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ABSTRACT

New methods and tools for 3D-modeling of large
scale outdoor scenes using range and color images

Alejandro J. Troccoli

Systems for the creation of photorealistic models using range scans and digital pho-

tographs are becoming increasingly popular in a wide range of �elds, from reverse engineer-

ing to cultural heritage preservation. These systems employ a range�nder to acquire the

geometry information and a digital camera to measure color detail. But bringing together

a set of range scans and color images to produce an accurate and usable model isstill an

area of research with many unsolved problems.

In this dissertation we present new tools and methods for creating digital models from

range and color images, with emphasis in large-scale outdoor scenes. First, we address the

problem of range and color image registration. In this area, we introduce a semi-automatic

tool for range and color image registration that makes use of line-features to solve for the

position and orientation of the digital camera. This allows us to e�cientl y register images

of urban scenery. Secondly, we present a registration technique that uses the shadows cast

by the sun as cues �nd the correct camera pose, which we have successfully applied in the

creation of a digital model of an archaeological excavation in Monte Polizzo, Sicily.

We also address the problem of how to build seamless integrated texture maps from

images that were taken under di�erent illumination conditions. To ach ieve this we present

two di�erent solutions. The �rst one is to align all the images to the sam e illumination.

For this, we have developed a technique that computes a relightingoperator over the area

of overlap of a pair of images, which we then use to relight the entire image. Our proposed

method can handle images with shadows and can e�ectively remove the shadows from the



image, if required. The second technique uses the ratio of two imagesto factor out the di�use

re
ectance of an image from its illumination. We achieve this without any light measuring

device. By computing the actual re
ectance we remove from the imagesany e�ects of

the illumination, which then allows us to create new renderings under novel illumination

conditions.
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Chapter 1

Introduction

To create a visual reproduction of the world that surrounds us has always been a problem

that attracted a wide variety of people: from those interested purely in the magni�cence

of color, light and forms; to those mostly concerned with matter, atoms and photons. For

many centuries, recreating the world in stone or paper has been an art initself; but today,

with the advent of computers and di�erent kind of color and range sensors,creating accurate

visualizations of the world is a major problem of interest to the sciences. In fact, the task of

building digital geometric and photometric models of our surroundings has become a major

area of research in the computer graphics, vision, and robotics communities. Ultimately, the

goal is to build mathematical models and numerical representations thatcan explain why

objects look like they do. However, understanding visual appearance to the point of being

able to build these models is a daunting task, because ultimately,what we perceive is the

result of complex interactions between light, object geometry, surface re
ectance and sensor

response. Only by reasoning about the e�ects of each of these interactions will we be able to

build meaningful models and representations. The problem extendsbeyond its theoretical

importance, since there exists a wide array of practical applicationsthat demand highly

accurate geometric and photometric models: Virtual Reality, Digital Cinematography and
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Animation, Tele-Presence, and Cultural Heritage Preservation, are someof them, to name

a few.

The development of highly precise range sensors, multi-million pixel cameras and per-

sonal computers with commodity 3D graphics hardware, has simpli�ed signi�cantly the

task of acquiring digital models. Nevertheless, putting this raw input data together into a

usable form is still an area with unsolved problems. Much progress has been made recently

in automating the acquisition and modeling of small objects in controlled laboratory envi-

ronments [Lensch et al., 2003, Bernardini et al., 2002]. Outside controlled environments,

however, the digital modeling task becomes more di�cult and new challenges arise.

In this dissertation we present new methods and tools for modelinglarge scale outdoor

scenes. In these area, two major applications that have captured muchattention are urban

modeling and cultural heritage preservation. Research in the urban modeling is mostly

directed to developing complete systems that can acquire and process large city data in a

fast, systematic way, and with minimum human interaction. Since modeling a city requires

covering vast areas with di�erent types of sensors[Fr•uh, 2002], much emphasis is given to

speed of acquisition and data processing, but less attention is paid todetail preservation

and completeness. In contrast, cultural heritage preservation, is more geared towards detail

acquisition, accuracy and completeness. Projects in Cultural Heritage Preservation include

the modeling of statues, archaeological sites, and historic buildings[Ikeuchi et al., 2003]

[Beraldin et al., 2002], [Allen et al., 2001], [Levoy et al., 2000]. These models are intended

to serve art historians and archaeologists, for various purposes including research, digital

archiving and teaching.

The set of tools and methods that we present in this dissertation were motivated by

real-world interdisciplinary projects in which we have collaborated with people in art his-

tory, archaeology, and other disciplines of Computer Science. The �rstapplication is city

modeling, for which we are building a mobile robot platform to autonomously explore and

acquire a 3D model. The main goal is to build geometrically accurate and photometrically

correct models of complex outdoor urban environments. In addition, wehave been collab-
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orating with Prof. Stephen Murray to build a 3D model of the cathedral of St. Pierre

at Beauvais, France [Allen et al., 2003]. This cathedral is the tallest in Western Europe

and has su�ered from partial collapses more than once. A digital 3D model can provide

insightful information on its current state, allowing to identify p otential structural prob-

lems. It can also serve as a teaching aid, giving both faculty and students the possibility

of taking a virtual tour. Also with Prof. Murray, we have worked in mod eling a set of

Romanesque Churches of the Bourbonnais region, in France. The 3D modelswe have

built enable researchers to make shape comparisons, take measurements, and hypothesize

on the stages taken during the construction process, and the evolutionof the buildings

through time. Lastly, we have worked with archaeologists to build a model of an active

archaeological site, the Acropolis of Monte Polizzo, in Sicily[Troccoli and Allen, 2004,

Allen et al., 2004]. Dense 3D modeling using range scans is an invaluable tool in archae-

ology for both, analysis and documentation. An excavation of an archaeological siteis in

itself a destructive process. A layer with materials from a certain age or period needs to be

removed to uncover other layers. By using 3D range scans combined with images, we can

capture an accurate snapshots of the site.

In this dissertation we address some of the challenges that we have found make the

modeling of large-scale outdoor scenes a di�cult problem. We introduce new methods

and tools that help reduce the gap between the raw input data and a complete integrated

photorealistic models. The examples that we show are taken from each of the projects in

which we were involved.

1.1 Problem statement

The process of building a digital model begins with the acquisition of a set of range and

digital color images. Range images consist of 3D measurements in the form of (x; y; z) coor-

dinates. Color images measure the amount of re
ected light in three separate color bands.

Together, these images provide an accurate description of the geometry and appearance of
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Figure 1.1: The digital modeling pipeline

an object.

Figure 1.1 shows the steps required to obtain a photorealistic 3D model from the acquired

raw data. The range images are registered into the same coordinate systemand merged into

a usable representation, typically a triangular mesh. The color images are aligned to the

geometry and an integrated into a seamless texture map. Finally, the geometry and texture

maps are combined to produce a photorealistic 3D model. In an ideal scenario, a completely

automated system would take the range and color images, move through the steps described

above, and produce the �nal model without any user intervention. Currently, such a system
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is not available because the underlying problems that must be solvedto complete each of

the tasks in the modeling process are di�cult to automate. The major challenges at each

stage are:

Range image registration. Range image registration is solved by �nding correspondences

between a pair of range images. Sometimes these correspondences can be established

by placing special objects in the scene that act as �ducial marks. But in the more

general case, these correspondences are established by a human and used to compute

a coarse alignment that is later re�ned using an iterative algorithm (e.g. [Besl and

McKay, 1992]). Automatic feature extraction and matching is a challenging problem.

Range and color image registration. The registration of range and color images is

solved by �nding correspondences between the range data and the image data, and

solving for the parameters of a projection model that describes howthe range data is

mapped to the image. Again, automatic feature extraction and matching is a major

challenge.

Integration of color images into seamless texture maps. When working in environ-

ments when one has no control over the illumination, the creation of seamless texture

maps becomes a di�cult problem if the illumination changes throughout t he acqui-

sition process. A change in illumination will change visual appearance ofan object,

hence integrating multiple images that were acquired under variableillumination will

introduce seams in the model.

Each challenge mentioned above represents a major research problem.Despite all the at-

tention these problems have received from the research community, they still remain mostly

unsolved. These are important problems that need to be addressed to enable modeling of

large-scale environments. Some of these problems are intractable in the general case, but

solutions for speci�c application domains are achievable.

In this dissertation, we introduce new methods and tools forrange and color image

registration and for the integration of color images into seamless texture maps, with special
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emphasis on urban modeling and the creation of models of historic buildings and archae-

ological excavations. These domains share some common properties: they aregenerally

of large-scale and are set in outdoor environments, in which we have no control over the

illumination. Hence, one of the major problems we look into is how to create integrated

texture maps from images acquired under di�erent illuminations.

1.2 Contributions

Our main contributions are:

1. A semi-automatic method for the registration of range and color images of

architectural scenes. Our algorithm exploits the abundance of parallel line-features

in architectural environments to solve the registration problem. Details are given in

chapter 3 .

2. An algorithm for the registration of range and color images that uses the

shadows cast by the sun. For application domains where the parallel line features

are not common, we developed a registration method that uses the shadowscast by

the sun to �nd the position of the camera. Details are given in chapter 4 .

3. A relighting algorithm for the creation of seamless texture maps. One

possible way of creating seamless texture maps from images acquired under di�er-

ent lighting conditions is to bring all images to the same illumination by means of

a relighting operation. In chapter 5 we introduce an algorithm that computes a

relighting operator from the region of overlap of two images. This operator can then

be applied to the entire image to change its illumination. Our method works in the

presence of cast shadows, and can remove the shadows from the images.

4. An algorithm for computing illumination-free texture maps. This algorithm,

which is presented inchapter 6 , separates the shading from the texture to compute a

di�use re
ectance map (a.k.a. albedo map). We built our algorithm on the observation
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that the ratio of two images of a di�use object under di�erent illumin ations does not

depend on the object's texture. From the ratio image we recover a parametric model

of the illumination for each of the two images and then compute a di�use re
ectance

map of the scene. This re
ectance map can then be used to create renderings of

the object under novel illumination conditions. In contrast to prev ious work, our

algorithm does not require measurements of the scene illumination.
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Chapter 2

Related work

There has been signi�cant research in algorithms for building digital models using range

and color images, conducted by researchers working in computer vision,computer graphics

and robotics. In this chapter we present relevant related work, with particular emphasis in

the areas of registration of range and color images, and the creation of integrated seamless

integrated texture maps.

2.1 Range and color image registration

The registration of range and color images is a problem that is closely relatedto camera

calibration and pose estimation . The projection of a 3D point by a camera into a 2D

image is described by a mapping that depends on the position and orientation of the camera,

and on its internal parameters, which de�ne a projection model. Camera calibration is the

problem of measuring the internal parameters of a camera, which for perspective cameras

are: the principal point, focal length and lens distortion coe�cient s, plus the camera position

and orientation. Pose estimation is the problem of estimating these lasttwo for a camera

with known internal parameters. The solution to these problems is generally achieved by

computing a set of corresponding 3D and 2D features. Typically, these features are in the

form of points and lines, but recent algorithms have employed other types of features, such as
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silhouettes[Lenschet al., 2001], for example. In addition, there exist registration algorithms

that do not use features. Instead, these algorithms are based on intensity comparison

between a rendering of the model and the actual image, searching the space of camera

parameters for a point that maximizes the mutual dependence betweenthe two images.

2.1.1 Feature-based algorithms

Feature-based algorithms are extensively used in camera calibration.Typical camera cali-

bration algorithms [Tsai, 1987], [Heikkila and Silven, 1997], [Zhang, 2000], [Bouguet, 2001]

use point and line correspondences. Since an accurate calibration requires a large number

of correspondences and high-quality measurements, most methods usephotographs of a

specially designed pattern (typically a planar checkerboard pattern) from which the 3D and

2D features can easily be estimated. Depending on the imaging model, the number of corre-

spondences needed for a calibration varies. The least number of pointsrequired for solving

the camera calibration without lens distortion parameters is six, and the solution is found

using the direct linear transform (DLT) algorithm [Hartley and Zisserman, 2000]. Solving

for the lens distortion coe�cients requires a large number of correspondences distributed

all over the image for accurate results.

In the context of 3D photorealistic modeling using range and color images, camera

calibration and pose estimation methods work on 3D and 2D feature sets that areextracted

from the range and color images. Feature extraction is followed by feature matching, and

the resulting set of correspondences is used to compute the cameraparameters and pose. In

some instances, the camera internal calibration can be performed before-hand. Then, the

registration problem reduces to a camera pose problem with known internal parameters,

contributing to robustness and reducing the number of required feature matches.

Some modeling systems completely avoid the camera pose problem by design. For

example, certain laser-stripe scanners can capture both texture andgeometry with the same

camera and hence produce images that are already aligned to the geometry[Pulli et al., 1997,

Bernardini et al., 2002] (although in some cases di�erent 3D views will have to be aligned



10

together). Other system designers �x the camera rigidly to the rangesensor and run a

calibration only once in a laboratory environment using specially designed �ducial points

or landmarks of known geometry. A system with this characteristics wasdeveloped for the

Digital Michelangelo project of Levoy et al. [Levoy et al., 2000]. Pre-calibration, when

possible, has the advantage of avoiding any user driven post-processing at the expense of

sacri�cing 
exibility, because the two sensors are then co-located in space and time. Having

the two sensors �xed in a relative position can be problematic when these have very di�erent

characteristics (imaging range, resolution and �eld of view). Additionally, both color and

range images must be acquired at the same time, with no possibility of re-imaging if for

example, the illumination conditions are not good. Finally, appropriate measures must be

taken to guarantee that the calibration remains constant during the wholescanning process.

The limitations of the �xed-arrangement can be overcome when the camera is allowed

to be freely placed in space and time. In this case, however, each color image will need

to be registered. Di�erent kind of registration algorithms have been proposed for di�erent

types of applications. For example, in acquiring models of small objects (the size of a vase),

Rocchini et al. (1999) employ a two step process: �rst a user manually selects corresponding

points which are used to compute the camera projection; and later in asecond phase, a

local search procedure uses a correlation algorithm to �nd a better registration and re-

compute the camera parameters. Lenschet al. (2001) present an automatic method for

image registration based on silhouette matching, where the contour of a rendered version

of the object is matched against the silhouette of the object in the image.Their algorithm

does not require any user intervention, but their method is limited to cases where a single

image completely captures the object.

Some range �nders return, in addition to the 3D coordinates of each measurement, a

re
ected intensity value. The returned re
ectance values can beput together into a 2D

re
ectance image, and used for registration. Ikeuchiet al. (2003) propose a registration

algorithm that �nds edges in the re
ectance image and match these with edges in the color

image.
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In urban modeling, [Stamos and Allen, 2001] Stamos and Allen present an automatic

registration feature based-method for image registration. First, 2D lines are extracted from

the image by edge detection and line �tting. These lines are clustered according to their

intersection points and the major vanishing points are computed. Using three orthogonal

vanishing points, the internal camera parameters are estimated. Then, 3D line features are

extracted from the range images by segmenting these into planar regions and computing the

intersection of the segmented planes. The camera orientation is computed from matching

parallel line directions. Finally, the camera position is found by grouping 2D and 3D

lines into rectangles and running a RANSAC [Fischler and Bolles, 1987] based matching

procedure. This method is limited to very speci�c settings with three main orthogonal scene

directions and quadrangular features. More recently, the requirement that three orthogonal

scene directions be present was removed in[Liu and Stamos, 2005]. In this new version

of the camera pose algorithm, Liu and Stamos group 3D and 2D lines into higher order

features (3D parallelepipeds and 2D rectangles) to e�ciently search the space of 3D and 2D

feature matches.

2.1.2 Intensity-based algorithms

Intensity-based algorithms originated in the medical image community for multi-modal

registration of images acquired by di�erent sensors (MR images and CT scans, for example).

These algorithms measure the statistical dependence between two images using metrics from

information theory. In the context of range and intensity images, these algorithms compare

the intensity image with a rendering of the range image from a given camera pose and

compute their mutual dependence. The goal is to search the six dimensional space of

camera positions and orientations to �nd a global minimum or maximum of this metric.

The similarity metrics used in these automatic registration algorithm are based on the chi-

squared measure of dependence or the mutual information criterion.[Maes et al., 1997,

Hantak et al., 2004]. In the generation of the renderings of the 3D model, the model is

colored with the re
ectance values produced by the range sensor, which can be correlated
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with the texture of the scene. The robustness of these methods depend on the choice

of the optimization algorithm and the initial estimate provided. Since these information-

based metrics can show a number of local minima, gradient-descent methods might fail to

converge to a global minimum if the initial estimate is not good enough. At the expense of

a more costly search, simulated annealing (SA) has been used to avoid the local-minimum

problem. An analysis of the performance of di�erent metrics and optimization techniques

is given in [Hantak and Lastra, 2006]. The authors show that in order to achieve a good

registration using gradient descent methods, a very good initial estimate of the camera

position is needed. Otherwise, the optimization invariable converges to a local minimum.

2.2 Seamless texture map integration

The last step in the 3D digital modeling pipeline is the creation of a seamless texture map.

The input to this task is a set of color images, their camera parameters and the geometry

of the scene. The output is a seamless texture map that can be used to produce photo-

realistic renderings. The challenge is to combine all the input images in such a way that

the �nal result looks seamless. This can be a di�cult problem for several reasons. First,

the images are taken from di�erent points of view, which means they show di�erent degrees

of foreshortening and view-dependent e�ects. In addition, the illumination and camera

parameters might have changed from one shot to the next, resulting in images with color

mismatches.

Previous work in this area can be divided into three di�erent categories:

1. Systems that assume that all images were acquired under constant illumination. These

systems generate the �nal rendering by selecting an optimal weighting of the available

images according to di�erent factors.

2. Systems that do not make the constant illumination assumption and use color correc-

tion or relighting to obtain seamless models.
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3. Systems that use the available images to run an inverse rendering algorithm and

compute surface re
ectance, obtaining and illumination-free texture representation

that can be used to create new renderings under any illumination condition.

In the remaining of this section, we explore the solutions that have been proposed in

each of the above categories.

