated with the coplanar face by simply repeatig the neighboring texture edge.
For example, if one of the walls of an outside corner (Figure &) is extended, the texture on
the edge of the co-linear wall is simply stretched to Il the new wall. New surfaces without
a co-planar surface are given a default wall color. The user ay override the initial texture

by copying texture from a selected rectangular patch on an eisting wall. Newly created

textures are treated as view-independent and thus share theame texture across all views.
This can cause minor artifacts when moving between views, Huprovides a good balance

between visual delity and minimizing the need for user intervention.
4.6 Rendering

Given the geometric model and the complete set of VDTAs, | carrender from any vantage
point in real-time, regardless of which faces are revealedRendering is performed at inter-
active frame rates using a combination of OpenGL and GLSL shders. The geometry is
textured from our VDTA iterating over each texture bu er. | | oad each texture bu er, and
render only those faces associated with the bu er. Using a piel shader, the homogeneous
3D texture coordinates of our model are transformed to 2D texure coordinates by multi-
plying the coordinate at each pixel by the texture matrix of t he source texture taking care
to avoid out of bounds projections. There are two boundary tests that must be performed.
First, | discard texture coordinates projected outside of the original viewpoint. Secondly, |
discard texture coordinates projected outside of the textue matrix.

When rendering from an original viewpoint, only the VDTA fro m that view is required.
When navigating between viewpoints, the scene is renderechtee times using VDTAs for
the source and destination camera views, and the VITA to three o -screen bu ers. The

VDTAs are linearly blended to form a smooth transition, and the VITA is only used to I
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any remaining holes.
The pixel shader adjusts the texture for exposure compensan. By default, the values
are scaled to set the saturation point to be the same as the caema's auto-exposure would.

A GUI is provided to override this for for manual exposure if desired.

4.7 Remodeling

Once the initial modeling is complete and VDTAs computed, the user can navigate through
the model, change the virtual camera exposure, and remodeht structure by adding/removing
walls, or adding and expanding/shrinking openings. All changes to the viewpoint and model
are rendered in real time. Most importantly, the geometric model and texture atlases sup-
port rendering during remodeling operations.

As with the creation of the original model, remodeling operaions are carried out in
the original views with a similar set of tools. The user is abé to click on a wall, and then
grab edges of the wall or any opening and simply slide them to ke the wall or opening
larger or smaller. As an opening is enlarged (as in Figure 4)1the room behind the wall
is revealed by rendering those faces previously occluded ime original view. Widening a
window (Figure 4.7) simply stretches the outdoor texture onthat window since we have no
additional textured geometry for the outdoors. Textures onwalls are similarly stretched by
locking the vertex texture coordinates as is. In some situabns it is preferable to avoid a
stretched texture appearance by cropping the texture. In ths case the texture coordinates
are updated during editing and constrained to the texture limits, (Figure 4.7, fourth row).

As expected, all geometry changes are global and thus appear all camera views.

4.7.1 Navigation

In addition to simply switching between original views as displayed in the Imstrip in
Figure 4.3, the user can change the view more continuously.dupport two modes. In the rst
mode, using the GUI or keyboard, the user can move left/rightand forward/back, or turn the
view direction left/right and up/down, and zoom in/out. Tra nslational motion introduces
parallax which accentuates the 3D nature of the model enhariag the visualization. This

is made possible by the fully-textured layered model. Newlyrevealed surfaces, for example
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through doorways appear naturally. Because the details sut as furniture are not fully
modeled, parallax does cause some artifacts.

The second mode involves moves from one original source view a nal destination
view. The textures are interpolated between these two viewss described in Section 4.6. Fly
through paths are automatically created by interpolating between intermediary viewpoints
with a similar motivation to that done in [40] and [113]. The idea is that the picture takers
intuitively select good positions from which to view the scae. To determine the path from
source to destination we construct a graph with a vertex for ech original viewpoint. Each
vertex has an edge to another vertex if a line segment betweetlie camera centers does not
intersect the model. | set the edge weightwag between two views,A and B, to

AB
daB

Wag =1+ dag +
where the 1 penalizes additional path segmentgjag is the Euclidean distance between the
camera centers, and ag is the angle between the optical axes of the cameras. | set=2= .
| then solve for the shortest path between source and destirieon using Dijkstra's method.

When traversing the path, | treat each node, except the endpints, as a virtual camera
with camera center the same as the original viewpoint's, butthe optical axis pointing in the
direction from the that node's camera center to the next nodes camera center. | then linearly
interpolate the camera centers and optical axes when movingrom node to node. An extra
node is inserted along the edge leaving the source and anothalong the edge arriving at
the destination, positioned so that it takes one second to ese out of the starting orientation
and 0.5 second to ease into the nal orientation. Thus, the canera orientation begins with
the source orientation and over one second interpolates to gint along the path. One half
second before the destination is reached, the orientationédygins to interpolation between the
path direction and destination camera orientation, ending nally on the destination camera

position and orientation.

4.8 Results

| have used my image-based remodeling technique on three hsei interiors. [The most e ec-

tive way to see the usage and results is through the accompaing video.] Each photograph
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Figure 4.7: Three remodeling results. First column: original viewpoint. Second column: remodeled
geometry. Third column: same remodel from di erent viewpont. First row: opening a wall to connect

two rooms. Second row: expanding a window vertically. Thirdow: adding a wall segment. Fourth

row: creating a cutout.
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set was captured with a Canon EOS 10D and Sigma sheye lens. T rst two sets were
captured with three bracketed images separated by two stops

The rst data set seen in Figure 4.3 has 143 viewpoints, and rquires 15 minutes of
interaction to yield a model of 223 faces. This is followed byabout 30 minutes of processing
time on an 18-node cluster to produce the VDTAs. The input phdographs comprise 2.5GB
of camera RAW les, processed into 1.3 GB of HDR les in EXR format, resulting in 1.1GB
of VDTA les, also in EXR format.

The second data set visualized in Figures 4.1, 4.4, and 4.7 Bad62 camera viewpoints,
and required about 45 minutes of interaction to produce a moel of 661 faces, modeling 8
rooms, followed by 2 hours of processing to produce the VDTAsThe input photographs
were processed to 2GB of HDR les, resulting in 5.2GB of VDTA les.

The third data set shown in Figure 4.6 has 326 viewpoints, capred on separate days
under dierent lighting conditions without bracketed expo sures. It required 30 minutes
of interaction to model 5 rooms with 438 faces, followed by & hours of preprocessing to
produce the VDTAs. The input photographs were processed to ZGB of HDR les, resulting
in 2.84GB of VDTA les.

Rendering during modeling, remodeling, and navigation pre@eeds at 50 frames/second.
Remodeling operations can be seen in Figures 4.1, 4.6, and74.These operations include

widening doors, removing support beams, removing and addmwalls, and resizing a window.
4.9 User Feedback

I conducted an informal study to solicit feedback on the use bthe system for remodeling. |
included ve subjects, with professional experience rangig from two professional architects
and designers with extensive CAD experience to three novicemodelers including the home-
owner of one model. Each subject was asked to navigate throligviewpoints in a house, and
then to perform several remodeling operations on a pre-comigzicted model. These included
expanding a doorway as well as punching a hole in a wall betweerooms. Note, | did not
ask the subjects to construct the initial model from photographs although | did show them
how the models were constructed. | was most interested in theperceived bene ts of the

image based remodeling visualization.
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The subjects universally said that they experienced a sensef being in the house. They
all felt that they knew what the house was like, even if they hal never been there before.
The realistic image based rendering enhanced their beliefhiat they understood the result
of a remodel. The owner of one house expressed an emotionalspense to the remodel
operations. She said that \seeing real photos of my stu adde realism, and made the
remodel seem more predictable.” The architects liked the fet that a coarse model could be
built quickly and was usable for rapid prototyping, exploring ideas, and visualizing changes.
They thought our system could save time and e ort by reducing the level of detail required
in traditional models, details that are never used except toprovide more realism. They
wished the results could be integrated or exported to tradiional CAD systems for further
re nement and architectural notation and standards support. None of the users noticed the

lack of relighting when asked.
4.10 Discussion

| have demonstrated a new interface for home modeling and reodeling using a through-
the-photograph methodology. A synthesis of computer visio technology, texture atlas con-
struction, and user-interface results in a system that provdes an intuitive way to realistically
visualize remodeling ideas in real-time as one edits the gawetry. | have demonstrated how
models can be constructed e ciently, and textured in a way that enables visually plausible
re-editing. Pre-computation of view dependent texture atlases allows visualization of edits
in real-time.

Although capturing large sets of images can be somewhat tedus, and the pre-computation
is expensive, | am con dent the advantages of freeing the usefrom having to model in an
abstract space, coupled with the real-time realistic visudization provides signi cant advan-
tages over current alternatives.

My technique has a number of current limitations. Since | do rot model all the geom-
etry precisely, there are rendering artifacts, most commoly in the rendering of household
objects such as furniture and plants. Architectural details such as baseboards and window
or door trim are also not modeled. | hope to leverage deeper ehitectural knowledge to

help complete such details.
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| do not currently support relighting, however my system has many advantages that
can make this operation possible. For example, our HDR imageprovide environment (i.e.,
illumination) maps capable of acting as light sources. Thes maps plus the geometry can help
separate lighting from material properties. While lightin g inconsistencies due to remodeling
edits were not apparent to my small sample of users, this is annteresting problem for
future work. Di use component relighting can be approximated by simply comparing the
virtual views from a surface point before and after an edit. $ecular components can be
similarly approximated but require sensitivity to incident and outgoing lighting directions.
In general, the full global relighting problem is more compkx, however the work of Yu et
al. on inverse global illumination [128], Ramamoorthi et al [101] on inverse rendering, and
Romeiro et al. on blind re ectometry [103] provides some guilance and inspiration for my
future work.

Finally, it would be helpful to support larger-scale edits such as adding a complete new
room extension. This will require building a hybrid system that supports both image-based
rendering where possible and more conventional modeling anrendering elsewhere. Again,
| expect to leverage the captured imagery to aid in the descption of the new geometry. An
important question is how to visually represent large-scat additions. Should the addition
be a blend of a stylized architectural rendering with the exsting imagery, or should the
addition visually mimic the existing structures in a seamless manner?

Achieving a visually seamless mix of novel geometry and imagbased rendering is an
interesting problem. First, the material properties and texture of the new geometry must
match the appearance of the existing geometry. Secondly, #alighting model must be consis-
tent across the existing and new models. Recent work using aident light elds by Unger et
al. [121] and work using user annotations by Karsch et al. [6fdemonstrate how well one
may integrate arti cial objects into image based rendering environments within complex
light elds. However the arti cial geometry does not yet tak e on visual characteristics of the
environment. | would like to explore extracting incident li ght elds from our existing data
and apply them as light sources for novel geometry.

| believe that the techniques | have demonstrated to date carbe extended into a complete

system for visualizing remodels. Also, allowing users to atldirectly within images should



open such applications to a much wider set of users.
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Chapter 5
RELIGHTING AND SYNTHETIC OBJECTS

5.1 Introduction

The image-based remodeling system (described in Chapter 4gemonstrates a method for
creating editable image-based geometry. While this techmjue enables further editing, it
does not address the issues of estimating light sources andaterial properties within the
model. In particular, there is no mechanism to properly rencer lit synthetic objects in the
scene or to propagate lighting changes due to edits into the wdel. Relighting is particularly
important when openings (e.g., doorways and windows) have é&en added to the model, or

synthetic objects such as chairs have been inserted into themodel.
5.2 Challenges of Relighting Image-Based Models

Relighting the image-based geometry created by our systensia di cult problem because
of the incomplete nature of the geometric models and image da. Like many image-based
models, our geometry has the following limitations:
The lighting is unknown and captured under slightly varying conditions.
The geometry is coarse, imprecise, and contains some ocdlois and alignment errors.
The material properties of the geometry are unknown and may ke non-Lambertian.
The materials properties are not segmented and may vary ovethe span of a geometric
face.