2.2.1 Optimal image blending under constant illumination

Systems in this category assume that the available images have been taken under constant

illumination. Then, when creating a seamless texture map, only thefollowing factors have

to be taken into account: foreshortening, view-dependent e�ects,and image resolution.

Hence, it makes sense that most of the systems in this category create the �nal texture

map using a weighted interpolation of the input views. The weights are�xed according to:

a) the angle between the viewing direction and the camera's principalaxis, b) the angle

between the surface normal and the camera's principal axis, c) the pixel to surface ratio,

d) the distance of the pixels to the �eld of view boundary. Debevecet al. (1996) use a

weighted average of two images based on the angle between the current viewing direction

and the direction to the camera, a.k.a. view dependent texture mapping (VDTM). Pulli

et al. (1997) combine weights that depend on the viewing direction , the normal to the

surface and the �eld of view. Buehler et al. (2001) follow a similar approach but they also

take resolution into account, so that images that have a good pixel to arearatio are given

more importance. Finally, Wang et al. (2001) introduce an optimal texture reconstruction

method based on a signal-processing approach.

2.2.2 Color correction and relighting

When the illumination or camera parameters are di�erent across the images, a blending

algorithm will not produce seamless results. For these cases, two di�erent solutions have

been used: a) to apply a color transform, b) to relight the input images to a consistent

illumination.
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The color transform approach is good for �xing camera parameters and small changes

in the illumination, such as chromatic or intensity changes. An examplein this direction

is the work of [Agathos and Fisher, 2003]. To obtain a seamless texture map, a global

3x3 color correction matrix is computed. The matrix is computed from pixel intensity

constraints obtained from the overlap region of the two images, taking careto discard

pixels in shadow or highlight areas by thresholding. Once the matrix iscomputed, one of

the images is color-corrected. In[Bannai et al., 2004], this pairwise color correction scheme

is generalized to multiple input views. It is unclear the extent to which these methods can

handle illumination changes, since the results that are presented in [Agathos and Fisher,

2003] are for small convex objects captured under laboratory conditions.

On the other hand, Beauchesne and Roy (2003) take the relighting path and compute

a relighting operator that they apply to a pair of input images to create a new set of

images with consistent lighting. For convex Lambertian objects, they observe that the

ratio of pixels corresponding to surface points with the same normal should be constant

(provided the non-linear e�ects of the camera gain had been removed). On the area of

overlap of the two images they compute the "ratio lighting". Then, to rel ight pixels in the

non-overlapping region, they lookup the pre-computed ratio for the corresponding surface

normal and multiply it by the pixel intensity. To extrapolate for uns een normals they use

a �ltering mechanism based on a Gaussian kernel.

2.2.3 Inverse rendering

We consider now inverse-rendering techniques and their uses in the creation of seamless

texture maps. Inverse-rendering techniques are image-based methods that revert the im-

age information process to solve for some scene unknown, such as illumination or surface

re
ectance. If we can solve for a scene's re
ectance properties froma collection of images,

then we can create a seamless integrated texture-map that is relightable, i.e. that we can

use to render a model under di�erent illumination conditions. In the remaining of this

section we describe the theory behind inverse rendering and related works.
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When a camera photographs a scene, it measures the intensity of light re
ected from

the scene towards it. Light re
ected from a scene pointx depends on a combination of

factors. It depends on the illumination reaching the surface, whichis the combination of

light from light sources and light re
ected by other scene points, and it also depends on

how a surface re
ects light. In mathematical terms, the light re
ec ted by a point x in the

direction ( � o; � o) expressed in local coordinates with respect to the surface normalis given

by:

B (x; � o; � o) =
Z


 i

L(x; � i ; � i )f r (x ; � i ; � i ; � o; � o) cos� i d! i (2.1)

where L is the incident illumination and f r is the bidirectional-re
ectance distribution

function (BRDF) which describes how a surface re
ects light. A BRDF that varies over the

surface of an object is referred to as a spatially varying bidirectional-re
ectance distribution

function (SBRDF). For now, we will use the terms BRDF and SBRDF in terchangeably to

denote surface re
ectance, but we will make a special note when these do not mean the

same.

For simplicity, the re
ected light equation (2.1) does not account for t he e�ects of

subsurface scattering, which we will not address here. Certain materials, such as marble

and skin, show some degree of translucency. This means that light scatters inside the

material before being absorbed or leaving the material at a di�erent point. These e�ects

are modeled in the work of[Jensenet al., 2001]. In addition, we also omitted from the above

equation (2.1) a dependence on wavelength. Materials will re
ect di�erent wavelengths in

a di�erent way, hence the BRDF is wavelength-dependent. In practice, this dependence is

handled by replicating the re
ected light equation once for each of thered, green and blue

(RGB) components.

To justify inverse-rendering, a relationship between the radiance re
ected by a scene

point and the recorded value of that point in a photograph (image irradiance) must be

established. These two quantities are related, and the fundamentalrelationship, which is
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derived in detail in [Horn, 1986], is described by the following equation:

E = B (x)
�
4

�
d
f

� 2

cos4 �: (2.2)

In (2.2) above, E is the image irradiance,d is the diameter of the lens andf its focal length.

The factor of proportionality includes the inverse of the square of the e�ective f � number

and a term that falls-o� with the cosine to the fourth power of the angle t he incident ray

makes with the optical axis of the camera. For images that cover a narrow angle, this term

is not important; indeed, vignetting e�ects due to multiple lens apertures aligned along the

optical axis might cause more serious attenuation of brightness. In addition, some cameras

add a non-linear transform in the imaging process to obtain an image that can be displayed

on a computer screen and compress the range of measured intensity values. This transform

is called the camera'sresponse function. For equation (2.2) to hold, the e�ects of the camera

response must be removed from the images.

Now that we have established that image irradiance is proportional to scene radiance,

we can enumerate di�erent problems that arise in the context of inverse-rendering given one

or more photographs of the scene. Solving for the illumination given a photograph and the

BRDF is a problem that [Marschner, 1998] in his PhD dissertation calls inverse-lighting.

On the other hand, if the illumination and the scene geometry are known, one can solve for

the BRDF. This problem is called image-based re
ectometry.

In the context of 3D scene modeling, inverse-lighting and image-basedre
ectometry are

problems of signi�cant importance because they take image-based techniques a step fur-

ther than simple view-dependent weighted average, enabling a wider range of applications.

However, recovering and representing spatially-varying re
ectance and/or illumination is

a di�cult problem, it involves high-dimensional functions and not alw ays well-posed. For

these reasons and to make equation (2.1) tractable, it is common practice torelax cer-

tain conditions. First, it is typical and sometimes reasonable to assume that sources of

illumination are far away from the scene, therefore making the illumination �eld the same
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for all scene points. In addition, with the exception of the works of [Yu et al., 1999,

Debevecet al., 2004], the indirect illumination contributions are usually dropped out, e i-

ther by assuming the scene consists of a single convex object or by ignoring interre
ections.

Under these assumptions, the re
ected light equation becomes:

B (x; � o; � o) =
Z


 i

V(x; � i ; � i )L (� i ; � i )f r (x ; � i ; � i ; � o; � o) cos� i d! i ; (2.3)

where the illumination does no longer depend on the scene point, andV is a visibility term

that accounts for occlusions to the distant light sources. Inverse rendering techniques take as

input an image and the scene geometry, plus if known, either the BRDFor the illumination,

and solve for the missing elements of the above equation.

Inverse rendering taxonomy

To put previous work in context, we will use the taxonomy introduced by Ramamoorthi and

Hanrahan (2001b), based on which of the three quantities -lighting, BRDF and texture- are

known. This taxonomy is derived from the following simpli�ed version of equation (2.3),

in which spatially varying re
ectance is decoupled into a texture component and a BRDF

component:

B (x; � o; � o) =
Z


 i

L(� i ; � i )T(x)f r (� i ; � i ; � o; � o) cos� i d! i : (2.4)

Here, T denotes a single texture that spatially modulates the BRDF. In practice, one will

need separate textures for the di�use and specular components.

Because it is unpractical to represent the BRDF by enumeration of allits possible values,

researchers have looked for e�cient and more compact representationsthat make the image-

based re
ectometry process more tractable. For isotropic materials, the BRDF can be

reduced to a 3D function. However, even for a 3D function, the numberof measurements

required to completely acquire the BRDF of an object is large. Further simpli�cations

can be done if one can assume that the re
ectance on a surface point followsa certain
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parametric model that depends on a small number of parameters. The simplest of such

models is the Lambertian re
ectance model, which states that light is scattered equally in

all outgoing directions and hence the BRDF is a constant. Other physically based models

are Oren and Nayar's model for rough di�use objects[Oren and Nayar, 1994], and Cook and

Torrance's model for materials with specularities[Cook and Torrance, 1982]. In physically

based models, each parameters is associated with a physical propertyof the material. In

contrast, there exist empirical models of re
ectance that were proposed to serve for �tting

re
ectance data. In this category are Ward's model for anisotropic re
ection [Ward, 1992],

and Lafortune's model for modeling specularities at di�erent re
ection angles [Lafortune et

al., 1997]. Most image-based re
ectometry applications assume the BRDF takes theform

of one of these parametric models. There are a few exceptions, however. In their signal-

processing framework for inverse rendering, Ramamoorthi and Hanrahan (2001b) introduce

the theory and necessary conditions needed to recover a frequency-space representation

of the BRDF and also show how frequency-space representations can becombined with

parametric models. In their data driven approach, Matusik et al. (2003) acquire a very

dense set of samples to represent the entire BRDF.

2.2.3.1 Known illumination

A large number of image-based re
ectometry techniques are based on known or measured

illumination. Sato et al. (1997) introduce a system to estimate spatially varying di�use

plus specular re
ectance. Since measuring a specular lobe requires a signi�cant number

of samples, they assume the specular component to be homogenous on the whole surface

of the object. Marschner (1998) measures Lambertian re
ectance at each surface point,

computing a weighted average of all data from all the images that see the point. The

images are acquired under a point light source that is rigidly attached to the camera.

Debevecet al. (2000) acquire the re
ectance �eld of a human face. For this, they built a

light stage, a two-axis of rotation device that allows them to densely sample the space of

light directions. From the acquired set of images, they �nd spatially varying parameters of



19

a modi�ed version of the microfacet model of Torrance and Sparrow (1967). Rocchini et al.,

Bernardini et al. (2002, 2001) use images captured under controlled illumination to obtain

high-quality albedo maps and surface normals using photometric stereo,which are then

mapped to a previously scanned object. Going beyond Lambertian re
ection, Ramamoorthi

and Hanrahan (2001b) describe algorithms to recover spherical harmonic BRDFcoe�cients

and a simpli�ed 4-parameter Torrence-Sparrow microfacet BRDF. An algorithm is also

presented to recover textured BRDFs by allowing the parametersof the microfacet BRDF

to vary spatially. Lensch et al. (2003) computes spatially varying re
ectance of objects

consisting of di�erent materials. Their method �ts the data to a Lafor tune representation

of the BRDF and clusters similar materials together, generating a basisof BRDFs per

material. Spatial variation within a single material is captured by proj ecting the measured

data at each surface point to the BRDF basis of the corresponding material. In their setting,

an object is illuminated by a point-source, and the direction of the light is recovered from

the image of an arrangement of specular spheres that is placed in the scene.

Extending image-based re
ectometry to outdoor scenes is a di�cult problem. To begin

with, there is no control over the illumination of the scene (unless images are acquired at

night time when the moon is not visible). During the day, the sources of illumination are

the sun and sky. To solve for re
ectance of outdoor scenes, two main approaches have

been taken. The �rst approach uses a parametric model for sun and sky light. The work

of Love (1997) falls in the �rst category; keeping the camera �xed, Love acquires a set of

images of a 
at sample at di�erent times of the day. Then, using a sky andsun model, Love

solves for a parametric BRDF. A second approach is to measure the incident illumination

using a special device. In the work of Yu and Malik (1998), the illumination is measured

using photographs of the sky and the surrounding environments. Any missing regions of

the sky are �lled by �nding the parameters of a sky model from the image data. For

the BRDF a dichromatic di�use plus specular model is used, wherethe di�use component

varies over the surface and the specular is constant for every surfacepatch. More recently,

Debevecet al. (2004) introduced a novel lighting measurement apparatus that can record
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the high dynamic range of both, sunlit and cloudy environments, using aset of specular

and di�use calibrated spheres. Their proposed method estimates spatially varying di�use

surface re
ectance using an iterative inverse global illumination technique.

2.2.3.2 Unknown illumination

To measure texture or the BRDF under unknown illumination is a di� cult problem which

requires to solve for both, the lighting and the surface re
ectance,simultaneously. This

turns out to be a factorization operation, in which the image measurements are factored

into its re
ectance and illumination components. This factorization i s tractable under cer-

tain conditions. For the case of an object consists of a single homogenous material, [Ikeuchi

and Sato, 1991] recover the position of a a point-source and the parameters of a dichromatic

di�use and specular model of an object using range and brightness images.Ramamoorthi

and Hanrahan (2001b) recover a microfacet BRDF model of curved surfaces under un-

known complex illumination. Since the theory predicts that for low-frequency lighting the

estimation of the surface roughness is ill-conditioned, their method requires that a single

directional light source be present in addition to any low frequencyillumination. In the

more general case of textured surfaces, the factorization problem has a non-ambiguous solu-

tion only when the texture has high-frequency components. Under this assumption, Ohet

al. (2001) use bilateral �ltering to factor texture variations from low frequ ency illumination

e�ects in their proposed photo-editing system. But for low frequency textures, lighting

and texture can only be factored using active methods or making assumptions about their

expected characteristics.

2.3 Work in context

We conclude this chapter by placing our work in context and comparing it to previous

systems for modeling from range and intensity images. We consider thesystems of:

1. Levoy et al. (2000) used for the modeling Michelangelo's David and other statues;
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2. Bernardini et al. (2002) for modeling Michelangelo's Pieta;

3. Rocchini et al. (2002) for acquiring, stitching and blending di�use appearance at-

tributes;

4. Lenschet al. (2003) for acquiring spatial varying appearance and geometric detail;

5. Yu and Malik (1998) for acquiring photometric details of architectural scenes from

photographs;

6. Debevecet al. (2004) for measuring surface re
ectance under complex natural illumi-

nation.

7. Liu and Stamos (2005), Liu et al. (2006) for the automatic registration of range and

image data in urban settings.

In the comparisons that follow, we consider two main characteristics: how the other

systems solve the texture registration problem and how they integrate the color images into

a seamless texture map. Table 2.1 compares the techniques used for texture registration.

First we consider the camera arrangement, and we distinguish between the systems that

allow for free camera placement and systems that �x the camera with respect to the range

sensor. For those cases in which the camera's position is unconstrained, we indicate the

registration technique used. Table 2.2 compares existing modelingsystems with respect to

re
ectance estimation. We show the assumptions placed on the illumination model and the

type of re
ectance attributes that are recovered. For the illuminat ion model, we consider the

illumination type, making a distinction between those methods that use point light sources

and those that allow for more complex illumination environments. We alsoindicate if the

illumination is calibrated using a special device, or solved from theimages; and if the model

takes interre
ections and cast shadows into account. For the re
ectance model, we note if

the system solves for di�use appearance only or both, di�use and specular parameters. Our

work di�ers from previous work in the following areas:
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Large scale outdoor scenes. Most of the previously listed systems are designed for the

acquisition of small objects in lab controlled environments. The exceptions are the

systems of[Yu and Malik, 1998], [Debevecet al., 2004] and [Liu et al., 2006]. The

work of [Yu and Malik, 1998] builds the 3D model manually from the images and does

not use range data at all. Hence, it is unlikely that it will scale to large environments.

Texture registration. Our shadow-based registration tool is the �rst of its kind, as far as

we know. Shadows have been used extensively in other areas of computer vision but

not for texture registration. With respect to our semi-automatic tool f or registration

of images of architectural scenes, it is inspired on the work of[Stamos and Allen,

2001]. Our tool can handle more general conditions not limited to scenes withthree

orthogonal vanishing points. However, the most recent works of[Liu and Stamos,

2005] and [Liu et al., 2006] have produced tools that can handle more general cases and

register images using a combination of feature matching and structure from motion

that can achieve robust registrations.

Seamless texture map integration. We propose two solutions for the generation of

seamless texture maps: a relighting approach and a factorization technique which

decouples illumination from texture. The main distinguishing feature of these two

techniques is that they do not require a special device to measurethe illumination

of the scene, as required in the works of[Yu and Malik, 1998] and [Debevecet al.,

2004]. Our relighting approach is similar to the work of [Beauchesne and Roy, 2003].

We extend this work to outdoor scenes with shadows, and show to it ispossible to

obtain shadow-free images. The factorization technique uses a ratio of images to solve

for the illumination component. Though our main motivation was the modeling of

outdoor scenes, the factorization technique can handle di�erent settings, as described

in chapter 6. We are able to solve the factorization any ambiguity, by assuming di�use

Lambertian like surfaces and speci�c illumination models.
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Camera
Arrangement Registration

Levoy et al. (2000) �xed pre-calibration
Rocchini et al. (2002) free placement manual + optimization
Bernardini et al. (2002) �xed pre-calibration
Lenschet al. (2003) free placement silhouettes
Yu and Malik (1998) free placement manual
Debevecet al. (2004) free placement semi-automatic
Liu and Stamos (2005),
Liu et al. (2006)

free placement automatic

Ours free placement semi-automatic/shadows

Table 2.1: This table compares existing modeling systems with respect to sensor arrange-
ment and texture registration.

Illumination Re
ectance
Model Irref Shdws Model

Levoy et al. (2000) point/calibrated no no di�use
Rocchini et al. (2002) point/calibrated no no di�use
Bernardini et al. (2002) point/calibrated no no di�use
Lenschet al. (2003) point/calibrated no no di�. + spec.
Yu and Malik (1998) natural/calibrated no yes di�. + spec.
Debevecet al. (2004) natural/calibrated yes yes di�use
Liu and Stamos (2005),
Liu et al. (2006)

not applicable

Ours natural/relighting or
solve parametric

no yes di�use

Table 2.2: This table compares existing modeling systems with respect to re
ectance esti-
mation. We show the assumptions on the illumination model and the typeof re
ectance
attributes that are solved for. For the illumination model, we consider its type (calibrated
point light source, natural illumination), and if it considers interr e
ections and shadows.
For the re
ectance model, we note if the system solves for di�use appearance only or both,
di�use and specular parameters.