My system utilizes coarse geometric proxies for the imagedsed models to simplify
creation and editing processes. Additionally, | do not haveperfect knowledge of lighting,
since | have shafts of light coming in from windows and un-modled lighting. Finally, in the
work described in Chapter 4, | do not specify geometric mateal properties or delineate

regions of the same (even if unknown) material properties.
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In this chapter, | am primarily focusing on the challenge of determining unknown light-
ing conditions using Lambertian assumptions. It is important to note that even if the light
sources are known, | would still need to overcome the problemcoarse geometry, and un-
known material properties to build a complete relighting sdution. | hope by rst tackling
the problem of unknown light sources and modeling the light h a scene, | can provide a
better framework to overcome the remaining challenges in fuure work. Following the lead
of [67] which estimates the lights using a single photographl developed an interactive ap-
proach to estimate scene light sources. My system has the adrtage of higher quality source
imagery and model information due to using several photogrphs; therefore, | should be able
to more easily and accurately model light sources. Once | hava light source model, | can
attack the problems of rendering synthetic objects, re-ligiting geometry with Lambertian
material properties, estimating geometry with specular mderial properties, and re-lighting

that geometry.
5.3 Determining Illlumination Information

My rst goal is to estimate the incident light at each surface point in the scene. That is
to say, | want to estimate the incoming light or irradiance (Equation A.5) for all visible
surfaces. If | had a camera or light probe at each point in the sene, or a setup similar to
Unger et al. [120, 121] with thousands of light probes this poblem would be much easier.
Since | only have a few xed locations | lack much of the data reuired to directly estimate
all of the light from images. For example, consider a point ona oor in the room depicted
in Figure 5.1. This room has a large sunlit window which provides most of the light in the
room. If the point lies in direct sunlight, and can \see" outside the window, | would be
able to estimate the light coming in from the sun. However in this example, none of the
images used to create the model were captured from the viewja on the the oor, and
thus the full sunlight coming in from the window was not captured. In this case the the
sun is occluded in all of the captured images, so no texture n@ped representation of the
window could simulate the sunlight ray falling on the oor. U nless one takes care to capture
the light coming in from the window, it is di cult to estimate irradiance for points similar

to the one on the oor. Additionally, there are directional | ights such as spotlights in the
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Figure 5.1: Left: A point on the oor receiving light from the window. The point on the oor is
marked with an X , and a ray of light from the exterior is indicated with an arrow. Right: A rendered
image from the viewpoint of the point on the oor. This image is rendered using a global texture map
(the VITA) to represent the light coming in from the window. Since this texture is generated from
a di erent viewpoint from the point on the oor, the source of the ray of light indicated by a circle
does not have the same intensity as the actual ray of sunlighfny rendering from this viewpoint
using a VITA will mis-represent the light intensity of the scene. In this case, the ray of sunlight is
not captured from any viewpoint and the intensity error is sogreat that it can not be reliably used

for any subsequent calculations.

ceiling in this scene that are di cult to capture without pho tographs and setups speci cally
designed to capture their directional variation. It is dic ult to estimate these directional
and occluded light sources from a few photographs; howevethe remaining indirect light in
the scene can be fairly well approximated using the existingmages. In order to solve this
problem of estimating the incident light at each point in the scene, | can provide more data
in the form of a few more selectively chosen photographs of slit windows, and provide
a mechanism to better estimate the incident light at each pont in a scene from existing
interior photos. To better estimate the incident light | can further break the problem down
into two parts: Estimating direct light from sunlight and ot her light sources, and estimating

indirect light from images used to create the model.
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5.3.1 Estimating Irradiance

Figure 5.2: From left to right: A 180 hemispheric view from a point in space. A hemicube repre-
senting the same view by projecting the scene onto 5 planardsis of a cube. The hemicube unfolded

onto a single planar image. Images courtesy of Hugo Elias [$2

Based on the global illumination radiosity equation [47] that assumes a Lambertian
world, the radiosity, B, (the light leaving a surface) can be determined by solving aset of
simultaneous equations given by:

X
Bi=Ei+ i BjFj (5.1)
j

Where B represents radiosity of a surface patchE is the emissivity of the patch (non-
zero only for light sources), is the re ectivity, and F is a form-factor. The form-factor is
the geometric relationship between pairs of patches that dees the fraction of light leaving
one patch and arriving at another. In the global illuminatio n setting, the re ectivity , and
the geometry encapsulated in the form factor are known. The adiosities are the unknowns
and thus this de nes a set of simultaneous linear equations.

In this setting, | want to know B;=, the irradiance, the light arriving at a point in the
scene located at some pixel. This is given by the summation:

X
Bj Fij
j
| assume | know the B; as given by our VITA. | choose to use the VITA rather than

the VDTA because it is a simpler solution than blending between several VDTAs. Given
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Figure 5.3: Nusselt's analog can be used to calculate the forfactor between a di erential point and
a di erential surface. In the equation above,r is a line segment between the oint; and Surface;.
is the angle formed between the surface normal and and ; is the angle formed by the point normal
and r. If the projection of Surface; on to a unit hemisphere is the same as that oBurfacey,
the form-factor value is the same. More generally this is ats true for projections onto any other

surrounding surface.

this estimate of radiosity, | only need to compute the form-factors. For this | turn to the
hemicube described in [23].

The hemicube is used to simplify the form-factor calculatian. It achieves this by unifying
all of the form-factor calculation into a single easily compted format. Using the Nusselt
analog [110], | know that the projection of any two geometric primitives onto a surface
that occupies the same area and location have the same fornadtor value (see Figure 5.3).
Expanding on this idea, | can project each geometric primitve onto a surface covering a
point. | can then substitute the form-factor of geometric primitive for that of the surface.
When combined with a standard polygon renderer with visibility culling this mechanism
provides an e ective means to choose which geometric primives should be included in the
summation.

| render a 180 view of the scene from a point on surface and compute the irradnce
from the rendered image. To further simplify the rendering mechanism and form-factor

computation, | compute a hemicube rather than a 180 hemisphere (as seen in Figure 5.2).
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Figure 5.4: Left: A hemicube pixel element projected onto agface. Right: The form factor
equation. r is a line segment between the point on a surface and the hemimu pixel position. The
hemicube pixel has an area of A. ; is the angle formed between the surface normal and and

is the angle formed by the hemicube face normal and

| render each side of the hemicube using a standard renderersaseen in Figure 5.4. Each
geometric item is projected onto the hemicube with occlusia culling. The analytical form-
factor computation between each geometric object becomes discretely sampled form-
factor computation for each pixel sized planar object in thehemicube. This form-factor
can be quickly pre-computed. The form-factor for each pixel in the hemicube is de ned

as:

P
jri=  x2+y2+ 722 (5.2a)
") = s 52

(5.2¢)

Where X, y, z, are the pixel positions on the hemicube faces in the coordate system
de ned by the point on a surface.r is a line segment between the point and pixel position

X;y;z. i is the angle formed between the surface normal and, and ; is the angle formed
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Figure 5.5: Top: original image. Bottom: Irradiance calculated by hemicube integration at every pixel
using a VITA texture mapped rendering. The rendered intermeliate image used for the hemicube

calculation is shown for the point marked by the red square.

by the hemicube face normal andr.