24

Chapter 3

Range and intensity image

registration using points and lines.

In this chapter we address the problem of image and range data registrationusing point

and line features. Registration is a required step for all 3D modelingapplications wanting

to achieve photorealistic renderings from photographs and range data. To bring the range

and image data into registration is to �nd a mapping between 3D points in the world

with 2D points in an image. In general, this mapping is described by a camera model

plus the camera position and orientation in the world, and is computed from either feature

correspondences or maximizing a metric of mutual information. In chapter 2 we reviewed

di�erent methods for automatic and semi-automatic registration. In thi s chapter and the

next one, we describe a set of tools that we have developed for this purpose. Our main

goal is to provide a set of registration tools that reduce user-intervention and achieve high-

quality registrations. For this purpose, we have developed three tools that require di�erent

degrees of user-intervention and can be applicable in modeling of outdoor scenes:

Point-and-click. Our �rst tool is a point and click interface for users to select point

correspondences and solve for the camera parameters.

Line-based. The second tool uses a semi-automatic registration algorithm that uses line-
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features extracted from range and image data to �nd the correct camera pose.

Shadow-based. The third tool uses the shadows cast by the sun as clues for the �nding

the correct camera pose. We developed this tool for modeling archaeological sites.

In this chapter we describe the algorithms we use in the point-and-click and line-based

registration tools. Next, we review the camera model and algorithms used in these tools.

The shadow-based registration algorithm is described in detail in chapter 4.

3.1 Camera model

A camera model describes how a camera maps 3D world points to the 2D imageplane. A

detailed mathematical analysis of di�erent camera models used in computer vision can be

found in Hartley and Zisserman (2000). The simplest of all models is the pinhole camera

model. Under this model, a point in 3D spaceX world is mapped to the point xcam , which

is the point of intersection between the line joining X world with the camera center C and

the image plane, as shown in �gure 3.1. The line from the camera center tothe image plane

is the principal axis, which intersects the image plane at theprincipal point . When image

and world points are represented by homogeneous vectors, this projection can be written

as a linear mapping between using matrix notation:

xcam
T =

2

6
6
6
6
4

f p x

f p y

1

3

7
7
7
7
5

X world
T : (3.1)

Here f is the distance between the camera center and the image plane, typically referred

to as focal length and px and py are the image coordinates of the principal point. This

projection model has three parametersf; p x ; py and assumes the center of the camera is the

origin of the world coordinate system. This is not usually the case, points in the world will

be expressed in world coordinates and points in the image, in image coordinates, generally

measured in pixels. Since both of these coordinate systems are Euclidean frames, there
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Figure 3.1: Image formation showing the relationship between a world point X , its projec-
tion point x and the camera's position and orientation in the world.

exists a rotation and translation that brings the two frames into alignment, plus a scaling

factor between distance units in the world and pixel units. Thus, the projection of world

points to image coordinates can now be written as:

xcam = K [ R j t ]X world ; (3.2)

where R is a rotation matrix that describes the orientation of the camera with respect to

the world coordinate frame, t is a translation vector that indicates the camera position in

the world, and K is a 3x3 matrix of the form:

K =

2

6
6
6
6
4

f x s x0

f y y0

1

3

7
7
7
7
5

: (3.3)

In (3.3), f x and f y represent the focal length of the camera in terms of pixel dimensions

in the x and y directions respectively, (x0, y0) are the coordinates of the the camera's

principal point in pixels, and s is a skew parameter that measures the orthogonality of the
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x and y camera axes. This parameter is zero for most cameras. The matrixK is known as

the camera calibration matrix containing the cameraintrinsic parameters, and the rotation

and translation (R ,t ) are the camera'sextrinsic parameters. The intrinsic and extrinsic

parameters can be combined into a 3x4 camera projection matrix of the form:

P = K [ R j t ] ; (3.4)

which for a matrix K of the form (3.3) describes a�nite projective camera . A �nite

projective camera has 11 degrees of freedom.

This linear model of projection is an ideal model; for real lenses, the linear assumption

does not hold, due to lens distortion. The most common e�ect is that of radial distortion,

which is modeled as a mapping between points in the image plane as:

0

B
@

xd

yd

1

C
A = L(~r )

0

B
@

~x

~y

1

C
A (3.5)

where (~x; ~y) is the ideal image position which obeys the linear projection model,(xd; yd) is

the actual image position after distortion, ~r is the radius from the center for radial distortion

(which is sometimes assumed to be equal to the camera's principal point), and L(~r ) is the

distortion factor that depends on the radius ~r alone. The function L(~r ) is generally de�ned

as a polynomial on ~r :

L (~r ) = 1 + � 1~r + � 2~r 2 + � 3~r 3 : : : (3.6)

Here, � i are the distortion coe�cients, which belong to the set of the intri nsic camera

parameters. The e�ects of radial distortion can be removed from an image bymeans of

a non-linear image warp. The resulting image is the one that would have been obtained

under a perfect linear camera.
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Figure 3.2: Point-and-click user interface for image registration. The user is presented with
a view of both, the range and color images, selects a set of corresponding points and solves
for the camera parameters.

3.2 Finding the camera parameters from point correspon-

dences

Given a set of corresponding world and image points, it is the goal of the registration

tool to �nd the camera parameters that best �ts the provided data. In t his section we

describe the main algorithms and procedures we have implemented to solve for the camera

calibration using point correspondences, and which we have implemented into our point-

and-click interface shown in �gure 3.2. Correspondences are selected manually by a user,

which is given a view of both, the color image and the range data. Once the correspondences

are selected, the user is given the option to solve for both the camera intrinsic and extrinsic

parameters, or load a set of previously computed intrinsic parameters and compute the

camera pose (rotation and translation) only. We now outline a solution to the problem
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of �nding both the intrinsic and extrinsic parameters simultaneously, and then present a

solution to the problem of pose estimation for a camera with a known calibration matrix

K . Most of the techniques we implemented in our tools work on the assumption of a pure

pinhole camera, with no radial distortion. However, for those methods in which the camera

intrinsics are assumed known, the radial distortion coe�cients are computed as part of the

camera intrinsic parameters, and the e�ects of distortion are removed from the images.

3.2.1 Solving for the camera intrinsic and extrinsic parameters simul ta-

neously

Given a set of corresponding point pairs (X i ; x i ), where X i is a 3D point and x i an image

point, the direct linear transform (DLT) is a linear algorithm that comp utes the 3x4 pro-

jection matrix P of (3.4). Assuming both X i and x i are given in homogenous coordinates

the DLT algorithm �nds the projection matrix P that best �ts the equations P X i = x i .

The equality relationship between vectorsP X i and x i is the equality between homogeneous

vectors. Although algebraically P X i and x i might not be equal, they can still represent the

same point. However, two homogeneous vectors that represent the same point satisfy the

condition that the cross product of the two will be zero. From this property, the following

linear constraints on P can be obtained:

2

6
4

0T � wi X i
T yi X i

T

wi X i
T 0T � x i X i

T

3

7
5 =

0

B
B
B
B
@

P 1

P 2

P 3

1

C
C
C
C
A

= 0; (3.7)

whereP i is a row ofP . From a set ofn point correspondences a 2n� 12 matrix A is obtained

by stacking up the equations (3.7). Then, the matrix P can be found by solving the linear

systemA p = 0. At least 6 point correspondences are required to obtain a solution. Due to

noise in the data, typically an over-determined system withn > 6 is solved. In this case, one

seeks the solution the minimizeskA pk subject to kpk = 1, which is given by the singular

vector of A corresponding to its smallest singular value. Solving forP using singular value
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decomposition gives the solution that minimizes the algebraic error. A more meaningful

metric to minimize is the geometric error, de�ned over the set of correspondences as:

X

i

d(x i ; P X i )2: (3.8)

Here, d is the Euclidean distance. To minimize the geometric error requires to solve a non-

linear least-squares problem using an iterative gradient descent method such as Levenberg

Marquardt. In this case, the solution obtained by the DLT algorithm can be used as the

starting point for the minimization.

The matrix P obtained from the previous steps is a general projective matrix. In some

cases, it might be more desirable to restrict the camera by settingconditions on the camera

parameters. For instance, we might want to set the skews to zero and enforce the condition

that pixels are square by requiringf x = f y . These conditions can be enforced in the iterative

minimization of the geometric error. As before, an initial solution is computed using the

DLT algorithm. One can also introduce in the iterative minimization t he radial distortion

coe�cients. But in practice, solving for the radial distortion parame ters from manually

selected point correspondences might not yield optimal results and requires a large number

of points.

3.2.2 Solving for the pose of a camera with known intrinsics

In many situations, the camera intrinsic parameters can be found from aset of images of

a calibration object, such as a planar checkerboard[Bouguet, 2001]. A calibration object

facilitates feature extraction and matching. Typically, features computed on images of a

calibration object are accurate and abundant. For this reason, using a calibration object

is generally more accurate than computing the camera parameters from manually selected

range and image correspondences, because of the larger number of points involved in the

optimization. In addition, the radial distortion parameters can be accurately computed.

When the camera intrinsics are known, one needs only to solve for thecamera orientation
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and position to completely register the range and color images. The solutionto this problem

is found by iteratively minimizing the geometric error (3.8), �xing the camera intrinsic

parameters and optimizing over the camera pose. Still, this requires a set of corresponding

features plus a good initial estimate of the camera pose for the initialization of the nonlinear

minimizer. Ideally, one would like to obtain this set of initial parameters from as few

correspondences as possible using a closed form or linear method. We use for this purpose

the linear algorithm of Ansar and Daniilidis (2003), which guarantees to return a unique

solution for a minimum of 4 point correspondences.

Given n � 4 point correspondences, the algorithm of[Ansar and Daniilidis, 2003] �nds

the depth of each point by enforcing the rigidity of the distance between all possible com-

bination of points. The solution is obtained by linearizing a set of quadratic equations

and solving for the depths. After the depths of have been computed, the camera position

and orientation can be found by solving a 3D to 3D point registration problem using the

technique of Horn (1987).

We now summarize the steps required to solve for the position and orientation of the

camera for the case were the intrinsic parameters are known or have been pre-computed:

1. Remove the e�ects of radial distortion (if any) from the image to register.

2. Select at least 4 point correspondences between the intensity and range image.

3. Solve for the camera pose using the algorithm of[Ansar and Daniilidis, 2003].

4. Minimize the geometric error (3.8) using a gradient descent technique such as

Levenberg-Marquardt using the camera pose computed in the previousstep as initial

estimate.

We have implemented these steps in our point-and-click tool. Theonly disadvantage

of this approach is that, once the camera parameters have been solved, the camera's focal

distance is �xed for the entire acquisition process. However, we have found this not to be

a problem when imaging distant objects such as buildings.
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3.3 Semi-automatic registration based on line features

The point-based registration algorithm presented in the previous section requires a user to

select correspondences. Although the number of correspondences required for an accurate

registration is in the order of �ve or six when the camera intrinsics are known, �nding

and selecting easily identi�able point features takes time. For this reason, automating

this matching process is an important area of research. In this section we present a semi-

automatic tool for image registration that uses line features to �nd the orientation and

position of the camera with known intrinsic parameters. The main motivation for developing

such a tool comes from the fact that lines are abundant features in architectural scenes and

can be robustly extracted from 3D point clouds and from images, making themgood features

to use for solving the image registration problem. In addition, line features in buildings can

be typically clustered into sets of parallel lines that share the same orientation. Based on

these observations, our tool solves for the camera pose in two stages: in the �rst stage

the camera orientation is automatically computed by matching corresponding clusters of

parallel lines; in the second stage, a user drags a rendering of the correctly oriented 3D model

over the image to a position in which the rendering and the image are in close proximity,

after which a line-matching search is started to �nd at least three line correspondences

to compute the camera position. This technique is similar to the algorithm presented by

Stamos and Allen (2001) for automatic image registration. The algorithm of Stamos and

Allen extracts 2D and 3D line features, clusters these into sets of parallel lines, computes

the camera intrinsic parameters from three orthogonal vanishing points, �nds the camera

rotation by matching clusters of parallel lines and, in its �nal step, gr oups the line segments

into 2D and 3D rectangles that are matched using RANSAC to compute the �nal camera

position. Our method overcomes some of the scene restrictions in[Stamos, 2001], since it

does not require three orthogonal vanishing points nor the presence of rectangular features.

The complete registration procedure takes the following steps:

1. Extraction of two feature sets L 3D and L 2D of 3D and 2D line segments from the
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range and image data sets.

2. Grouping of the elements inL 3D and L 2D into clusters of parallel 3D and converging

2D lines.

3. Solving for the rotation from two corresponding 3D and 2D clusters.

4. Manual positioning of the rotated model over the image so that the rendered model

and the image are in close agreement.

5. Searching for corresponding lines and computing the translation vector t .

We now explain in detail each of the above steps.

3.3.1 3D line extraction.

Line features are computed from range images using the algorithm of Stamos and Allen (2002).

Lines are obtained from the intersection and boundaries of planar regions. First, a planar

segmentation algorithm labels all range points according to two possible cases: either a

point is locally planar, in which case it is labeled with a plane identi�er and a surface

normal; or the point is not locally planar and ignored in subsequent steps. Each extracted

planar region is tested for proximity with each of the other planar regions, and when the

proximity test succeeds a line is computed from the intersection of the two planes in which

these regions are embedded. In addition, an additional set of line segments is obtained from

the boundary of each of the planar regions.

3.3.2 2D line extraction.

Line segments in the 2D image are found using an edge detector followed by aline �tting

procedure. Our tool �nds edges using a Canny edge �lter and �t lines to the edges using

orthogonal regression.
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3.3.3 3D line clustering

The aim of the 3D feature clustering step is to partition the set of 3D linesL 3D into subsets

L i
3D such that each of the lines in these subsets are parallel with respect to each other.

For this, we use the same technique of[Stamos and Allen, 2001], that employ a nearest

neighbor clustering algorithm. Initially, each 3D line de�nes its own cluster. Then, the

algorithm iteratively searches for the two closest clusters based on the angle of the average

line direction in each, merges them into a single one and updates the average line direction.

Termination occurs when the distance between the two closest clusters is greater than a

given threshold.

3.3.4 2D line clustering

Partitioning the 2D line segments in L 2D into sets that correspond to parallel lines in the

scene is a task that di�ers from 3D line clustering. A set of parallel lines in the scene is

projected by a projective camera to a set of lines that intersectin a common point, called the

vanishing point (VP). Hence, the clustering of 2D lines is analogous to �nding the vanishing

points of the image and the corresponding set of supporting lines. From all possible VPs,

we are only interested in �nding the major ones, those that de�ne the main directions of

lines in the scene.

To �nd the VPs we compute the pairwise intersection of all possible line segments and

create a 2D histogram of intersections. Since each vanishing point can beassociated to a

3D direction (i.e. a point in the Gaussian sphere), we parametrize the 2D histogram of

intersections over a 2D representation of the unit sphere. To create this histogram, we take

every pair of line segmentsl i and l j and �nd the image coordinates of the point v where the

in�nite extension of these lines intersect. Such a pointv, when projected back to the 3D

world using the camera's intrinsic parameters, results in a 3D lineL v , with direction vector

d. It is this vector d that represents the direction of all parallel lines associated withthe

vanishing point v. Also, d represents a point in the Gaussian sphere, and casts a vote in

a particular bin of our 2D histogram. Once all possible line pairs have been examined, the
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peaks on the 2D histogram represent the main VPs and directions of the lines in the image.

The result is a partition of L 2D into subsetsL i
2D of lines converging to a major VP.

3.3.5 Finding the camera orientation

To �nd the relative orientation of the camera's coordinates with respect to the world's

coordinate frame we use the closed form solution of Horn (1987). Using this technique, the

relative orientation can be solved from two pairs of matching directions, which in terms of

our framework is equivalent to �nding two correspondences betweenthe clusters of parallel

3D lines L i
3D and the clusters of converging 2D linesL i

2D .

By taking advantage of properties that are typical of architectural sceneswe can easily

�nd two matching clusters. First, we note that it is generally easy t o identify the vertical

direction, both in the 3D and 2D clusters. To �nd the cluster corresponding to the vertical

direction in L i
3D we compute the angle the direction vector of each cluster subtends with

the world's up direction; then, the cluster whose direction vector subtends the smallest

angle is the most likely to be the cluster of vertical lines. Similarly, to �nd the vertical

direction in the image, we assume the image is correctly oriented (otherwise it can be

rotated before hand) and �nd the vanishing point that subtends the smallest angle with

the vertical direction in image coordinates, where the angle is measured between the image

up direction and the vector that joins the VP with the image center. Afte r the vertical

directions have been matched, the second scene constraint to exploit is orthogonality: most

of the remaining lines in architectural scenes will be perpendicular to the up direction.

Hence we look for clusters inL i
3D and L i

2D that are perpendicular to the vertical clusters.

Usually, there will be either one or two of these clusters. If thereis only one, the rotation

can be solved for. If there are two orthogonal clusters, then there will be an ambiguity in

the rotation that can not be solved automatically. In this case, the tool computes a set of

plausible rotations and the user selects the correct one.
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3.3.6 Computing the translation

The �nal step in the registration process is to compute the camera position. At this point,

the camera orientation is known and two sets of corresponding parallel lines have been

matched correctly. What remains now is to �nd at least three corresponding lines. Since

we have already knowledge of two matching clusters of 3D and 2D lines, the search space is

reduced considerably, because we only need to conduct the search within the corresponding

clusters; i.e. vertical lines will only be matched against verticallines, and the same applies

to horizontal ones. Still, if the number of lines in each of the clusters is large, an exhaustive

search is not possible. For this reason, we require a user to move thea rendering of the

model over the image until the rendering and the image are in close proximity. Then, we

set the camera position to the point of view of the rendered model and instead of running

an exhaustive search, we run a closest-line search as follows:

1. Select the �rst pair of corresponding 2D and 3D line clustersL 0
2D and L 0

3D .