The irradiance at a point is estimated by summing all of the pixels of the hemicube
scaling by the form-factor.

Traditionally the hemicube technique is used to calculate ight transfer in global illu-
mination rendering, given geometry with material properties and light sources in a closed
scene. In this scenario, a hemicube pixel is not a color valydut rather the geometry iden-
ti er used when solving the set of linear equations. In contiast, our photographic images
are already globally illuminated, and | do not yet have light sources or material properties
de ned for our model. | assume that texture from the photographs and therefore the VITA,
at least as far as re ected or indirect light is concerned, aleady accurately describes the
scene's actual lighting state. The hemicube is rendered usg the VITA to texture map the

geometry in the scene. In this case, | do use pixel values andé¢ sum of the pixel values
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scaled by the form-factor gives us an estimate of the irradiance at that point.

Figure 5.5 shows an example of a hemicube integration usingnty the VITA texture
mapped geometry. Our system uses the VITA for simplicity, ard as expected this technique
is su cient for estimating indirect light in Lambertian sce nes. | assume that our scenes
are Lambertian. However, since the VDTA locations are spars, and the VITA is a global
texture, | must augment the model in order to account for light sources such as sunlight
and spotlights.

I model irradiance at each point in the scene as the sum of indéct light, and direct
light sources such as natural light from windows, and arti cial lights. The indirect light
is modeled with the VITA. Both the natural and arti cial dire ct light source models will
be described below. Modeling direct light sources changeshé rendering pipeline for the
hemicube calculation. Rendering geometry designated as airéct light source (or a light)
is no longer as simple as a texture lookup. To be more generalnd using the notation
in Appendix A, when geometry at location x is rendered in a scene, | need to know the
radiance at the locationx given a viewing direction . L(x ! ) represents radiance leaving
point x in direction . In our implementation, the renderer invokes a lighting function that
calculatesL(x ! ) and returns a light intensity. In the case of indirectly li t geometry,
L(x! )is simply a VITA texture lookup. For direct light sources L(x! ) becomes a
more complex function. Looking further forward to Section 55, rendering geometry with
associated material properties likewise computes &(x ! ) returning the re ected light

at that location taking into account material properties and a re ectance function.

5.3.2 Modeling Direct Natural Light Sources

As may be seen in Figure 5.6, many scenes include windows oragk doors that function as
light sources in the scene. To model such natural light soures, | assume that a hemispheric
panorama with large radius can su ciently model this exteri or natural light. If the exterior
world is far away, | do not have to worry about parallax or other depth e ects when utilizing
the images. | capture the images directly out the window or ghss door in addition to

the other images. These light source images are referred tosdighting reference images



96

Figure 5.6: Three views of a room lit primarily from daylight via the window on the left and from
overhead directional spotlights. The sunlight source fromthe window is out of view and not well
de ned. The spotlights are directional and poorly modeled vth a global texture. The oor is a highly
specular surface with non-uniform texture. In the rightmos photograph, the oor model polygons
are visible. The coarse geometry does not correspond to a gjle material property and the material
properties are not segmented or otherwise separated. Manyems, such as the book shelf and clutter,

are un-modeled.

or LRI s. Similar to Debevec's [30] light model description, LRIs & distant light sources
and remain una ected by local lighting changes. LRIs are capured and run thought the
modeling pipeline no di erently from other photographs described in (described in Chapter
4). However, when used for direct light rendering, | do not cawert the sheye image into a
standard perspective view. The LRI retains a sheye camera rodel in order to maintain a
full 180 eld of view.

| use an interactive editor to associate model geometry, surcas a window corresponding
to a single LRI or multiple LRIs. This geometry is termed a natural light . When rendering
a natural light, the lighting function that computes the L(x ! ) utilizes the LRI as a
hemispheric panorama rather than texture mapping the VITA associated with the window
geometry. The 3D locationXx, is rst used to selected the nearest LRI to use as a texture,fi
multiple LRI's are associated with the geometry. The panoranic scene is assumed to be far
away, the ray from the camera viewing direction to Xx is simply converted to a ray in the
LRI's sheye camera model. The ray is then mapped to the correponding pixel value in the
LRI and returned to the renderer. In this way, | model the directional light of the window
(as in Figure 5.8), without needing to explicitly model the exterior features of a structure

such as the sun or trees.
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(@) (b)

(©) (d)

Figure 5.7: Edited geometry can be relit using irradiance raéios. The top row shows the original(a)

and edited room (b) without relighting. A cutout is created in the wall and a bricht exterior window
behind our view is \closed". One would expect this edit to darke the room, and add a light streak
to the wall above the doorway. The bottom row shows the irraalice ratio for every pixel (c) . Each

pixel in the edited scene is multiplied by the irradiance rab, resulting in the relit scene (d) .
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Figure 5.8: Top row: A hemicube view changing position froméft to right. Bottom row: The kitchen
window regions that utilizes an LRI lighting function is enlaged to enhance the view. The direct
natural light function that computes L(x ! ) utilizes an LRI panorama. In this example we can
see that the light computed by the LRI changes as hemicube pmsi changes. The kitchen window
is a natural light, and as the hemicube viewpoint changes, soo does the incoming light from the
window. The tree located outside the window appears to moveoi left to right as it comes in and

out of the eld of view.