2. For each 2D line inL 0
2D , compute the plane that is obtained back-projecting the line

to the 3D world.

3. Iterate over all lines in L 0
3D and �nd the 3D line segment that is closest to the plane.

The distance from the line to the plane is computed as the average distance between

the two line end-points and the plane. If the distance of the closestline is greater

than a given threshold then discard the matching.

4. Repeat for the second pair of corresponding 2D and 3D line clustersL 1
2D and L 1

3D .

The result of this closest line search is a list of 3D-2D line pairs (l i3D ; l i2D ). Now to solve for

the camera position, we employ the non-linear algorithm presented in[Kumar and Hanson,

1994], which enforces the condition that the two end-points (pi
0; pi

1) of a 3D line l i3D must

lie in the plane that is formed by back-projecting the corresponding image line l i2D . This

condition can be written as an optimization function over the set of all line correspondences:
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E t =
nX

i =0

1X

j =0

�
�
n i � (R � pi

j + t )
�

(3.9)

wheren i is the normal to the plane formed by back-projectingl i2D , R is the rotation matrix,

and � is a weighting function that adds robustness to the estimation by weighting down

outliers. [Kumar and Hanson, 1994] use the following function proposed by Mosteller and

Tukey:

� (u) =

8
><

>:

u2=2 + u4=2a2 + u6=6a4 if juj � a

a2=6 otherwise.
(3.10)

This function bounds the in
uence of outliers to a �xed value.

3.3.7 Registration examples and results

We show now results of using our line-based registration tool on images ofCEPSR Hall

and Pupin Hall , two buildings in the Columbia University campus. In �gures 3.3 and 3.4

we show the registration process, step by step, for each of the buildings:

1. The color image and the camera parameters are loaded (top left picture).

2. The point cloud is loaded and displayed on top of the image (top right picture).

3. The rotation is solved for and the point cloud is displayed correctly oriented (bottom

left picture).

4. The user drags the rendering of the point cloud until it closely matches the image

(bottom right picture).

After these steps the user clicks on the button labeledCompute translation, which

triggers the closest line search, after which the �nal camera positionis computed. In

�gure 3.5 we show a rendering of the 3D and 2D extracted lines of CEPSR Hallafter the

registration has been completed. The 3D lines are colored green and the 2D lines are shown

in red. Observe how our algorithm brings the matching lines into correspondence.
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Figure 3.3: Steps in the semi-automatic line based registration.Top left: The image and
the camera parameters have been loaded.Top right: The point cloud has been loaded and
is shown over the image. Bottom left: After automatically computing the rotation, the
point cloud is shown correctly oriented. Bottom right: The user dragged the model over
the image until the rendering of the point cloud closely matches the image.
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Figure 3.4: Steps in the semi-automatic line based registration of PupinHall. Top left:
The image and the camera parameters have been loaded.Top right: The point cloud has
been loaded and is shown over the image.Bottom left: After automatically computing the
rotation, the point cloud is shown correctly oriented. Bottom right: The user dragged the
model over the image until the rendering of the point cloud closely matches the image.
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Rotation parameters Camera position Rep. Error
Image Tool � x � y � z Cx Cy Cz

CEPSR Point -0.128 -0.075 -0.016 -4.67 -0.51 -2.70 2.00
CEPSR Line -0.133 -0.072 -0.012 -4.74 -0.62 -2.91 2.92
Pupin Point 0.027 0.984 -0.238 -28.87 -0.81 -4.35 1.40
Pupin Line 0.023 0.986 -0.24 -28.97 -0.87 -4.36 2.39

Table 3.1: Image registration results. This table shows the computed camera rotation and
position for the images of CEPSR and Pupin Halls using the point-and-click and the semi-
automatic line based method. Each row shows the result obtained from agiven image and
tool. The rotation parameters are given in radians, using Euler angles, andthe camera
position is shown in meters. The last column shows the reprojection error in pixels of the
set of manually selected correspondences used with the point and click method. The test
images are 3008 pixels wide by 2020 pixels high.

For a quantitative measure of the quality of the resulting registrations, we compared

the results of the line-based method with the results obtained using the point-and-click

tool, which are shown in table 3.1. Each row in the table shows the camera position and

orientation obtained from a given image and registration tool. The camera orientation is

shown as a set of Euler angles in radians, and the camera position as a 3D vector in meters.

Finally, the last column shows the average reprojection error, in pixels, for a set of point

correspondences that we manually selected using the point-and-click tool. We computed one

set of correspondences for the image of CEPSR Hall and another set for the imageof Pupin

Hall. We then projected the 3D points to the image using the camera settings obtained by

our tools and computed the average reprojection error. Given the large size of the images

we used (3008 x 2020 pixels), the reprojection errors reported are small.Comparing the

point-and-click tool against the line-based registration, we noticed that the reprojection

error is slightly larger for line-based registration, but not signi�cant ly larger. Both tools

perform almost equally well.

3.3.8 Summary of line-based registration

The line-based registration tool simpli�es the registration process signi�cantly, without

requiring manual selection of features. Even though a user is still required to provide an

initial estimate of the camera position, the time required for this step is much less than the
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time required in the manual selection of correspondences.

There are still some areas for improvement. The current algorithm sensible to outliers

generated during the closest-line search, biasing the results of the computed camera position.

Even when using the robust technique of[Kumar and Hanson, 1994], we have found that

the number of outliers can be signi�cant if the estimate of the camera position is not good

enough. However, since the user immediately receives visual feedback after the registration

process is �nished, a better initial estimate can be provided andthe camera position can

be re-computed. These incorrect matches are mostly caused by linesthat are present in

one data set and missing in the other. In the closest-line search step, the algorithm tries

to �nd a closest-match for every backprojected 2D line. But, if there does not exist a true

corresponding line in the 3D data, which might happen, and there is another line that

is within the threshold distance, an incorrect matching pair is generated. Hence, there

is a trade-o� between the search distance threshold and accuracy of the initial position

estimate. The search distance threshold can be lowered, potentially reducing the number

of mismatches. However, this would require the user to provide a better initial estimate.

For more robust results and at the expense of a higher computation time, the registration

process could fully operate automatically if we used a RANSAC[Fischler and Bolles, 1987]

style approach to �nd a correct set of line matches.

3.4 Conclusions

In this chapter we have presented two di�erent tools for the registration of range and inten-

sity images. These tools achieve the registration task with di�erent degrees of automation

and user intervention. The point-and-click tool is the most user intensive. Using line fea-

tures, that can be automatically computed on the range and image data, we were able to

reduce the time required for registration. Line segments proved tobe good features for

image registration in domain of architectural scenes. But away from man made structure,

it is hard to come by sets of straight parallel lines. It is in these cases that other kind of
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features, like shadows as we will discuss in the next chapter, can provide useful information

for registration purposes.

As regards accuracy, one must note that the best results are still achieved by manually

selecting correspondences. One of the main problems automatic registration methods must

address is feature extraction and matching on two di�erent domains: the domain of image

intensities and the domain of 3D range data. Feature extraction on these domains are

completely di�erent tasks which depend on di�erent conditions. For example, while feature

extraction in intensity images will be a�ected by illumination condi tions and cast shadows,

the accuracy of feature extraction in 3D range data will depend on the sampling rate of the

range �nder, which can vary spatially depending on the distance of points to the sensor.

Hence, working on two di�erent domains makes the problem harder, because it is di�cult

to compare metrics that were obtained over a set of pixels with metrics that are obtained

over a set of 3D points.
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Figure 3.5: Line based registration results. After running the closestline search and com-
puting the camera position, the 3D and 2D lines are brought into alignment. In the above
picture, the 3D lines are shown in green and the 2D lines in red.
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Chapter 4

Shadow-based color and range

image registration

In this chapter we present an algorithm for the registration of color and range images that

uses the shadows cast by the sun[Troccoli and Allen, 2004]. As shown in the previous chap-

ter, straight lines are good features for image registration in architectural scenes; however,

they are not so abundant outside man made structures. We have developed the shadow-

based algorithm algorithm to construct a model of the Acropolis at Monte Polizzo, in Sicily,

an archaeological site excavated by a team from the Stanford Archaeology Center. By using

the shadows as cues for the registration we can overcome the inherent lack of traditional

geometric features. In fact, shadows have been used in many computervision applications.

For example, when the light direction is known, shadows can reveal information about scene

structure [Daum and Dudek, 1998, Yu and Chang, 2005, Kriegman and Belhumeur, 1998,

Irvin and David M. McKeown, 1989]. In addition, when the geometry is known, shadows

can provide information about the illumination of the scene [Sato et al., 2003]. In our case,

both scene structure and light source position (position of the sun) areknown; we take

advantage of this information and use it to compute the camera position.

Our shadow-based algorithm �nds the position and orientation of a camera with known

intrinsic parameters. We based our algorithm on the observation that whenthe correct
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Figure 4.1: One view of the Acropolis at Monte Polizzo. The image on the right shows the
shadows masked in green.

camera rotation matrix and translation vector pair ( R f , t f ) is known, an orthographic

rendering of a textured version of the model viewed from the position of the sun should

show no shadow pixels. However, if the texture is misaligned, shadow pixels will be visible.

As an example, �gure 4.1 shows one view of the Acropolis at Monte Polizzo and the detected

shadows. In �gure 4.2 we show two views of the model as seen from the sun, generated

from correct and incorrect image registrations. It can be observed that the rendering that

was generated using the correct image registration shows almost no shadowpixels (masked

in green). Following this idea, we frame our solution as an optimization problem. Given an

initial camera position (R 0 , t 0), we search the parameter space of Euclidean transformations

in the vicinity of this initial con�guration for a point that minimizes a cost function whose

value is proportional to the number of visible shadow pixels in the rendered model.

Since our technique is based on shadow detection and matching, the following pre-

conditions apply: shadows should be detectable in the image; the 3D model's geolocation

(latitude, longitude and orientation with respect to North must be kno wn); and objects

casting shadows should be present in the model. The last two assumptions are typically

met in archaeological excavations and other 3D outdoor modeling applications. On the

other hand, the requirement that shadows be present in the images might not always be

satis�ed. This by no means invalidates our method; it makes it one more tool available in

our 3D modeling system. For images with shadows, we use the tool; for images without
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Figure 4.2: Two renderings of the model as seen from the direction of thesun. Left: when
the image registration is incorrect, the number of visible shadow pixels (in green) is large.
Right: the correct registration minimizes the number of visible shadow pixels.

shadows, we can fall back to a user-based manual registration tool. The main di�erence

between these two registration tools is the amount of user interaction. Where the manual

point and click registration tool is user intensive, the shadow-based method only requires

minimum user interaction.

To build the 3D model of the Acropolis at Monte Polizzo we acquired a set ofrange and

intensity images to cover the entire region of interest within the archaeological site. The

range sensor used was a Cyrax 2500 time-of-
ight laser scanner, which can gather 1 million

points within a �eld of view of 40 by 40 degrees. Each point measurement consists of its 3D

Cartesian coordinates (x,y,z) in the scanner's local coordinate system and a fourth value

representing the amplitude of the laser light re
ected back to the scanner. At each scanning

position, we also acquired a photograph by placing the camera in close proximity to the

scanner. Thus, the complete acquisition process interleaves a 3Dsensing with 2D sensing.

The acquired range scans were aligned to the same coordinate system using �ducial

markers that were placed in the scene before scanning, and that are optically designed to

be recognized by the scanner. The scanner measures the position of eachmarker in its local

coordinate system and, at the same time, we also measured the coordinates of each marker

in the site's coordinate system using a total station device that was initialized from a set

of geo-referenced control points. Thus, for each range scan we had a set of corresponding
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points measured in both, the local scanner coordinate system and the site's coordinate

system, from which we computed an alignment transformation. From this set of registered

point-clouds we built a triangular mesh using the VripPack package developed by Curless

and Levoy [Curless and Levoy, 1996].

After the 3D geometric model is constructed, the shadow-based image registration is

completed in three steps:

1. Shadow are detected and masked in the 2D image.

2. The rendering window is set up. The position of the sun is computed and an appro-

priate rendering window size is selected.

3. A cost function is minimized. This is an iterative minimization pr ocess in which the

model is rendered as seen from the sun and the cost function is evaluated over the

rendered image.

In the remaining of this chapter we explain in detail the three main steps of the algo-

rithm, and derive a suitable cost function for the optimization step. Finally, we present

results on synthetic cases and real data.

4.1 Shadow detection in the image

As a �rst step in our shadow based algorithm, shadows in the input image aremasked with

a pre-de�ned color. We detect the shadow regions in the image using global thresholding

on the luminance channel. Though it is known that accurate detection of cast shadows

and their boundaries is a di�cult task due to the complex e�ects of pe numbrae and inter-

re
ections, shadows cast by the sun are signi�cantly dark because theintensity of sun

light is much greater than skylight. For this reason, we have found that shadow detection

by global thresholding to produce good results in most of our test cases, except for late

afternoon images. If required, other methods for shadow detection could be used[Funka-

Lea and Bajcsy, 1995, Salvadoret al., 2004]. In any case, it is important to note that for
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the algorithm to work, perfect shadow detection is not required, as long as the following

conditions are met:

1. Some cast shadows are detected, but it is not necessary for all of them to be detected.

2. It is desirable that shadows due to surface normals pointing away from the sun be

also detected as shadows.

3. The number of non-shadow pixels that are masked as shadow pixels should be small.

For shadow detection using global thresholding, these conditions de�ne the ideal threshold to

be the minimum luminance value of a non-shadow pixel. In our system,threshold selection

is an interactive process in which a user selects an appropiate valuethat best meets the

above conditions.

4.2 View setup

The next step after the shadows in the image have been masked is the setup of the rendering

window. In this step, the size of the rendering window is chosenby the user of the system.

Next, to achieve the e�ect of rendering the model as it would be "seen" from the sun we

set up an orthographic projection with the view vector parallel to the direction of the sun

rays. This direction is calculated using an astronomical formula[Reda and Andreas, 2003]

that takes as inputs the time-stamp of the image and the latitude and longitude values of

the site. Our system sets the view direction automatically, and lets the user translate the

model within the rendering window until the desired section of the model is visible. The

view setup is complete when the area of the model imaged in the photograph is fully seen

in the rendering.

4.3 Cost function de�nition and optimization

The �nal step in the algorithm is the minimization of a cost function that depends on the

number of visible shadow pixels in a rendering of the model. In practice, we have found
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that using the number of visible shadow pixels alone as the cost function will not always

allow the algorithm to converge to the correct camera position. If the optimizer selects

a candidate pose in which the intersection of the camera viewing frustum and the model

is small, then the rendering might show a small number of shadow pixels, not due to the

selection of a better camera pose, but because the camera is looking ata much smaller

region of the model. Therefore, a good cost function should penalize camera con�gurations

in which the intersection of the camera's viewing frustum and the scene is small or empty.

This can be achieved by keeping track of the number of textured pixels in the rendered

model. The more pixels that are textured, the larger the area the camera is viewing. We

these guidelines, we derived a suitable cost function.

Let I denote the image to be registered,M the model, and I r a rendered image of

M textured with I and camera parameters (�; �; !; d x ; dy ; dz). Then, we de�ne the cost

function as:

f (I r ) =

8
><

>:

shadow count (I r )
number of pixels (I r ) if v(I r ) � t

1:0 otherwise.
(4.1)

where v(I r ) is the count of textured pixels and t is a threshold value. This threshold forces

the camera to a position that looks at the scene. In practice, we have de�ned this threshold

as a fraction of the total number of textured pixels in the rendering produced when the

camera pose is set to its initial estimate.

Since the cost function f de�ned in (4.1) has no analytical derivatives and typically

contains several local minima, most optimization methods based on gradient descent tech-

niques fail to converge to a good solution. For this reason, we employ a variant of simulated

annealing [Ingber, 1989], which has the advantage of avoiding local minima by randomly

sampling the parameter space and occasionally accepting parameters thatdrive the search

uphill to a point of higher cost, as opposed to gradient descent methods, that only take

downhill steps.

The optimization process searches the six dimensional space of camerapositions and

orientations. For the optimization to converge to a minimum, a suitable parametrization of
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Figure 4.3: Search space parametrization. A new reference coordinate system is created
by translating the camera coordinate frame to the point where the camera's optical axis
intersects the scene (from the initial camera con�guration). The space of rotations and
translations is then de�ned with respect to this new coordinate system.

this space is required. Note that the trivial parametrization, using a 3-vector for the camera

position and a 3-vector with the euler angles of the camera orientation, hasthe disadvantage

that a small change in the camera orientation can produce a large displacement of scene

elements within the image (specially those that are far from the camera). To overcome this

problem we chose a parametrization in which the center of rotation is placed in the scene

and not in the camera. Consider a camera restricted to lie on a sphere ofradius r around

a �xed point Pc in the model; then the space of camera con�gurations allowed in this case

can be de�ned by the 2D spherical coordinates of a point in the sphere and a roll angle. To

add the three remaining degrees of freedom, we allow the sphere center to translated away

from Pc. This parametrization, shown in �gure 4.3, describes the entire sixdimensional

space of camera positions and orientations. The camera pose is describedby a 6-vector

(�; �; !; d x ; dy ; dz), where � and � are the spherical coordinates of the camera position in

the sphere, ! is the camera's roll angle and (dx , dy , dz) is the displacement of the sphere

center from Pc. We set Pc by taking the initial camera pose and tracing a ray along the

camera's view direction to �nd the intersection between this ray and the model.
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Figure 4.4: A correct rendering of the model requires occlusion detection, as shown in the
image on the left hand side. Projective texture mapping alone does notyield the correct
results, as seen in the right image.

At each iteration of the optimization, the minimizer provides a set of camera parameters

ck . Using these parameters, the model is rendered and the cost function is evaluated over

the generated image. To obtain a correct rendering requires occlusions to be detected and

accounted for. Not every scene point is visible from the texture camera. If projective texture

mapping is used, as shown in �gure 4.4, these occluded points will still be textured. We

can avoid this problem by applying a technique similar to shadow mapping [Segalet al.,

1992]. First, we render the scene from the position of the camera and make a copy of the

depth bu�er. Then we set the viewpoint to the position of the sun and re-render the model

with shadow testing enabled so that scene points that are not visiblefrom the camera are

neither textured nor rendered.