5.3.3 Modeling Arti cial Light Sources

I model artificial light sources as a physically based light that casts directionalays from
within a set boundary. The interactive editor allows a user to create an area light and specify
the light direction with a simple click and drag of a mouse. This interaction creates geometric
disk representing the light. When rendering an arti cial li ght, the lighting function L(x! )
becomes similar to Warn's [125] de nition of a directional gotlight. For simplicity, the
direction of the light is de ned by the surface normal of the light's geometric representation.
The light has three user de ned parameters: an angle that de nes a cone of illumination,
an RGB intensity parameter S, and an exponential parameter which can be used to decrease
illumination as the cosine of the angle between the spotlighdirection and object point. This
parameter is normally used to simulate a fallo e ect, and is omitted in this formulation.
If the angle formed by the ray from x to the camera viewpoint and the light direction is

greater than , the viewpoint is considered to be outside of the cone of illmination.
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Once a light is de ned in the geometry, | use an optimization technique with a small
amount of user interaction to estimate the intensity and spdlight cuto parameters. The
user selects two points on a surface (with homogeneous matal properties) partially lit
by the spotlight. One point is in direct light, and the second point is unlit (Figure 5.9).
If the surface points have the same material properties and @ Lambertian, that is the
albedo is identical at both locations, | can estimate the spdight intensity by computing

the di erence in radiance arriving at each point.

Figure 5.9: In order to estimate the value of the direct lightcircled in red, and user selects a point
directly lit by this light, and an unlit point of the same material. The spotlight intensity can be

calculated by the di erence in irradiance intensities compred to the observed values in the image.

The goal is to estimate the direct lighting parameters S and . The rst step is to
estimate the light intensity S. Using the notation in Appendix A, L(x ) is an observation
from the viewpoint x with a viewing direction of . The re ected light from a point on a
re ective surface x is represented byL(x ! ). Since our re ection function f,(x; ! )
for incident direction is Lambertian, and | are only concer ned with identifying parameters
for one light source | can simplify the problem to simultaneaisly solving for the Lambertian

term kq and a single light intensity. | can classify the light sources into Direct and Indirect



100

components, and further classify these components into knen and unknown quantities.
In this example, | know the Indirect components and want to determine a single unknown
Direct light. Since our re ectance function is Lambertion, breaking light sources intoDirect
and Indirect becomes much simpler. First, let's separate the re ectancdéunction out of the

incident lighting integral.

z
L(x! )= fr(x; ! ) L(x ) cogNy; ) d! (5.3a)
Let f,(x; ! ) be Lambertian (5.3b)
fr(x; ! )= Ky (5.3¢c)
z
L(x! )= kaL(x ) cogNy; ) d! (5.3d)
“Z
L(x! )= kg L(x ) cogNyg;) d (5.3e)
* z
Let E(x)= L(x ) co9qNy; ) d! (5.3f)
L(x! )= kg E(X) (5.39)

Now | can more easily separateDirect and Indirect lighting terms.

Z
L(x! )= kg L(x ) coqNy; ) d! (5.4a)
= Ldirect (X! )+ Lindirect (X! ) (5.4b)
Larect (X! )= kg Le(y! yX)V(xy)cosNaiyx)d!y (5.4¢)
ya
Lindirect (X! )= kg Li(x ) cog(Ny; ) d! (5.4d)
L(x! )= Kkd(Edirect (X) + Eindirect (X)) (5.4e)

I now have three unknownskg, our lighting function Le(y ! 3!/x) describing the direct
light arriving at location x from location y, and a visibility function V(x;y), where V(Xx;y)

is the visibility between point x and light source pointy expressed as a Kronecker delta. To
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further simplify, since only one of the points (xq) lies in direct light | can solve for kq directly
by using the point indirect light X;. | can use a hemicube to calculate irradiance both with
and without direct light. The direct light calculation incl udes the intensity parameterS for
each point x4 and x;. | denote the irradiance for direct light as Egyrect (X; S) and indirect
as Eingirect (X). L(x ! ) is given by pixel values, assuming minimal camera sensor ad
lens error. The visibility function V (x;y) is calculated during the hemicube evaluation. This

leads a solution for the spot light intensity parameter S.

Lxi! ) _ L(Xq! )
Eindirect (Xi) Eindirect (Xd) + Edirect (Xd; S)

If I have several points in both direct and indirect light or choose to use multiple view-

kd = (55)

points , | can solve for kg, and then S by solving a larger linear system.

The next step is to determine the cuto angle for the directional light parameter. This
process is a minimization using the previously calculatedy and light intensity S. | evaluate
the lighting model from points (M) sampled along a line connecting the two user selected
points (Figure 5.10). This sampling insures that | cross thelighting cone boundary. The
hemicube irradiance estimate is updated to include the cutoangle , E(x;S; ). The goal
is to nd the angle that best explains the change in lighting in the 3D samples. Iseek to

minimize:

XLxi! )

argmin 7E (X; S )

K (5.6a)
X" M

using a simple search over the range of.
5.4 Determining Material Property Values

After the illumination information is determined, | have a g ood estimate for the natural
and arti cial light sources as well as texture for di use lig ht and Lambertian materials. The
material properties for Lambertian surfaces trivally fall out of equation 5.1. However, scenes
such as the one depicted in Figure 5.6 include specular suidas. Therefore, relighting these

surfaces requires estimating their specular re ectance faction (material properties). | can
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Figure 5.10: In order to estimate the spotlight cuto parameter, | choose the cuto angle that
minimizes the di erence between and estimated albedo and ¢hone calculated using the lighting
calculation along each point along the 3D line between a pdinn direct light and one in indirect

lighting.

substitute the estimated material properties for texture when rendering these surfaces for a
realistic appearance.

To determine material property values | take inspiration from Yu et al. [128] albeit using a
simpler shading model. A user selects an area of the same maitd (e.g., an area of hardwood
ooring) using an interactive interface. Like Yu et al., | al so avoid the hard problem of
automatic image segmentation. Next, | automatically sampk points from the selected area
that are visible from di erent viewpoints. This process assumes accurate geometry and is
problematic for highly textured surfaces. Then, for each skected area, | determine the value
of the parameters in the Phong [97] or Ward [124] shading modef,(x; ! ). These
values are determined using a non-linear solver to minimizerror between lighting values
calculated using the lighting models and colors seen in ther@inal unedited scene. | use

the lighting parameters L (X ) previously estimated with our hemicube formulation.
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Figure 5.11: Left: An original photo with the direction light to be estimated circled in red. Middle:
An image of the irradiance for each point in the image. This image only considers the di use light
generated by the VITA. Notice the lack of light on the cabinetRight: The e ect of the the estimated

spotlight on the irradiance image.

In initial experiments | used a Phong shading model, calculéing the di use and specular
componentsky and ks, and the shininess coe cient n, and a Levenberg Marquardt nonlinear

least squares solver [82]. The results of a simple experimeocan be seen in Figure 5.12.

z
X
argmin L(x! ) fr(x; ') L(x ) co9dNy; ) d! (5.7)
X" M )
where
R n
and
= Ks; Kg; N

In practice, the specular componentks can be simplied to a single intensity scalar
rather than a full RGB vector. In all | solved for ve variable s: the specularks component,

the di use kg RGB vector, and exponential term n.
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Figure 5.12: Left: An original photo. Right: An estimated specular oor using a hemicube irradiance
estimate calculated with only indirect light and a single inage. In this example | estimated a Phong
shading model, calculating the di use and specular compomgs kg and ks, and the shininess coe -
cient n. The simple estimate does replicate the detailed texture dhe original oor using a per pixel
albedo estimate. Note that the co ee table is not modeled anithus the legs disappear when rendering
along with its shadow. The oor is re-rendered using a coarsegrained hemicube interpolation, thus
producing a slighting grainy and blurry e ect due to samplirg error. This example illustrates the
importance of having both detailed geometry and a full ligihtg model including LRIs in order to

produce accurate results.

5.5 Rendering Remodeled Image-Based Geometry and Synthetic Ob jects

The light source models and material properties are used toight any synthetic objects
inserted into the scene, and to relight the edited scene. Syhetic objects are realistically lit
by calculating irradiance values (using hemicubes) for thesynthetic objects.

Rendering the scene can be divided into a three step procesSimilar to the Debevec
di erential rendering technique [30], | modulate the original image texture by the change
in lighting. If | assume the model is Lambertian, then relighting is simply multiplying a
pixel by the ratio of its irradiance before and after edits asin Figure 5.7. Let's revisit the

lighting equation, substituting Lambertian re ectance for a general function, and further
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substituting a hemicube lighting evaluation for the entire lighting integral. The light at any

pixel location is the product of the di use coe cient and the hemicube light integration.

z
L(x! )= fr(x; ' ) L(x ) cogNy; ) d!
“Z
kg L(x ) coqNy;) d!

X

KgH (x)

Let x indicate a position in the unedited scene, andk®be x's edited position and corre-

sponding environment. The corresponding pixel coloiL (x°! ) becomes:

LAxO1 ) kgHYX9
L(x! )  kgH(x)

_ HY%H
Lg%t )= H00

L(x! )

The rst step in the rendering process is to determine the irradiance in the scene at every
pixel before any edits. This is easily accomplished by using hemicube approximation. |
render a hemicube using the original unedited scene geomegtiand position for every pixel
in our image. Even if a piece of geometry has been moved, theght information is from
its original position and orientation. For example, if a wall has been moved, | need the
irradiance from its un-edited position. Obviously, | don't want to store the hemicube at
each pixel location, but | can store the relevant results sulb as the irradiance values, any
specular lighting components and texture values. The restlof this rst step is an image
comprising of irradiance values before and after the edit, he RGB texture values, and any
specular re ection components if any. The second step is to gtimate the irradiance for
every pixel in the edited scene. Using the textures and lighg of an edited scene, | have an
approximate solution for the irradiance in the edited scenel re-calculate and store each of
the light integrals. Finally, | update rendered texture wit h the irradiance ratio.

Note that this description assumes that the lighting changedue to the edit is minor and

does not e ect the VITA texture. If the edit dramatically cha nges the radiance, the VITA
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texture for the edited scene must be updated to re ect the chage in light due to the edit.
Given our assumption that the VITA texture is Lambertian, | i teratively update the VITA
texture by the irradiance ratio from the edit. This can be accomplished quickly by sampling
each texture and updating the samples. The results are intgrolated across the entire texture.
More speci cally, each face is sampled at a number of 3D loc&ns. Each sample location is
evaluated for an irradiance ratio. The samples are triangudted via Delaunay triangulation
[56] to create an interpolation mesh over the texture. The iradiance ratio is interpolated
over the mesh and the texture updated with the interpolated values. The irradiance ratio
converges to 1.0 after a few iterations. Once the VITA texture is updated, | can then use it

to calculate the irradiance for the edited scene geometry.

Figure 5.13: Three views of a synthetic object with speculahighlights. Note how the gure casts
shadows on the walls. Both the synthetic object and the oordve specular material properties, the

synthetic object's are user speci ed while the oor uses an gtimated value.

At this point | can incorporate material properties with spe cular highlights, and there-
fore synthetic objects into the scene. Now the hemicube appximation must not only ac-
count for lighting models, but material models. Further, when rendering an object with a
non-Lambertian material property, evaluating the re ecta nce function necessitates another
hemicube evaluation as the material calculation must detemine the incoming light at its
location. | am not interested in solving a radiosity solution, but rather a double bounce
approximation more akin to ray tracing. Care must be taken to avoid deeply nested recur-

sive hemicube evaluations. Fortunately the process is hidi parallel and can be formulated
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to take full advantage of all available CPUs on a cluster of mahines. Using a di erential

rendering paradigm, | can easily render synthetic objects hat cast shadows and interact
with the surrounding environment. Unlike Debevec, | do not have to assume that all distant
objects are photometrically isolated. | only assume the LR’ are isolated, therefore | do not
need to explicitly model a local area that de nes a lighting interaction (see Section 2.3.4).

Figure 5.14 shows the light interaction with a synthetic cabinet with the surrounding area.

Figure 5.14: Left: The rendered scene with a synthetic cabet. Right: An irradiance ratio image,

exaggerated to show secondary lighting e ects. Gray valuesdicate no change. The green tinge
along the ceiling and countertop show the re ected light frm the new cabinet door. The slightly
larger synthetic cabinets cast proportionally larger shadws onto the ceiling and countertops. The

enlarged shadow area is illustrated by the darker diagonahks in the ratio image.