4.4 Results and robustness analysis

We have run di�erent sets of synthetic and real experiments to test the performance and

robustness of the presented algorithm with respect to the di�erent sources of error: 1)

selection of shadow threshold, 2) resolution of 3D model (i.e accuracy of scanned geometry ),

3) accuracy of the sun position. All of these three parameters can a�ect the�nal registration

result.

For our simulation experiments we used one of the images of the archaeologicalsite. To
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Table 4.1: Shadow registration simulation results
Shadow threshold 30 40 60 80 140 60 60 60

Resolution (F/D) F F F F F D F F

Time o�set (min) 0 0 0 0 0 0 -10 +10

Run # Initial (A) (B) (C) (D) (E) (F) (G) (H)

1 143.5 10.3 5.4 6.0 5.1 6.9 14.1 5.6 6.0

2 101.4 5.8 5.8 4.1 5.0 7.0 9.0 6.0 5.9

3 208.3 9.2 5.8 4.5 4.9 6.8 14.5 5.9 5.8

4 125.3 10.7 5.7 4.9 5.6 6.4 16.8 5.2 5.6

5 171.2 7.8 5.0 4.9 6.0 6.1 11.3 6.0 5.3

6 81.1 6.8 5.0 4.7 5.2 7.0 14.4 5.3 6.7

7 207.4 8.8 4.7 4.9 5.7 6.2 12.4 5.0 8.5

8 77.0 10.1 5.3 5.2 4.9 6.4 11.4 5.5 5.3

9 238.4 7.7 4.8 4.8 5.0 6.3 12.7 5.8 5.1

10 180.6 7.2 5.4 4.8 5.8 6.9 13.0 5.4 4.9

Avg 153.4 8.4 5.3 4.9 5.3 6.6 13.0 5.6 5.9

obtain ground truth registration, we placed scanner's �ducial targets on the scene. The 3D

position of these targets was measured by the range scanner with a precision higher than

3 millimeters. We manually selected these targets in the image and computed the camera

pose using the linear pose estimation method of[Ansar and Daniilidis, 2003] followed by

nonlinear optimization. Then, we created a sequence of camera positions by randomly

perturbing the orientation of the camera by as much as� 5 degrees in each rotation angle

and the translation by � 0:25 meters in each axis. From each of these positions, we ran our

algorithm setting the visibility threshold in equation (4.1)to 60%.

Table 4.1 shows the results of 10 simulation runs. We use the reprojection error of

the mesh vertices as a metric to evaluate the resulting camera: �rst the mesh vertices are

projected to image coordinates using the ground-truth camera, thenthe image coordinates

are computed using the camera position resulting from our algorithm. The reprojection error

is the distance between these two points. Each column in table 4.1 shows the computed

average reprojection error for di�erent shadow thresholds and modelresolutions. Columns

(A) to (E) were obtained using a high resolution model and varying shadow thresholds

(30, 40, 60, 80 and 140). On column (F) we show results for a decimated version of the
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Figure 4.5: Cost function optimization. This plot shows the best cost found against the
number of iterations for ten simulation runs. It can be seen how the optimization converges.

model and on columns (G) and (H) we show the simulation results for two cases in which

the position of the sun had been computed from a time value that was ten minutes away

from the actual time. The execution time for each simulation run was approximately 12

minutes on a Pentium IV machine. This time corresponds to 3000 minimization iterations.

The progress of the iterative minimization over time can be seen in �gure 4.5, which is a

plot that shows cost of the the best con�guration found against the number of iterations

for each of the 10 simulations run in column (E). This plot shows that the minimization

process driven by simulated annealing converges to a minimum.

4.4.1 Robustness against shadow threshold

By looking at each of the columns (A)-(E) in table 4.1, we can observe how the algorithm

behaves with respect to the selection of the shadow threshold. The average reprojection

error does not vary much when the shadow threshold is in the range [40,80],but it does

increase for smaller and larger values. For a threshold value of 30, the algorithm does not

perform as well because the low threshold fails to select most of the pixels corresponding

to cast shadows. As a result, there are many camera con�gurations for which the number

of shadow pixels is minimized and the algorithm performs poorly. A threshold of 40 does
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detect most of the cast shadows and some attached shadows, improving the registration

results. A value of 60 detects more shadows and labels some non-shadow pixels incorrectly

as shadowed, but the results are not a�ected. Only when the shadow threshold is increased

signi�cantly to 140, where a large number of non-shadowed pixels are masked as being in

shadow, is there a signi�cant change in the performance of the algorithm.The image used

in our test is large, 3008 x 2000 pixels, hence an average re-projection errorof 4.9 pixels,

as shown in column (C), is unnoticeable. This error corresponds to roughly 1.8 pixels for a

1024 x 768 image.

4.4.2 Robustness against geometry resolution and sun position

To evaluate the e�ects that errors in the geometry can introduce in our algorithm, we

decimated the model reducing the number of triangles by 80 %, and performed a set of

simulation runs using a threshold value of 60 in the shadow detection. The results are

shown in column (F) of Table 4.1. In this case, the average reprojectionerror is higher than

the error obtained for the same shadow threshold (column (E) ) using the full resolution

model. However, one advantage of using a decimated model is an increase in running speed,

since less geometry has to be processed. This suggests an area of future exploration that

could allow a speed increase: to run the optimization �rst with a highly decimated model

and then re�ne the obtained registration with a more detailed one.

We also ran the experiments introducing a small error in the time of the day used to

calculate the position of the sun. The results for a time o�set of � 10 minutes are shown in

columns (G) and (H) of Table 4.1. The reprojection errors are higher in these cases, but

not signi�cantly, suggesting that a highly accurate time of the day (and hence position of

the sun) is not required.

4.4.3 Results on archaeological data

We used our registration method to align the images of our Acropolis model. The model

we used consisted of a 138K triangle mesh, for which we acquired twelve 3008x 2000
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pixels texture images. Using our algorithm, we were able to successfully align ten of the

twelve images. In two cases, the algorithm failed to �nd a good camera registration and

we had to fall back to manual registration. For one image the algorithm failed to �nd

the intersection of the camera's optical axis and the scene (i.e. pointPc) because of a

holes in the mesh. For a di�erent image, the algorithm failed because the shadows in the

image, which had been taken in a late afternoon, did not have enough contrast and some

non-shadowed regions were incorrectly masked as shadowed. The resulting model of the

Acropolist at Monte Polizzo is shown in �gure 4.6. Each picture shows themodel from a

di�erent view point. In addition, a short video showing an animation of the entire model

www.cs.columbia.edu/� allen/sicily.avi. In the animation, we combine the model with a

cylindrical panorama to add visual context and enhance the overall visual experience.

4.5 Conclusions

We have presented an algorithm for texture registration that uses the shadows cast by the

sun. We successfully applied our method to build a model of a real archaeological site. Our

algorithm helps reduce the amount of user involvement in the modeling process and �nd

high-quality results. We have identi�ed the di�erent sources t hat can introduce errors in

the optimization and shown quantitative results for the performance ofthe algorithm under

di�erent conditions. From our simulation experiments we can conclude that the algorithm

is robust to variations in the shadow detection and the sun position.

The range of applications in which one could potentially use this shadow-based algorithm

is determined by three conditions. First, strong cast shadows are necessary. Second, all

geometry that is casting shadows in the scene must be present in the3D model. And �nally,

it is also desirable, but not strictly required, that there be geometry for every pixel in the

image. This is not always the case, and sometimes there is no geometry fordistant objects

or the sky. In this cases, a user can mask out these regions. However, this last restriction

is not intrinsic to our shadow-based method but also applies to othertexture registration
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techniques (e.g. silhouette based algorithms require the backgroundto be masked out).

Finally, an area of future improvement is the execution time. The iterative optimization

using simulated annealing requires a large number of iterations to converge. This execution

time is determined by the number of triangles in the model and the size of the rendering

window. Hence, one could probably �nd an increase in performance by adopting a hier-

archical scheme in which the model is rendered on di�erent window sizes and at di�erent

resolutions.
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Figure 4.6: Six di�erent views of the textured model of the Acropolis at Monte Polizzo,
created using our shadow-based registration. The background is given bya panoramic
mosaic.
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Chapter 5

Texture relighting and

de-shadowing

In this chapter we deal with the problem of texture fusion, i.e. how to combine multiple

intensity images with the range data to produce photo-realistic renderings. In particular, we

analyze the problem of combining intensity images of urban environments captured under

di�erent (unknown) illumination conditions by applying a combinat ion of relighting and

de-shadowing operation[Troccoli and Allen, 2005]. The relighting operation brings two

images to the same illumination; while the de-shadowing operation removes any shadows

that are present in the image. This approach is a signi�cant departure from the traditional

methods of range and intensity image rendering presented earlier inchapter 2 that either

use a weighted average of the input images[Pulli et al., 1997, Debevecet al., 1996, Buehler

et al., 2001] or apply a global color correction matrix [Agathos and Fisher, 2003, Bannaiet

al., 2004]. In addition, it does not require any kind of apparatus to measure the incident

illumination as in [Debevecet al., 2004].

The algorithm we introduce computes a relighting operator by analyzingintensity values

in the area of overlap of a pair of images: a source image to be relighted, and atarget image

whose illumination we want to match. By applying this operator over the non-overlapping

region of the source image, we transform its color intensities in such a way that they are
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consistent with the colors observed in the target image. The operator wecompute to perform

the relighting is the ratio of intensity values per surface orientation, which under certain

assumptions, is consistent over all points with the same orientation and only depends on

the illumination of the scene. From this orientation-consistency property1 it follows that

if we compute the intensity ratio in the region of overlap of a pair of images, then we can

relight any surface point outside that region provided there was a point with the same

orientation in the region of overlap. Orientation-consistency holds forLambertian objects

under distant illumination in the absence of local illumination e�ec ts such as shadows and

interre
ections, and in this case, the intensity ratio turns out t o be an irradiance ratio

that is independent of the albedo variations over the surface of the object. Furthermore,

the Lambertian BRDF assumption can be relaxed if the camera is orthographic and the

viewpoint is �xed. Under these new conditions orientation-consistency will hold as long as

points with the same orientation have the same BRDF.

The idea of using intensity ratios for relighting was also used in in[Marschner and

Greenberg, 1997, Beauchesne and Roy, 2003]. In this dissertation we extend this concept

to relighting scenes with ambient illumination and shadows cast by occlusion of a single

point light source. In particular, we apply our method to relighting ou tdoor scenes, mostly

man-made structures such as buildings, in which shadows are observed due to occlusions

of the sun. In outdoor environments, the sun and the sky are the two main sources of

illumination. To extend the concept of intensity ratios to handle shadows, we compute four

ratios per surface normal: one that relates non-shadow irradiance in one image to non-

shadow irradiance in the other image, another that relates shadow irradiance to shadow

irradiance, and two additional ones for each of the shadow to non-shadow and non-shadow

to shadow mappings. In the presence of shadows, orientation-consistency will hold for scenes

that are mostly convex with few concavities.

1The term orientation-consistency is introduced in [Hertzmann and Seitz, 2003] in the context of photo-
metric stereo with general BRDFs.
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5.1 Problem de�nition

Given,

1. G the geometry of the scene.

2. I = f I 1; I 2; : : : ; I ng a set of photographs of the scene captured under illumination

conditions L = f L 1; L 2; : : : ; L ng. Some of the images overlap.

3. P = f P1; P2; : : : ; Png the set of camera projection matrices for each image.

Our goal is to create a textured model ofG as illuminated by one of L r 2 L : we want to

relight all images in I to illumination L r and remove, if possible, any shadows present in

the images. Therefore the output is a new set of imagesI r = f I r
1 ; I r

2 ; : : : ; I r
ng. In its most

atomic form, the relighting and de-shadowing operations are applied to apair of images at a

time, and can be extended to multiple images by successive execution of pairwise operations.

For two images I i and I j the following three steps are required for relightingI j to the

illumination of I i :

1. Detection of shadows inI i and I j .

2. Computation of the four irradiance ratio maps over the region of overlap of the two

images.

3. Relighting and de-shadowing ofI j using the computed IRMs.

5.2 Theoretical background

In this section we develop the theory behind the relighting and de-shadowing algorithms.

First we explore the relighting equation for scenes without shadows, then we generalize to

those cases where shadows are present, and �nally we present the de-shadowing algorithm.
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5.2.1 The relighting equation

Recall the re
ected radiance equation (2.1) introduced in chapter 2:

B (x; � o; � o) =
Z


 i

L(x; � i ; � i )f r (x ; � i ; � i ; � o; � o) cos� i d! i ; (5.1)

where L is the incident illumination and f r the BRDF at surface point x . For Lambertian

surfaces, equation (5.1) becomes:

B (x) = � (x)
Z


 i

L(x; � i ; � i ) cos� i d! i ; (5.2)

where � (x) is the surface albedo atx. For simplicity, de�ne the irradiance at x as

E(x) =
Z


 i

L(x; � i ; � i ) cos� i d! i : (5.3)

Then the re
ected radiance equation (5.2) turns into:

B (x) = � (x)E (x): (5.4)

Note that there is still a dependence on the surface position, on both the albedo� and the

irradiance E. If we force orientation consistency to hold, under the assumptionsthat the

illumination of the scene is distant, the e�ects of interre
ection s are negligible and there are

no shadows, then equation (5.4) can be reparametrized by the surface normal at x which

we denote asnx to yield:

B (x) = � (x)E (nx ): (5.5)

Consider two di�erent observations of the same surface pointx under di�erent and

unknown illuminations L i and L j . The image irradiance values for these two observations

are:
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B i (x) = � (x)E i (nx );

B j (x) = � (x)E j (nx ):

Taking the ratio of these two expressions we obtain:

Rij [nx ] =
E i (nx )
E j (nx )

; (5.6)

since the albedo terms cancel out.R is an irradiance ratio, and is only dependent on the

surface orientation at x. For every surface orientation that is present in the region of overlap

of two images we can de�ne an irradiance ratio. The union of the irradiance ratios over all

possible orientations de�nes an irradiance ratio map (IRM). It can be veri�ed that given

the image irradiance of a surface pointx0 under illumination L j we can compute its image

irradiance under illumination L i by taking the product with the corresponding irradiance

ratio value, as follows:

B i (x0) = B j (x0)Rij [nx 0]: (5.7)

This is veri�ed by substitution of equations (5.5) and (5.6) into (5.7). T hus, we have de�ned

a relighting operator based on the orientation-consistency assumptionsthat allows us to re-

light an image I j to the illumination of I i . The only requirement is to have su�cient surface

orientations in the area of overlap ofI i and I j to be able to relight the non-overlapping region

of I j .

5.2.2 Relighting in the presence of shadows.

Architectural scenes can contain structures that cast shadows. Whenshadows are present,

orientation-consistency does no longer hold because there can exist two points x and x0

with the same surface orientation that do not have the same intensity ratio. This will
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happen if in either of I i or I j one of these points is in shadow and the other one is not.

However, it is possible to extend the relighting algorithm based on intenstiy ratios to handle

shadows. For a scene illuminated by a single source plus smooth ambient illumination (e.g.

sun plus sky) there exists a shadow mapping functionS : G ! [0; 1], that assigns a value

of 1 to those scenes points completely shadowed, a value of 0 to those scene points that

are completely lit by the source, and an intermediate value in the range(0; 1) to those

points that are in the penumbra regions. Momentarily ignoring penumbra regions,S is a

binary function that partitions the scene into two sets: a set G0 of points lit by the source

and a setG1 of shadowed points. In addition, in terms of surface orientations, points with

the same surface orientation will also be partitioned in two sets. Therefore, when taking

the ratio of two images I i and I j , the surface orientations in the scene will be partitioned

into four di�erent sets fG00; G01; G10; G11g according to the values of the shadow bitsSi

and Sj . We can now rede�ne the orientation-consistency property for scenes with shadows:

when orientation-consistency holds, two points with the same surface orientation and same

shadow bit value will show the same intensity ratio. Under these newconditions, we can

compute four di�erent IRMs from the ratio image: R00
ij ; R01

ij ; R10
ij and R11

ij . Orientation-

consistency will hold in this generalized case with shadows for scenes with mostly di�use

or Lambertian surfaces, distant illumination and negligible e�ects of interre
ections. The

relighting equation for a point x becomes:

B i (x) = B j (x)Rsi sj
ij [nx ]; (5.8)

where si and sj are the shadow bits ofx under illuminations L i and L j . This expression

is almost identical to equation (5.7), with the exception of the index into one of the four

computed IRMs, and is well de�ned for binary values of si and sj . The points for which si

or sj are not in f 0; 1g are points in the penumbra regions. Penumbra regions are transitions

from shadow to non-shadow regions (or viceversa) in which the irradiance varies gradually.