In addition to simulating how edits and synthetic objects might appear in an actual pho-
tograph of an interior, there | also support limited interactive editing of material properties.
While a complete re-rendering and light evaluation is expesive, storing the results of the
incident light integral is easily accomplished. Ignoring £condary e ects, such as re ections
onto surrounding surfaces, editing a material parameter otside of the integral such as dif-
fusekq or the specularks can be done interactively. For example, one might choose todit

the di use component of a highly re ective cabinet to choosethe best color in a particular
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Figure 5.15: Interactive material editing can be accomplibed by using stored lighting integrals. In
this example, the cabinet door has a Phong material properfyalthough any lighting model could be
used. Both the di use and specular coe cients lie outside ofthe lighting integral and can be edited.
The specular parameter does not, and cannot be interactivgledited in this case. Note there are no

secondary bounce e ects such as the color of the cabinet recéing from the ceiling.

lighting environment.

A preliminary implementation designed to show the feasibiity of the approach results
in e ective visualizations of lighting edits.

Using the approach I've outlined in this chapter, | can e ectively model direct lights
such as conical spotlights, and capture and utilize naturalight sources such light streaming
in from a window. Our light model now enables rendering realstic synthetic objects in the
scene, complete with inter-re ections and shadows with exsting geometry using Lambertian
ratios. If | estimate specular material properties for geonetric objects modeled in the scene,
| can also use these estimates while rendering. It is now pagde re-render the scene and
capture changes in lighting due to edits such as a new window.

One obvious area for improvement would be to re ne the geometc model for lighting
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purposes. The course model reveals lighting artifacts for s-modeled objects that would not

be apparent from the photographs.
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Figure 5.16: Top right: A synthetic cabinet door with a rail pro le simulating that of a commercial
product. This is rendered without the spotlight modeled, nie how the spotlight pattern does not
resemble the original texture to the left. Bottom right: The same model using estimated spotlight

parameters.
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Figure 5.17: Top Left: Original photo. Top Right, Bottom row: Synthetic stool, notice the shadows
on the walls and oor. The glossy oor was not modeled so therés no re ection of the stool in the

oor.
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Chapter 6
CONCLUSIONS AND FUTURE WORK

In this thesis, | have described novel approaches to creatm visualizing, and editing
image-based models, and demonstrated how these approachem be used to create immer-
sive image-based model viewing experiences, and more impantly provided a foundation

for editing image-based models in an interactive environmet.

6.1 Contributions

To develop these approaches, | began by identifying the advaages and limitations of tra-
ditional image-based geometry techniques. | designed newepresentations, computational,
and interaction techniques to overcome a number of the limiations of previous techniques
and provided a pathway towards creating image-based geomet models that are as ed-
itable as traditional geometry while retaining the visual delity of the original photographic
images.

| applied these approaches in three chapters. In chapter 3,lang with my coauthor
Colin Zheng, | addressed the challenge of visualizing imageased geometry in a manner
that is both visually pleasing and enables story telling. Wedeveloped a GPU-accelerated,
image-based fast rendering algorithm that enabled the cretfon of such visualizations in
the form of camera paths and cinematic e ects commonly used ¥ cinematographers. To
avoid objectionable rendering artifacts (such as occlusio holes), we used the fast rendering
algorithm to quickly sample the parameter space of camera @wpoints and de ne a viable
region of camera parameters. This region was subsequenthsad to constrain an optimization
for a camera path that maximized parallax and conformed to chematic conventions. This
rendering algorithm also allowed users to create more compk camera paths interactively,
while experimenting with e ects such as focal length, depthof eld, and selective, depth-

based desaturation or brightening. We presented an automat, content-aware approach to
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applying cinematic conventions to an input of a few photograhs.

In chapter 4, | tackled the challenge of editing image-basedjeometry. To move image-
based models away from the limitations of view-only geomet to the broader class of
editable geometry, | describes a new approach for creatingral visualizing editable image-
based models in a photorealistic manner. Using this approdxg | presented an interactive
system that models, and then remodels image-based geometirythe context of home interior
architecture. This system supported creation of concise, @arameterized, and constrained
geometry, as well as remodeling directly from within the phdographs. Real-time texturing
of modi ed geometry was made possible by precomputing viewdependent textures for all
of the faces that are potentially visible to each original canera viewpoint, blending multiple
viewpoints, and hole- lling where necessary. The resultilg textures were stored and accessed
e ciently, enabling intuitive real-time realistic visual ization, modeling, and editing of the
building interior.

Finally, in chapter 5, | demonstrated how to extend image-baed remodeling systems to
enable lighting e ects. Using a combination of the view-degndent texture created in the
image-based remodeling system and radiosity form-factoramputations, | can estimate the
irradiance at any point in the my model. Using this approach, | can further estimate light
sources with the aid of some user annotation. Further, | can stimate re ectance properties
for non-Lambertian objects. Armed with a good estimate of the light, | am able to render
the lighting changes caused by model edits, and insert syntstic objects into the scene with

realistic lighting.
6.2 Future Work

Aside from more fully developing the relighting and synthetic object rendering, there are
several interesting directions to push this research. As nied earlier, there are several out-
standing limitations:

The geometry is coarse, imprecise, and contains some ocdlois and alignment errors.

The material properties of the geometry are unknown and may ke non-Lambertian.

The materials properties are not segmented and may vary ovethe span of a geometric

face.
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The rst limitation of course geometric models may be ameligated by using better
capture techniques, dense reconstruction, and hardware sh as depth cameras. However,
the problem remains as to how to best model the geometry so itan be edited.

In regards to estimating the material properties, | have shavn that once the light in the
scene is estimated, and a user manually segments an area withe same material, existing
techniques such as Yu et al.'s Inverse global illumination 128] can be used to estimate
the material. This process of manual segmentation is tediosl and remains dependent upon
accurate geometry. It is an interesting problem to automatically estimate material properties

given these to limitations.

6.2.1 Interaction

There are two interesting navigation related problems, oneduring model creation and the
other during visualization of the image-based model. Whenriteractively creating a model, a
user must navigate through the partially built model to select images or regions of the point
cloud to work on. Arikan's [3] system forces the user to diretty edit on the point cloud.

The user selects a plane on the point cloud, and the system aamatically positions the
user's viewpoint to be centered perpendicularly to the plam for further editing. In contrast,

the Image-based remodeling24] system avoids editing directly on point clouds under tke
assumption that point clouds are too di cult to comprehend. It would be useful to learn
more about how users interact with point clouds and images. h particular, determining

which operations are easier to perform on point clouds verssi photographs, and how to
seamlessly transition between the editing modes with a welllesigned user study might lead

to better modeling interfaces and user experience.

6.2.2 Navigation

In regard to visualizing image-based models, it would be udal to study y-though naviga-
tion of architectural structures to better understand the i mportant aspects of a y-though. It
is important to understand exactly which factors convey a sase of layout. Another potential

area of study is learning good viewpoints from examples phaigraphs of home interiors.
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6.2.3 Plenoptic texture synthesis

One outstanding, but interesting problem is texture reshapng and hole lling in the context
of image-based models. While there is a considerable amount work on texture synthesis,
very little of this work uses multiple images or attempts to Il holes in images where there
are known correspondences. An interesting problem to expte is hole lling in a manner
consistent with multiple viewpoints. A related problem is propagating geometric changes
in an image-based model to the associated view-dependentxiire in a plausible manner.

Finally, it would be interesting to generalize texture tran sfer to image-based models.
6.3 Conclusion

Image-based models far exceed traditional geometric modelin terms of realism. However
the ability to view, manipulate, and edit them is in its infan cy. While there is great utility
in creating visually beautiful but ultimately un-editable models, it would be a shame to
let such models languish in an immutable world of display-ofy geometry. In addition to
nding solutions for the immediate problems, | believe this area provides a rich vein of future
research. Our ever-improving capacity to capture images aah ability to create geometry from
them only makes the need for interactive editing tools more mportant. By focusing on the
goals of creating, viewing, and editing image-based geonmet and bringing these capabilities
up to the level of traditional geometric, and perhaps image diting tools, | hope to exploit
the realism and simplicity image-based geometry a ords. Itis my belief that such tools can
improve the ability of both amateurs and professionals to wok more easily with this sort
of geometry, not only for editing but also for other tasks that involve understanding and
communicating properties of real world objects, and transbrming those properties in ways

that we have only begun to explore.
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Appendix A
RADIOMETRY

A.1 De nitions

Dutre et al. [35] describe many useful terms and relationslgs. For convenience, some of
these terms are reproduced and adapted in this section.

A.1.1 Radiant Power or Flux

The fundamental radiometric quantity is radiant power, also called ux. Radiant power,
often denoted as , is expressed in watts {V)(joules=seq.

A.1.2 Irradiance

Irradiance (E), also called (1), is the incident radiant power on a surface, per unit surface

area. It is expressed inwatts=m?2:

E=1= - (A1)

A.1.3 Radiant Exitance or Radiosity

Radiant exitance (M), also called radiosity (B), is the exitant radiant power per unit surface

area and is also expressed iwatts=m?:

M=B=—— (A.2)

A.1.4 Radiance

Radiance is ux per unit projected area per unit solid angle (Lﬁs
P prol P 9'€ Steradian m?

expresses how much power arrives at (or leaves from) a certapoint on a surface, per unit

). Radiance

solid angle, and per unit projected area. Radiance is a ve-timensional quantity that varies
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with position x and direction vector , and is expressed asL(x; ). L(x! ) represents
the radiance leaving at pointx from direction . Whereas L (X ) represents the radiance
arriving at point x.
d? d?
= = A3
didA?  d!dAcos( ) (A-3)

The projected areaA”? is the area of the surface projected perpendicular to the diction

L

in which we are interested, and is the angle between and the normal at point Xx.

A.1.5 Relationships between Radiometric Quantities

Given the de nitions of the radiometric quantities above, t he following relationships between

these di erent terms can be derived:

zz
= L(x! ) cog )d! dA (A.4)
A
y
E(x)= L(x ) cog )d! (A.5)
y
B(x)= L(x! ) cog )d! (A.6)

where A is the total surface area and is the total hemispherical solid angle at each
point on the surface.L(x ! ) represents radiance leaving point x in direction . L(x )

represents radiance arriving at pointx from direction .

A.1.6 Diuse emitter

By de nition, a di use emitter emits equal radiance in all di rections from all its surface
points. Therefore, L(x ! ) = L. The relationship between the power, radiance, and

radiosity of a di use surface is:

= LA =BA (A7)
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A.1.7 Bidirectional re ectance distribution function (BR DF)

Ignoring e ects such as uorescence, phosphorescence, arsibsurface scattering, the re-
ectance properties of a surface are described by a re ectare function called the bidirec-
tional re ectance distribution function. The BRDF at a poin t x is de ned as the ratio of

the di erential radiance re ected in an exitant direction ( ), and the di erential irradiance

incident through a di erential solid angle (d! ). The BRDF is denoted asf (x; ! ):
dL(x! )
. | = -
fr(x; 1) Ex ) (A.8a)
_ dL(x! )
T L(x ) cogNy;) d! (A.8b)
|
dL(x! ) (A.8C)

“Lix ) Ny adi
where codNy; ) is the cosine of the angle formed by the normal vector at the point x,

Ny, and the incident direction vector .

A.1.8 Albedo

The BRDF of a di use surface can be de ned as:
frg to)= 4 (A.9)

The re ectance 4 represents the fraction of incident energy that is re ectedat a surface.

This term is also called albedo.

A.1.9 Diuse Shading Model

A Lambertian shading model where represents the light source, and is the direction of

the viewer is de ned as:
frx; ! )= kg= ¢ (A.10)

where kg is the di use coe cient of re ection.
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A.1.10 Phong Shading Model

The Phong shading model is de ned as:

R )"
N

frx; ! )= ke + kg (A.11)

where kg is the specular coe cient of re ection, and n is the shininess coe cient. For a
perfect re ector n equals in nity.
A.1.11 Ward Shading Model

The Ward model [124] is de ned as:

froa 1 )= S s (A12)

where h is the angle between the half-vector and the normal, 4, the di use re ectance,

the specular re ectance, and , a measure of the surface roughness. This model is energy

conserving unlike the Phong model.

A.1.12 Rendering

Dene Le(x! ) as the radiance emitted by the surface at x and in the outgoing direction

,and L;(x! ) the reected radiance. By conservation of energy:
L(x! )= Le(x! )+ Li(x! ) (A.13)

Radiance is the sum of all of the emitted and re ected light in the scene. If we integrate
light sources from direction over the hemisphere  at surface point x, radiance can be

summarized by the following:
z
L(x! )= Le(x! )+ fr(x; ! ) L(x ) coYNy; ) d! (A.14)
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