To deal with points in penumbra we can generalize the relighting operator for real values
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of si and sj in the following manner: �rst, we de�ne the four base cases for binaryshadow

values to be equal to the measured data:

Rij [nx ; 0; 0] = R00
ij [nx ]; (5.9)

Rij [nx ; 0; 1] = R01
ij [nx ]; (5.10)

Rij [nx ; 1; 0] = R10
ij [nx ]; (5.11)

Rij [nx ; 1; 1] = R11
ij [nx ]: (5.12)

(5.13)

We recall now from the de�nition of the irradiance ratio, that we can writ e the IRMs in

terms of its constituent components:

R00
ij [nx ] =

E 0
i (nx )

E 0
j (nx )

R01
ij [nx ] =

E 0
i (nx )

E 1
j (nx )

R10
ij [nx ] =

E 1
i (nx )

E 0
j (nx )

R11
ij [nx ] =

E 1
i (nx )

E 1
j (nx )

;

where E 0 and E 1 refer to non-shadow and shadow irradiance respectively. We �rst de�ne

the irradiance in the penumbra regions by linear interpolation of the respective shadow and

non-shadow irradiance values:

E i [nx ; si ] = E 1
i (nx )si + E 0

i (nx )(1 � si ): (5.14)

Now, we can de�ne the relighting operator for real values ofsi and sj as:
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Rij [nx ; 0; sj ] =
E 0

i (nx )
E 1

j (nx )sj + E 0
j (nx )(1 � sj )

(5.15)

Rij [nx ; 1; sj ] =
E 1

i (nx )
E 1

j (nx )sj + E 0
j (nx )(1 � sj )

(5.16)

Rij [nx ; si ; sj ] =
E 1

i (nx )si + E 0
i (nx )(1 � si )

E 1
j (nx )sj + E 0

j (nx )(1 � sj )
: (5.17)

Finally, we write the above equations in terms of the measured data:

Rij [nx ; 0; sj ] =
1

1
R01

ij [n x ] sj + 1
R00

ij [n x ] (1 � sj )
(5.18)

Rij [nx ; 1; sj ] =
1

1
R11

ij [n x ] sj + 1
R10

ij [n x ] (1 � sj )
(5.19)

Rij [nx ; si ; sj ] = R[nx ; 1; sj ]si + R[nx ; 0; sj ](1 � si ): (5.20)

We can now state the generalized relighting equation for scenes with shadows as:

B i (x) = B j (x)R[nx ; Si (x); Sj (x)] (5.21)

5.2.3 De-shadowing

De-shadowing is a variation of the relighting problem, in which the resulting relighted image

is shadow-free. It is straight forward to convert the relighting equation (5.21) into a de-

shadowing equation by requiring all surface points inGto be lit under the target illumination

L i . This is equivalent to re-de�ning Si to map all points to 0. Hence, the de-shadowing

equation is:

B i (x) = B j (x)R[nx ; 0; Sj (x)] (5.22)

We can also consider the problem of self de-shadowing, in which we remove the shadows
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of an image without recurring to relighting a second image. By using thecomputed IRMs

over a pair of images, it is possible to de�ne a de-shadowing IRM as:

R0
i =

E 0
i

E 0
j

�
E 0

j

E 1
i

=
R00

ij

R10
ij

; (5.23)

and the self de-shadowing equation is:

B 0
i (x) = B i (x)R0

i [nx ]Si (x) + B i (x)(1 � S i (x)) : (5.24)

Note that we can also compute the de-shadowing IRM from:

R0
i =

E 0
i

E 1
j

�
E 1

j

E 1
i

=
R01

ij

R11
ij

; (5.25)

5.2.4 Extending to multiple images

To work with multiple images, each acquired under a di�erent illum ination, we proceed

chaining pairwise operations. First we select the imageI r whose illumination we will con-

vert all other images to. Then, for every image that overlaps with I r we can proceed as

already explained. If there is an imageI j that does not overlap, then we apply a multi-step

relighting. For example, if image I i overlaps with both I r and I j , then we can �rst convert

I j to the illumination of I i and then to the illumination of I r , using the previously com-

puted IRMs. The problem we might run into is that there might not be e nough surface

orientations in the respective areas of overlap to relight all points inthe image.

If we have multiple images, but there exist a subset of these imagesthat were all acquired

under the same illumination, then we can compute the IRMs using thecontributions from

all images in this subset.
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5.3 The relighting and de-shadowing pipeline

This section describes in detail the stages of the relighting and de-shadowing pipeline. Most

of the operations in the relighting pipeline are done in image space using high-dynamic range

linearized images. These are created from a set of variably exposed images. For each set

of images, we take the camera's raw sensor values, which are linear with respect to the

light intensity, compute the exposure ratios between the images, andcreate the �nal high-

dynamic range image using a weighted average.

The inputs to our relighting operation are then: a collection of high-dynamic range

images taken under di�erent illuminations, the geometry of the sceneand the camera's

projection matrices. To handle variations in viewpoint in our pairwise operations, we warp

one of the images to the viewpoint of the other one by back-projecting the image pixels to

the geometry and projecting these to the new viewpoint.

Note that the relighting equations (5.7) and (5.21) are both de�ned in terms of a surface

point x. There exists, however, a correspondence between pixels in the images and surface

points in the 3D world. We assume each pixel represents a single surface point. When we

iterate and perform operations over all pixels in an image, we are in fact working on the

corresponding 3D points and surface normals.

Figure 5.3 shows an overview of the steps involved in the relightingand de-shadowing

pipeline. We �rst create the high dynamic range images and register the images with

the geometry. We then pick a pair of images to work on, warp one of the images tothe

viewpoint of the other one if necessary, and �nd the shadow regions in the images. After

this we iterate over all pixels and compute the IRMs. Finally, we perform the relighting

operation. A detailed description of each of these steps follows.

5.3.1 Shadow detection

In the shadow detection stage we compute a coarse shadow mapSi associated to an image

I i . The shadow detection operation assigns each pixel inI i a real value in [0; 1], where 0
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Figure 5.1: The stages of the relighting and de-shadowing pipeline

means the corresponding point in the scene is lit, 1 means it is completely shadowed, and an

intermediate value means the point is in a penumbra region. It is well known that shadow

detection from a single image is a di�cult problem, and for this reason, many researchers

perform shadow detection on image sequences or video ( e.g.[Chuang et al., 2003]).

In our application, knowledge of the scene geometry can help �nd the shadows if the

position of the light source is known. Nevertheless, scanned geometrywill not yield shadows

that are correct to pixel level accuracy because of holes in the geometryand the e�ects of

coarse sampling. For this reason, an image-based method for shadow detection is necessary.

We employ a user-assisted method, where the user selects regions of the image and thresholds

the selected region using a pair of thresholdss0 and s1. All pixels with a luminance value

that below s0 are marked as shadowed, all pixels with luminance aboves1 are marked as

lit, and pixels in between are labeled as penumbra pixels with a value of (l � s0)=(s1 � s0)

where l is the pixel luminance.

Before thresholding we �lter the images using bilateral �ltering [Tomasi and Manduchi,
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1998] to remove the high frequency e�ects of texture. The bilateral �lt er is designed to

average spatially close pixels that are similar to each other. This similarity condition acts

as an edge-stopping function and overcomes the traditional problem of edge-blurring that

is common of Gaussian �ltering. The output of the bilateral �lter for a pix el p is:

Fp =
1

k(p)

X

p02 


f (p � p0)g(I p � I p0)I p0; (5.26)

where k(p) is the normalization term:

X

p02 


f (p � p0)g(I p � I p0):

In (5.26) above, f is a spatial domain Gaussian kernel with standard deviation� s and g is

a range domain Gaussian kernel centered at pixel intensityI p and standard deviation � r .

The range kernel is easy to set-up for monochrome images, but for color images a similarity

metric is needed. This is generally done by converting from RGB colorspace to CIE LAB

or YUV space. Instead of applying a color space conversion, we use the luminance channel

of the image to de�ne the range kernel as suggested by Bennet (2006). The luminance

channel combines the readings of the three R, G, and B components and will therefore be

more robust to image noise.

After bilateral �ltering and thresholding we obtain a shadow map. This shadow labeling

need only be accurate for the shadowed and non-shadowed regions. Values assigned to

penumbra regions will be ignored during the IRM data collection stage and can be later

re�ned once the IRMs are computed, as explained in section 5.3.3.

5.3.2 Data collection and IRM computation

To compute the four IRMs we iterate over all pixels, computing the ratio of the two images.

For every pixel, we look up its surface normal and shadow bits. If the pixel has been

labeled as penumbra in either of the images, we ignore it. Otherwise,we use the shadow

bits to establish which of the four IRMs the pixel contributes to. Each IRM is stored
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in a 2D representation of the Gaussian sphere. The surface normal is used to index the

corresponding entry to the current pixel. The �nal value stored in each IRM entry is the

average of all values contributing to it. In addition, we compute one IRM for each of the

three color channels.

5.3.3 Shadow map update

After the IRM data has been gathered, it is possible to update the shadow masks to �nd the

correct values for the penumbra regions. This operation will work on all pixels in the area

of overlap of the two images. The basic idea is to update the shadow map bycomparing

the true irradiance ratio at each pixel with the ratio obtained from the computed IRMs.

Given images I i and I j , the current shadow masksSi and Sj , and the computed IRMs

f R00
ij ; R01

ij ; R10
ij ; R11

ij g, we update both shadow masksSi and Sj . To update Sj we iterate

over all the pixels applying the following rules:

1. Lookup Si (x) and Sj (x) and the surface normalnx .

2. If Sj (x) is either 1 (non-shadowed) or 0 (shadowed), skip the current pixel because

only pixels labeled as penumbra will be updated.

3. Based on the value ofSi (x) solve for the shadow masksj using equation (5.13) if

Si (x) is 0, or equation (5.19) if Si (x) is 1. If the computed value of sj is outside the

range [0; 1], we clamp it to the nearest value in the range. IfSi x is neither 0 or 1,

then xhas been labeled in penumbra in the two images. In this case, which is quite

unlikely, we can not update the shadow mask unless we assume one of the two masks

is correct.

When we update the shadow masks we compute a new mask per color channel,as

opposed of a single mask based on luminance. We have found that better results are

obtained in this way. Finally, once Sj has been updated, the process can be repeated

to update Si , this time using IRMs Rji and the newly computed shadow mapSj , and

interchanging Si and Sj in the steps already outlined.
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5.3.4 Relighting

After the IRMs and shadow masks have been computed, the relighting orde-shadowing

operations can be carried out. For every pixelp in the source imageI j , we compute

the corresponding relighted pixel using equation (5.21) or the de-shadowed pixel using

equation (5.22).

5.4 Results

In this section we present the results of applying the relightingand de-shadowing algorithms

on three di�erent models of buildings in the campus of Columbia University in New York

City: a model of Casa Italiana , a model of St. Paul's Chapel and a model of Pupin

Hall . The 3D range scans were acquired using a Leica HDS 3000 time-of-
ight laserscanner,

registered together by placing �ducial markers on the scene, and meshed using the VripPack

package[Curless and Levoy, 1996].

The images used for the test on Casa Italiana are shown in Figure 5.2. Theseimages

were taken from slightly di�erent view points and registered manually using the point and

click registration tool of chapter 3. One of the images was acquired at 1:28pm andthe

other one at 3:22pm. Note that shadows are in di�erent locations, and that in onecase,

one complete face of the building is shadowed. In �gure 5.3 we show thesame images, now

aligned to the same viewpoint. We do the view-warp process by back-projecting the pixels

to the scene, �nding the distance to the camera of the corresponding surface point and

projection to the viewpoint of the corresponding image. Hence, only those pixels for which

we have geometry can be warped. The remaining pixels are left black, and correspond to

holes in the 3D model. Figure 5.4 shows a color-coded normals map and a maskof the

region used to compute the IRMs. Regions that do not correspond to di�use surfaces, such

as the windows, are masked out and ignored in computing the IRMs. The shadow masks

were computed using the parameters shown in table 5.1. The table shows, for every image,

the parameters we used in the bilateral �lter operation and the thresholds used for shadow
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detection. The thresholds are real numbers, since we are working with high-dynamic range

images. After �ltering and shadow detection we collected the IRM data and updated the

shadow masks. The resulting shadows masks are shown in Figure 5.5. Finally, using these

shadow masks and the compute IRMs, we ran the relighting and de-shadowing algorithms to

turn the image that was acquired at 1:28pm to the illumination at 3:22pm. In �gur e 5.6 we

show both, the relighted image and the de-shadowed image. Note that the relighted images

preserves the shadows while the de-shadowed image has none. One important aspect to

note about the de-shadowed image is that regions that were in shadow in bothof the input

images have been successfully de-shadowed. For better visualization, �gure 5.7 shows two

composite pictures with the image before and after the relighting operation. Each composite

picture is divided in two regions. The left region shows the originalimage of Casa Italiana

acquired at 3:22pm. The right region, shows the image acquired at 1:28pm. In oneof the

composite pictures we show the original image at 1:28pm and in the other one, the relighted

image. Note how in the latter case it is hard to distinguish the boundaries between the

actual and relighted image.

In a similar way we conducted the experiments on the images St. Paul's Chapel and

Pupin Hall. For the tests on St Paul's Chapel, �gures 5.8 shows the input images, one of

which was taken at 11:22am and the other one at 12:35pm. In �gure 5.9 we show the

corresponding shadow masks, and in �gure 5.10 the results of applying the de-shadowing

operation. In this case, we completely removed the shadows from the image acquired at

12:35pm. The picture on the left of �gure 5.10 shows the obtained de-shadowed image, and

the picture on the right is a composite picture in which, the left half corresponds to the

original image and the right-half to the de-shadowed image. Note how the shadows were

completely removed.

Finally, we show the images, shadow masks and results of the experiments on Pupin

Hall. Figures 5.11 shows the input images, one of them taken at 10:30am on a cold winter

morning, and the other one at 2:41pm on that same day. In �gure 5.12 we showed a zoomed

version of the images which focuses on the region of interest in which the relighting operation
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Casa Italiana St. Paul's Pupin
Image 1 Image 2 Image 1 Image 2 Image 1 Image 2

Bilateral �lter 3.0, 0.4 3.0, 0.4 3.0, 0.4 3.0, 0.2 3.0, 0.2 3.0, 0.2
Shadow detection 0.1, 0.24 0.04, 0.20 0.1, 0.15 0.08, 0.14 0.04, 0.15 0.04, 0.2

Table 5.1: Parameters used in the relighting experiments. For the bilateral �lter, the spatial
� s and range � d are shown. For the shadow detection, the two thresholdss0 and s1 are
listed. See section 5.3.1 for a description of the meaning of these values.

results are more noticeable. There are trees in the scene that had to be manually removed

from the images for processing. In fact, trees are in general very problematic for both, color

imaging and range sensing. The shadow masks we computed are shown in �gure5.13. In

�gure 5.14 we show the results of relighting and de-shadowing the imagetaken at 2:41pm

to the illumination of the morning image. The left picture shows the result of the relighting

operation, and the right picture the results of relighting plus de-shadowing. Finally, in

�gure 5.15 we show a side-by-side comparison of the images before and afterrelighting.

The picture in the left is composite image that shows made of the originalimages side by

side. The picture on the right is another composite images that shows the morning image

together with the relighted afternoon image. Note how the relighting algorithm correctly

solved chromatic di�erences in the light coming from the sun, the transition from the original

to the relighted image is unnoticeable.

5.5 Discussion

Our relighting and de-shadowing algorithm produces high quality results, as shown in the

previous section. It is important, however, to understand the possible sources of error that

can a�ect the quality of the �nal image. These possible sources of error are:

Inadequate geometry sampling. The geometric models we use are obtained using a

time-of-
ight laser scanner that samples the scene in a discrete manner. Using discrete

sampling we are only able to reconstruct geometry variations at half the frequency of

the sampling rate. Rapid variations in the geometry are lost. Since surface normals
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are computed by triangulation of the measured points, the algorithm is expected to

work better in scenes with smooth varying surfaces than in rapidly changing scenes.

Registration errors. These are errors that are introduced when computing the camera

parameters, either intrinsic or extrinsic. Registration errors canresult in the incorrect

mapping between a pixel and a surface normal, and in incorrect pixel correspondences

between two images. Image-geometry registration is a di�cult problem, and we have

tried in our experiments to reduce registration errors as much as possible. Registration

errors can in
uence the �nal result more or less depending on the scene. For example,

small registration errors have less impact on geometrically smooth surfaces, where a

small misalignment will still map a pixel to the correct surface normal. This is the

case of 
at walls, for example. Also, for smooth textures, small registration errors

can be tolerated. It is for this reason that we apply a bilateral �lter and smooth

high frequency textures before computing the IRMs: we smooth out the texture and

hence reduce the e�ects of image misalignments. Note that this smoothing is not a

theoretical requirement but a practical one to make the algorithm more robust.

Shadow detection. The shadow labels de�ne which of the four IRMs a sample contributes

to. If a shadow label is incorrectly assigned, then the sample will incorrectly be

attributed to the wrong IRM. For large number of samples per surface normal, a

small number of outliers will not a�ect the results; but if there are only a few samples

for a given surface normal, then the computed IRM could contain errors.

Non-Lambertian re
ectance. Most real-world surfaces are not purely Lambertian. How-

ever, some di�use surfaces have Lambertian-like behavior for a range ofviewing direc-

tions. Hence, our relighting and de-shadowing algorithms will produce good results in

these cases. In architectural scenes, windows can be a problem. Windows can act like

mirrors, and signi�cantly deviate from the Lambertian assumption. For th is reason

we mask windows out in our experiments, completely ignoring them during the IRM

computation stage.
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Interre
ections and spatially varying ambient occlusion. When a scene is not per-

fectly convex, the e�ects of interre
ections and spatially varying ambient occlusion

can a�ect the results of the relighting and de-shadowing algorithms. Interre
ections

are indirect contributions of light bouncing o� a surface and reaching another one.

Spatially varying ambient light occlusions are variations in the cone of sky2(or ex-

tended distant light sources) visible by a scene point. If two scene points with the

same surface normal see a di�erent cone of sky, then the irradiance at each of these

points will be di�erent, violating the orientation-consistency assumption. Also, the

e�ects of interre
ections and spatially varying ambient light occlu sion are more no-

ticeable in shadowed regions. In our algorithm, we do handle these indirectly and in

an ad-hoc manner by allowing the shadow masks to take real values in the range [0,1].

5.6 Summary and conclusions

We have developed a relighting and a de-shadowing algorithm that is applicable for mostly

convex outdoor scenes. We have shown results of these algorithms on di�erent kind of

buildings: polyhedral (as in Casa Italiana and Pupin) and rounded (as was the case of St.

Paul's Chapel). In the next chapter we will explore the use of the ratio of images further,

and use the IRMs to compute a parametric model of the illumination of the scene. This will

allow us to compute a di�use re
ectance map which we will then use to render the scene

under di�erent and novel illumination conditions.

2Also de�ned as sky-aperture in [Narasimhan and Nayar, 2001]
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Figure 5.2: Two images of Casa Italiana taken at di�erent time of the day from slightly
di�erent view points. The left image was taken 3:22pm and the right one at 1:28pm on the
same day, under partly cloudy conditions. Note that the shadows are on di�erent locations
and that one face of the building is completely shadowed at 1:28pm.

Figure 5.3: The same images of Casa Italiana, now warped to same view point and zoomed
to show region of interest. The right image was warped by backprojecting each pixel,
computing its distance to the camera and projecting to the viewpoint of the left image.
Pixels for which we have no geometry can not be warped.
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Figure 5.4: Left: Color encoded normal map of Casa Italiana. Right: Region overwhich
the IRMs were computed.

Figure 5.5: Shadow masks for the two images of Casa Italiana
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Figure 5.6: Relighted and de-shadowed images of Casa Italiana. Left: Image taken at
1:28pm relighted to illumination at 3:22pm. Right: Image relighted with shadows removed.

Figure 5.7: Side by side comparison of relighting results for Casa Italiana. Left: Composite
picture before relighting; the left half of the image is the original input image acquired
at 3:22pm, the right half is the image taken at 1:28pm. Right: Composite picture after
relighting, where the right half is now replaced with the results of relighting the image
taken at 1:28pm with the illumination at 3:22pm.
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Figure 5.8: Two images of St Paul's Chapel at Columbia University. The left image was
taken at 11:22am and the right one at 12:35pm.

Figure 5.9: Shadow masks for St Paul's Chapel images.
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Figure 5.10: De-shadowing results for the images of St Paul's Chapel. Left: de-shadowed
image. Right: Composite image that shows, on the left, the original image and onthe right,
the de-shadowed image. Note how the shadows are successfully removed.

Figure 5.11: Two images of Pupin building.
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Figure 5.12: Zoomed images of Pupin building.

Figure 5.13: Shadow masks for the images of Pupin.
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Figure 5.14: Relighting and de-shadowing results for Pupin. Left: Relighting results. Right:
De-shadowing results.

Figure 5.15: Pupin, side-by-side comparison of results before and afterrelighting. Left:
Composite picture before relighting. Right: Composite picture after relighting.
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Chapter 6

Illumination and texture

factorization

In the previous chapter we introduced an algorithm for relighting and de-shadowing im-

ages taken under di�erent unknown illumination conditions. We made use of the ratio

image to compute a set of relighting and de-shadowing operators, which allowed us to bring

two images into a consistent illumination. However, these operatorsdo not provide any

information about scene lighting or surface re
ectance. In this chapter, we build on the

concepts already set forth and look into the problem of illumination and texture factor-

ization [Troccoli and Allen, 2006]. Our goal is to factor the illumination from the texture

and solve for the shading of each image and the surface re
ectance. In thisway, we obtain

an illumination-free texture map from a pair of images and the object geometry without

prior recording or calibration of the incident illumination. Our assum ptions are the same

as before: mostly di�use and convex scenes under distant illumination.

The method we present in this chapter falls in the category of inverse-rendering tech-

niques, since we are measuring scene properties from images and objects of known geome-

try. While measuring surface re
ectance of an object of known geometryunder controlled

and calibrated illumination has proved to produce very good results[Debevecet al., 2000,

Lenschet al., 2003], working with unknown illumination is yet an open problem. Typicall y,
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to handle unknown illumination it is assumed that the material properties of the object are

homogeneous over the whole surface[Ikeuchi and Sato, 1991] [Ramamoorthi and Hanrahan,

2001a](i.e. the object is textureless). When dealing with textured objects, the problem of

recovering both texture and illumination becomes unconstrained. Asnoted by Ramamoor-

thi and Hanrahan (2001b) in the development of a signal-processing approach forinverse

rendering, lighting and texture can not be factored without resorting to active methods

or making prior assumptions of their expected characteristics. Our method achieves this

factorization by assuming di�use surface re
ectance, because as it hasalready been shown

in chapter 5, the ratio of two images of a convex Lambertian object is texture-free and only

depends on the incident illumination.

Before proceeding further, we shall de�ne the most important terms we will be using in

this chapter. We will frequently talk about:

Illumination maps. An illumination map is a function de�ned on the unit sphere that

describes the intensity of the light arriving at a scene point from a given direction.

In most of this chapter we will be dealing with distant illumination, assuming the

illumination map of each point is the same.

Irradiance maps. An irradiance map is a function that is also de�ned on the unit sphere

that maps a surface normal direction to incident irradiance. It is in essence, the

convolution of an illumination map with the half-cosine function 1.

Albedo maps. An albedo map stores the spatially varying di�use re
ectance of the scene.

The albedo of a scene point is the ratio of scattered radiance (the samein all directions)

to incoming irradiance. Since albedo varies with the wavelength, we work with albedo

maps de�ned over areas of the red, green and blue colors.

The factorization of illumination and texture is done in two steps: �rs t we take the ratio

of the input images and compute the illumination in the form of a pair of irr adiance maps;

1The half-cosine function is the cosine function restricted to positive val ues.
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second, we use the recovered irradiance to factor out the texture from the shading. Once

we have obtained the texture in the form of an albedo map, we can render the object under

new illumination conditions.

6.1 Problem de�nition

The de�nition of our problem is as follows. Given

1. G the geometry of an object.

2. I = f I 1; I 2; : : : ; I ng a set of overlapping photographs of the object captured under

unknown illumination conditions L = f L 1; L 2; : : : ; L ng.

3. P = f P1; P2; : : : ; Png the set of camera projection matrices that relatesG with I .

we want to recover the relative illumination L i in the form of irradiance maps of each image

and an albedo map of the scene. The images need not to be taken from the same viewpoint.

Since we have the geometry of the scene and the projection matrices,we can warp any two

overlapping images to the same viewpoint. To simplify the discussion that follows, we will

only consider a single pair of images and assume that these have been warped to the same

view. We consider three di�erent illumination models: 1) an object illuminated by a point

light source, 2) non-point light source illumination, 3) outdoor illumin ation represented

as a combination of a point light source and an ambient component. The input to the

illumination recovery procedure is a ratio imageR(x; y), which we compute by taking the

quotient of the two input images, and a normals imagen(x; y) which gives the normal for

each pixel and that is generated by ray-tracing the geometry of the object.

We now give some background information about the use of ratio images and then we

go into a detailed explanation of our method.
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6.2 Background - The ratio image

In this section we de�ne the ratio image and present some related work in the area of

object recognition that makes use of variant form of the ratio image to addressthe task of

recognition under variable illumination.

Under the same assumptions set forth in chapter 5, i.e. distant illumination and convex

objects, the image of a di�use Lambertian object is:

I (x; y) = � (x; y)E (n(x; y)) (6.1)

where I denotes the observed intensity at pixel (x; y), � denotes the albedo andE is the

incident irradiance parameterized by the surface normaln at (x; y), and de�ned as the

integral of the product of the incident light and the half-cosine function over the upper-

hemisphere:

E(n) =
Z


 i

L(� i ; � i ) cos� i d! i : (6.2)

When the illumination source is a distant point light source, the above expression simpli�es

to a dot product of the surface normal and the light direction:

E (n) = max( n � l ; 0); (6.3)

where l is a unit vector in the direction of the light source. Given two di�e rent images I 1

and I 2 of the same object acquired from the same viewpoint, the ratio imageR is de�ned

as:

R(x; y) =
I 1(x; y)
I 2(x; y)

=
E1(n(x; y))
E2(n(x; y))

; (6.4)

since the albedo terms in the numerator and denominator cancel each other. Hence, as

shown in chapter 5, the ratio image is invariant to texture, and can be considered to represent

the irradiance ratio .
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A variant form of the above de�nition of ratio images has been used for class-based

object recognition, with particular emphasis in face recognition underdi�erent illumination.

Objects of the same class have the same geometry but di�erent texture. For example, in

face recognition, one can think of the class of faces as having same geometry but di�erent

texture. For this particular case, Shashua and Riklin-Raviv (2001) de�ne the quotient image

Qab of two di�erent faces a and b:

Qab(x; y) =
� a(x; y)
� b(x; y)

(6.5)

Under the de�nition above, the quotient image is the ratio of the albedosand is illumination

free. The quotient imageQab can be computed from an image of facea and three images of

faceb illuminated by three non-collinear point light sources. To show this is possible, letI 1,

I 2 and I 3 be three images of faceb illuminated by three point light sources with direction

l1 , l2 and l3 . An image of the same face under a di�erent point light source direction can

be obtained as a linear combination of these three images with coe�cients x j . Now, given

an image I a of facea illuminated by source with direction la, the quotient image Qab can

be written as:

Qab(x; y) =
� a(x; y)
� b(x; y)

=
� a(x; y)n(x; y) � la
� b(x; y)n(x; y) � la

=
I a(x; y)

� b(x; y)n(x; y) �
P 3

j =1 x j l j

=
I a(x; y)

P 3
j =1 x j I j (x; y)

In [Shashua and Riklin-Raviv, 2001], the imagesI j are constructed from a bootstrap set of

images of faces acquired under three di�erent point light sources. The complete recognition

algorithm consists of several steps: 1) compute theI j images from the bootstrap set; 2)
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given a test imageI a, �nd the coe�cients x j that de�ne the position of the light source; 3)

map all images in the face database to the same illumination and perform face matching.

In essence, this recognition algorithm does solve for the illuminationof the test image; but

it is di�erent to our algorithm various ways. First, it has a di�erent purpose: to obtain

an illumination invariant signature of the face; second, it does not make explicit use of

geometry, instead it makes an implicit assumption that the geometry of faces are the same;

and third, it requires a database of images to bootstrap the process. Inmore recente work,

[Wang et al., 2004] take this method a step further and generalize it to images illuminated

by non-point light sources.

6.3 Methodology

We introduce now three di�erent algorithms for illumination and tex ture factorization using

ratio images. These algorithms address di�erent situations that arise in practice:

1. The �rst situation we consider is that of an object illuminated by a d istant point light

sources. Given two images of this object under di�erent point sourceillumination and

the surface normals at each pixel, the algorithm solves for the directionof the lights

and relative intensities.

2. Secondly, we solve for a more general form of illumination expressed as anexpansion

in terms of spherical harmonics. This algorithm can include cases that arise from

illumination by area sources, or multiple point light sources.

3. Finally, we consider the case of a scene illuminated by a point source and ambient

illumination. Such is the case we encounter in outdoor scenes, where the sun acts as a

point source and the sky and the surrounding environment as an ambient component.
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6.3.1 Point light source

When an object is illuminated by a directional point light source whosedirection is described

by a normalized 3-vector l1, the irradiance for a scene pointx with associated normal nx

is:

E (nx ) = L max(nx � l1; 0); (6.6)

where L denotes the source intensity and� the vector dot product. Given two images

illuminated by point sources with directions l1 and l2, respectively, the ratio image obtained

is described by the following equation:

R(x; y) =
L 1 max(n(x; y) � l1; 0)
L 2 max(n(x; y) � l2; 0)

; (6.7)

de�ned only for non-zero values of the denominator and numerator. Or goal is to solve for

the direction of the light sources given the ratio image and the surface normals. It should

be clear at this point that there will be an ambiguity in the light source intensities L 1 and

L 2, since multiplying the numerator and denominator by the same constantin the above

expression does not a�ect the �nal result. Hence, we can �x L 1 to unity and solve for l1

and l2 scaled byL 2. In the remaining of this section we simplify the notation and drop the

(x; y) coordinates in R(x; y) and n(x; y). Instead we use a single subindex to enumerate all

pixels. Then, we can solve for the light direction and relative intensities from the following

system of linear equations:

2

6
6
6
6
4

nT
0 � R0nT

0
...

...

nT
k � RknT

k

3

7
7
7
7
5

2

6
4

l1

L 2l2

3

7
5 = 0 : (6.8)

This is a linear system of the form A x = 0. The solution we are looking for is the one

dimensional null-space ofA . When the dimension of the null-space ofA is greater than one

it will not be possible to solve uniquely for the light directions. This condition will arise
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if the distribution of the imaged surface normals is small: e.g. if the scene is a 
at wall.

Given the null-space vectorx = ( x0; x1; x2; x3; x4; x5), we obtain l1 , l2 and L 2 as:

l1 =
(x0; x1; x2)

jj (x0; x1; x2)jj
(6.9)

l2 =
(x3; x4; x5)

jj (x3; x4; x5)jj
(6.10)

L 2 =
jj (x3; x4; x5)jj
jj (x0; x1; x2)jj

(6.11)

To handle color images we could treat each channel separately and solve (6.8) per chan-

nel. However, this typically yields three slightly di�erent pos itions for the light source. We

can obtain a more robust solution if we convert the image to luminance spaceand use the

luminance values, instead. After we recover the direction of the light sources, the relative

scaleL 2 for each channelc is obtained from the original images by averaging the following

expression over all pixels:

L 2;c(x; y) =
max(n(x; y) � l1; 0)

R(x; y) max(n(x; y) � l2; 0)
: (6.12)

Also, note that nothing is known about the absolute chromaticity of the light sources. By

�xing the intensity L 1 to the same value for the all three channels, we assume that light

to be white. This chromatic ambiguity can not be solved without furthe r assumptions or

resorting to a color calibration object.

6.3.2 Generalized illumination

We can extend the previous case to a more general form of illumination. Todo so, we de�ne

irradiance as an expansion in terms of spherical harmonic basis functions. Ramamoorthi and

Hanrahan [Ramamoorthi and Hanrahan, 2001a] and Basri and Jacobs[Basri and Jacobs,

2003] have established that the image of a di�use convex object under generalillumination is

well approximated by a low dimensional spherical harmonic expansion.Spherical harmonics
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are orthonormal basis de�ned over the sphere. Using this framework, wecan approximate

the incident irradiance as:

E(n) =
1X

l=0

lX

m= � l

A l L lm Ylm (n): (6.13)

In (6.13) above, Ylm are the spherical harmonic functions,L lm are the spherical harmonic

coe�cients of the incident illumination, and A l is a constant that represents the e�ects of

multiplying the incident light with the half-cosine function. I n other words, (6.13) is the

frequency space equivalent of the integral (6.2)[Ramamoorthi and Hanrahan, 2001a]. In this

context, we want to solve for L lm . SinceA l decays very rapidly, a very good approximation

can be obtained by limiting l � 2. A �rst order spherical harmonic approximation ( up

to l = 1 ) has a total of four terms and a second order approximation has a total nine.

Before we write the expression of the irradiance ratio in spherical harmonics, we do one

more notation change for clarity purposes. We replace the double-indexed Ylm functions

and L lm coe�cients by their single-index equivalent Ys and L s, where s = l2 + l + m. Also,

since we have to solve for two di�erent illuminations L s, we will denote these with L 1s and

L 2s. Using this new notation, we can substitute (6.13) into our irradiance ratio expression

to obtain:

Ri =
P n

s=0 AsL 1sYs(n i )P n
s=0 AsL 2sYs(n i )

: (6.14)

where n = 4 or n = 9 depending on the order of the desired approximation. We can now

derive a system of linear equations similar to (6.8) on the unknown lighting coe�cients L 1s

and L 2s.
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2

6
6
6
6
4

A0Y0(n0) : : : AnYn (n0) � R0A0Y0(n0) : : :
...

...

A0Y0(nk ) : : : AnYn (nk ) � RkA0Y0(nk ) : : :

3

7
7
7
7
5

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

L 10

...

L 1n

L 20

...

L 2n

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

= 0 : (6.15)

The solution to (6.13) is once more the null-space ofA and the coe�cients L 1s and L 2s will

be de�ned up to a scale factor. This scaling factor can be �xed by setting L 10 = 1, which

�xes both the relative scale and chromaticity of the illumination.

The well-conditioning of the system of equations (6.15) will depend on the distribution

of surface normals. For better results and higher robustness against noise, it is possible to

re-cast the problem in terms of principal components. This means replacing the spherical

harmonic basis by lower dimensional orthogonal basis obtained using principal component

analysis (PCA). The rationale behind this change of basis is that the principal components

are vectors in the direction of greater variability (in this case due to illumination changes).

Ramamoorthi (2002) derived an analytic expression for the principal components of the

image of an object under all possible point light sources and showed that these are related

to the spherical harmonic basisYs. In particular, Ramamoorthi shows that the eigenvectors

obtained from PCA of the image space of an object illuminated under all possible point light

sources can be well approximated as a linear combination of spherical harmonic functions

up to order two. Let V be the matrix with the principal eigenvectors as columns, then

there exists a matrix U such that V � Y U , where Y is a matrix whose columns are the

�rst nine spherical harmonics Y0:::Y8. The matrix U can be computed analytically from

the geometry of the object and details on how to do this are given in[Ramamoorthi, 2002].

Using the eigenvectorsVi as the new basis, we can now write the incident irradiance as:

E(n) =
nX

i =0

ei Vi (n); (6.16)
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where ei are the coe�cients of the irradiance in principal components basis. The number

of terms to employ in this new approximation will depend on the object geometry, but by

looking at the eigenvalues associated to each vector it is possible to determine a good cut-o�

point. Now, we can write (6.15) as:

2

6
6
6
6
4

V0(n0) : : : Vn (n0) � R0V0(n0) : : :
...

...

V0(nk ) : : : Vn (nk ) � RkV0(nk ) : : :

3

7
7
7
7
5

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

e10

...

e1n

e20

...

e2n

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

= 0 : (6.17)

Once we �nd the coe�cients e1i and e2i we can �nd the corresponding L 1s and L 2s coe�-

cients by substitution into:

L 1s =
P n

i Usi e1i

As
; L 2s =

P n
i Usi e2i

As
; (6.18)

where Us is the sth row of U . To handle color images we treat each of the RGB channels

separately and solve for three sets of coe�cientsL 1i and L 2i . Once again, as before, there

is an inherent chromatic ambiguity that we can only solve for if we have an image of a color

calibration object.

6.3.3 Point plus ambient illumination

Consider now the case of outdoor illumination, where the sun is a distant point light source

and the sky a hemispherical area source. We can model this situation asa sum of a point

light source plus an ambient component. However, the sun is not just anydirectional light

source. Its daily trajectory over the sky has been very well studied, and its position in the

sky dome can be computed from the time of the day and the geo-location (latitude and
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longitude) of the scene[Reda and Andreas, 2003]. Since these two pieces of information

are easily available, the time being provided by the camera and thegeolocation by a GPS

unit or any of today's web-based mapping engines, we can assume the position of the sun

to be known. Hence, our model of outdoor irradiance can be expressed as the combination

of the sky irradiance plus a half-cosine term. To model sky irradiance, we can use a spher-

ical harmonic expansion (or PCA expansion) as developed for the generalized illumination

scenario. Then, outdoor irradiance is de�ned by the following equation:

E(n) = P max(n � s; 0) +
nX

s=0

L sYs(n): (6.19)

Here L s are the coe�cients for the spherical harmonic expansion of sky irradiance, P is

the relative intensity of the sun and s the sun direction. Since the ambient and direct

components are modeled separately in equation (6.19), we can work with images with

shadows, as we did in chapter 5. All we need is the shadow mapping function S de�ned

earlier in section 5.2.2. Recall that this mapping assigns each scene point a value of 1 if the

point is shadowed, a value of 0 when is lit by the sun, and intermediate value when it lies

in the penumbra region. The outdoor irradiance equation (6.19) can be now be de�ned for

a surface point x as:

E(x) = S(x)P max(nx � s; 0) +
nX

s=0

AsL sYs(nx ): (6.20)

For two images taken at di�erent times of the day, with the sun at direc tions s1 and s2 and

relative intensities P1 and P2, the irradiance ratio of point x is given by:

R(x) =
S1(x)P1 max(nx � s1 ; 0) +

P n
s=0 AsL 1sYs(nx )

S2(x)P2 max(nx � s2 ; 0) +
P n

s=0 AsL 2sYs(nx )
: (6.21)

Our goal is to solve for the relative sun intensitiesP1 and P2 and the sky irradiance co-

e�cients L 1s and L 2s. To solve for these unknown variables, we set up a system of linear

equations similar to (6.15) and add the unknownsP1 and P2. Alternatively, we can also
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work with the analytical PCA basis and solve a system of equations similarto (6.17). In any

case, the same scale and chromatic ambiguities outlined earlier for the point light source

and generalized illumination cases apply to this case as well. To resolve this ambiguity, we

set the relative sun intensity value P1 to one for all three channels. For robustness, we do

not include point in penumbra in our system of equations.

6.3.4 Extracting the albedo map

After we have solved for the relative irradiance using one of the threemodels presented in

the previous section, we can compute an albedo map for the scene. However, note that the

chromatic and scale ambiguity in the estimated irradiance will translate to the estimation

of the albedo map, which will also be de�ned up to scale. From the image pair I 1 and I 2

with estimated irradiance E1 and E2 we compute the albedos at each pixel:

� 1(x; y) =
I 1(x; y)

E1(n(x; y))
(6.22)

� 2(x; y) =
I 2(x; y)

E2(n(x; y))
(6.23)

� (x; y) =
I 1(x; y)� 1(x; y) + I 2(x; y)� (x; y)

I 1(x; y) + I 2(x; y)
: (6.24)

In other words, for each pixel (x; y) we set its albedo� (x; y) to a weighted average of the

albedos we obtain fromI 1 and I 2. The weights are set to the pixel intensities, so that dark

pixels, which are more dominated by noise, are down-weighted.

6.4 Practical aspects

There are important aspects of the illumination and texture factorizati on algorithms that

need to be addressed when putting these algorithms into practice:
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6.4.1 Surface normal aggregation.

Regardless of selection of illumination model, each pixel in the ratioimage provides one

constraint to the system of equations. For medium to large images, having an equation

for every single pixel is not practical due to the size of the resulting equation matrix.

Instead, we can aggregate the ratios per surface normal. To do this, we can take any 2D

parametrization of the sphere and compute the average normal and the averageratio for

each (u; v) coordinates.

6.4.2 Weighted least-squares minimization.

The system of linear equations we have de�ned for each of the three illumination models is

of the form kA xk = 0. In most situations, we will be dealing with the case in which there

are more equations than unknowns, resulting in an over-determinedsystem. The trivial

solution x = 0 is not of interest, we seek instead a non-zerox. For robustness against

outliers, we formulate the problem in a weighted least-squares way.This is equivalent to

minimizing the C -norm kA xkC , where C is a positive-de�nitive matrix. Typically, C is a

diagonal matrix, with each element of the diagonal being the weight of a row in A . The

solution we are seeking is the non-zero vectorx that minimizes:

A > CA x = 0 ; (6.25)

which can be obtained from the SVD decomposition ofA > CA . In our solution, we set

the elements ofC to the number of pixels that contributed to a particular surface normal.

After aggregating all pixels with the surface normal together, as described earlier, we can

�nd how many contributed to each orientation. In this way, orientation s that are more

predominant are given higher weights.
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6.4.3 Concavities and shadowing.

Most of the theory presented in this chapter was developed for convex scenes and no

self-shadowing. Shadows were taken into consideration when developing the point plus

ambient illumination model, but for the point light and generalized il lumination models,

self-shadowing can be a problem. How to address this problem depends on the chosen

illumination model.

Point-light illumination. For the point-light illumination model, shadows in the object

will be signi�cantly darker than illuminated points, since the only light these shadowed

regions will receive is from inter-re
ections. Therefore, we discard shadowed regions

by ignoring the dark pixels in the image. We implemented this technique by setting a

threshold on the luminance value of the pixels. Pixels that do not meet the threshold

condition are excluded in all stages of our algorithm.

Generalized illumination using SH basis. When using the generalized illumination

model with either SH or PCA basis we also use thresholding of dark pixels. How-

ever, thresholding shadowed regions might not work well in all cases, depending on

illumination and scene geometry. In chapter 7 we discuss a di�erentan alternative

solution.

Point plus ambient model. In our point plus ambient illumination model shadows are

handled using shadow masks. These shadow masks indirectly model the e�ects of

concavities and inter-re
ections.

6.5 Factorization results

We tested the three factorization algorithms on di�erent kinds of scenes under di�erent

types of illumination. In this section, we report the obtained results.
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6.5.1 Point light source model

First, we ran the point light source on synthetic and real data imaged under point-light

illumination. The images used in our tests are shown in Figure 6.1. The �rst two renderings

are the synthetic scenes for which we used a model of a sphere and a model of the Armadillo2

textured with a synthetic wooden pattern and rendered using a ray-tracer. We then included

three objects that had been imaged under known point-light source: - abuddha, a cat and

an owl3. The geometry and normals-map for these objects were obtained using photometric

stereo. Finally, we included in our testing a set two objects that had been scanned using

a Polhemus hand-held scanner4: a chicken and a �gure of an Asian girl. The synthetic

renderings and photometric stereo models are good for ground-truth comparisons, because

we know the position of the light sources and do not require image registration. For the

chicken and girl models, we captured several images varying the position of a point light

source but leaving the viewpoint �xed. We then manually registered these images with the

3D model using the software tool described in chapter3.

We ran our point-light source estimation model of section 6.3.1 on all of the image

pairs shown in Figure 6.1. Tables 6.1 and 6.2 show the ground truth and recovered light

source positions and relative scales for the synthetic and photometricstereo models. For the

synthetic scenes, the recovered light source directions and scaling factors shown in Table 6.1

are almost identical to the actual directions. Likewise, the computedlight source directions

for the buddha, cat and owl models listed in Table 6.2 are very close theground truth data.

We had no ground truth data for the chicken and Asian girl models. Nevertheless, we ran

our algorithm to obtain the position of the light sources and obtain the factorization.

As a second step, we used the computed light direction to factor the input images

into their corresponding texture (albedo maps) and shading (irradiance) components. The

2The Armadillo model was downloaded from the Stanford scanning repository.

3The buddha, cat and owl data sets were generously provided by Dan Goldman and Steve Seitz from the
University of Washington, Seattle, WA.

4These models were scanned for us using the Polhemus scanner by Michael Reed of Blue Sky Studios



99

Figure 6.1: Objects used for testing our algorithm. Starting from the left, �rst come the
synthetic renderings: a sphere and the Armadillo; followed by three objects with their
geometry acquired using photometric stereo: the buddha, the cat and the owl; and �nally
two scanned objects: the chicken and the girl. Each row shows the objects with a di�erent
illumination.

Figure 6.2: Results obtained using the point light source model for theimages in Figure 6.1.
The top row shows the recovered albedo, the middle row shows the factored irradiance for
the �rst illumination, and the last row the factored irradiance for the second illumination.
Notice how the factorization de-couples texture from shading.

Point source 1 Point source 2 Rel. intensity
x y z x y z (R, G, B)

Actual position -0.58 0.36 0.73 0.28 -0.28 0.92 (5.00, 10.00, 20.00)
Sphere -0.58 0.36 0.73 0.27 -0.28 0.92 (5.03, 10.10, 20.48)

Armadillo -0.58 0.35 0.73 0.27 -0.28 0.92 (5.11, 10.27, 20.88)

Table 6.1: Ground truth and recovered light directions and relative intensities for the syn-
thetic images of the sphere and the Armadillo
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Point source 1 Point source 2 Rel. intensity
x y z x y z (R, G, B)

Actual position 0.40 0.48 0.78 -0.32 0.49 0.92 (1.00, 1.00, 1.00)
Buddha 0.44 0.47 0.77 -0.32 0.47 0.82 (1.03, 1.03, 1.04)

Cat 0.39 0.49 0.78 -0.33 0.47 0.82 (1.09, 1.09, 1.05)
Owl 0.39 0.48 0.78 -0.31 0.44 0.84 (1.02. 1.01, 1.00)

Table 6.2: Ground truth and recovered light directions and intensities for the buddha, cat
and owl models.

Figure 6.3: Results obtained using the generalized illumination model the images in Fig-
ure 6.1. The top row shows the recovered albedo, the middle row shows the factored
irradiance for the �rst illumination, and the last row the factored irr adiance for the second
illumination.

Model Method Error 1 Error 2
Sphere PL < 0.1% < 0.1%

PCA 5 0.40% 0.20%
Armadillo PL < 0.1% < 0.1%

PCA 3 3.50% 4.30%
Buddha PL 0.40% 0.50%

PCA 3 0.10% 1.60%
Cat PL < 0.1% < 0.1%

PCA 3 4.40% 4.50%
Owl PL < 0.1% < 0.1%

PCA 3 3.80% 3.50%

Table 6.3: Normalized reconstruction error for the irradiance images. The �rst column
indicates the object, the second one the method used (PL = point light, PCA n = gen-
eralized illumination using PCA of size n), and the last two columns show the normalized
reconstruction error for the two irradiance images.
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results are shown in Figure 6.2 - the top row shows the albedo map, and the second and

third rows the irradiance maps for each of the input images. Note that, with the exception

of a few minor artifacts, the albedo maps do not contain any shading e�ects. This is

certainly true for the synthetic models: both the sphere and the armadillo albedo maps

look completely 
at. For the real data sets, some artifacts can be seen where the surfaces

are not purely Lambertian. For example, the owl shows some specular components in the

albedo map. Other artifacts are brighter spots in non-convex regions, inparticular at the

junction of the head and body of the cat and owl models, the junction of the arm and body

in the chicken model, and the junction of the hair and face in the girl model. The convexity

assumption fails here and inter-re
ections in
uence the �nal result. The visible e�ect is

a brightening of the albedo map, since the pure Lambertian model can notexplain the

increase in irradiance due to inter-re
ections. As a �nal comment, the pants in the chicken

model are not in the albedo map since the luminance value of those pixels falls below the

shadow threshold, and hence ignored by the algorithm.

When ground truth was available, we also computed a quantitative measure of the qual-

ity of the factorization by comparing the obtained irradiance images with the irradiance

images generated using the ground truth light source position. Since there is a scale ambi-

guity that is inherent to our method, we normalized all images before computing the error

metric. This normalization was achieved by setting the norm k I k2=
P

x;y I (x; y)2 equal

to one. Then, for a given pair of normalized ground truth image I 0 and reconstructed

irradiance imageI 1, we computed the relative squared error of the reconstruction5:

err (I 1; I 0) =
k I 1 � I 0 k2

k I 0 k2 : (6.26)

The resulting reconstruction errors are reported as percentages in Table 6.3. It can be

observed that the reconstructed irradiance images using the point light source algorithm

are very accurate.

5The relative squared error is frequently used in the literature (e.g. [Basri and Jacobs, 2003, Frolova et
al., 2004]) as a metric for evaluating the goodness of image reconstructions.
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6.5.2 Generalized light model

We tested the generalized light model algorithm on the same set of images we used for testing

the point-light source factorization, shown in Figure 6.1. In all cases, we �rst analytically

computed the PCA basis. We used a basis of dimension 3 for all of the models except for

the sphere, for which we used a PCA basis of dimension 5. We found these dimensions

empirically, by testing with di�erent basis size. The resulti ng factorizations into irradiance

images and albedo maps are shown in Figure 6.3 and the reconstruction errors for the

irradiance images are tabulated in Table 6.3. It can be seen that the model approximates

well the irradiance and produces a good factorization. The reported reconstruction errors

are less than 4.5%. For the sphere, the quality of the approximation is as good as for the

point-light source model. For the remaining models, the irradiancereconstruction error

varies between 0.5% for the buddha to 4.50% for the cat.

6.5.3 Point plus ambient light model

To test the factorization using the point plus ambient light model we ran our algorithm on

a model of the church of St. Marie, in Chappes, France, one of the many churches that

we have modeled in collaboration with theVisual Media Center of the Department of

Art History and Archeology at Columbia University, and on a subset of the images and

models presented in chapter 5 for the relighting and de-shadowingexperiments. All models

were built using a Leica HDS-3000 range �nder and meshed using the VripPack package of

[Curless and Levoy, 1996].

Running the point plus ambient light model on outdoor scenes requires the position

of the sun to be known relative to the geometry, so we �rst aligned the geometry with

respect to the Earth's coordinate system. For this, we set up a coordinate system in which

the negative Z axis points to North, the positive X axis to East and the Y axis up. The

Leica HDS-3000 scanner produces scans aligned with the vertical direction, so we only

had to compute a rotation around the Y axis that would align our models correctly with

respect to North. We achieved this �nal alignment manually: we took a picture at a known
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Image 1 Image 2
Sun Ambient Sun Ambient

Ground truth 1.00 0.133 0.472 0.0650
Computed 1.00 0.131 0.474 0.0652

Table 6.4: Relative illumination estimation results from two synthet ic renderings under
monochromatic illumination of a model of the church of St. Marie, Chappes.

time of the day, registered the image with the model using our manual registration tool,

rendered the model with an orthographic projection as seen from the direction of the sun,

and manually rotated the model around the Y axis until none of the shadows in the image

were visible. This idea is similar to the shadow-based registration presented in chapter 3,

with the exception that now we know the image registration and we want to compute the

correct orientation of the model.

We �rst ran a test on synthetic images of the church of St. Marie , to test our algorithm

under ideal conditions. We rendered two images illuminated by a monochrome directional

light source and a constant monochrome ambient term, with no inter-re
ections, shown in

�gures 6.5. Figure 6.4 shows a normals map of the south fa�cade of St. Marie. The acquired

geometry has regions with holes, which are seen as black patches. The ground truth and

computed sun and ambient intensities are shown in table 6.4. The errors are very small,

which veri�es that out algorithm can correctly estimate the illuminat ion parameters from

the ratio image.

We did further testing with real images of the church of St. Marie. First, we manually

registered two set of images, one set taken at 10:56am, and the other taken at 4:55pm.

Each set consists of four images. We put the images together into a composite picture

for each illumination, which are shown in �gure 6.6. Since each set of images is acquired

under constant illumination with the same camera parameters, these blended images do

not show artifacts. The two composites, plus the shadows masks shownin �gure 6.7 which

we obtained using thresholding, the normals map, and the directions of the sun, are the

inputs to our illumination and texture factorization algorithm. The res ulting albedo and

illumination maps are shown in �gure 6.8 and 6.9, respectively. The resulting albedo map
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is illumination free; the only artifacts are some regions in which the shadow boundaries

are noticeable. This is due to poor shadow masking. Unfortunately, thisis a limitation of

our method: it requires very accurate shadow masks which are very di�cult to compute.

Nevertheless, the computed albedo map is good for generating new renderings under novel

illumination conditions. To show this, we created a set of renderings of St Marie as the sun

traverses the sky from morning to afternoon. The results, which were created using a ray

tracer, are shown in �gure 6.10.

Our second test was on the images ofCasa Italiana shown in Figure 6.11 with the

same shadow masks used in chapter 5. We ran the point plus ambient modelusing di�erent

approximations for the ambient term. Figures 6.12 and 6.13 show the resulting albedo and

irradiance maps obtained using a constant term approximation for the ambient term. Fig-

ures 6.14 and 6.15 show the results of the factorization a spherical harmonic approximation

of order 1 for the ambient component, and Figures 6.16 and 6.17 show the results obtained

from using a 3-dimensional PCA basis. In the absence of ground truth, werestrict ourselves

to a qualitative analysis of the results. Comparing the albedo maps we can see the best

results were obtained from the constant term ambient approximation. The albedo map in

Figure 6.12 shows almost none of the illumination e�ects, except for a few brightening in

regions where the sampling of the scanner was not high enough to approximate correctly

the geometry variations. In contrast, the results obtained using higher order ambient terms

(SH order 1 and PCA basis of dimension 3) do show some artifacts for surfaces looking

down. Regions with downward pointing normals only receive indirect illumination from

inter-re
ections, so it is very unlikely that orientation consist ency will hold for those points.

These higher dimensional models try to model this e�ects.

6.6 Conclusions and Future Work

In this chapter we have addressed the problem of illumination and texture factorization

from two images of a Lambertian object of known geometry acquired under unknown illu-
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mination. We have developed our solution as a two step process: �rst we compute the ratio

image and solve for the irradiance maps of the scene under the unknown illuminations. In

a second step, we divide the original images by the found irradiance mapsto solve for the

albedo. We have presented three di�erent illumination models that our method can handle:

point-light, generalized illumination and point plus ambient, and we have validated these

with results from real and synthetic scenes. The results show that when our assumptions

are met, the algorithms perform as expected. Possible sources of error are the same men-

tioned in the conclusions of chapter 5: inaccurate geometry due to poor sampling, errors

in geometry and image registration, non-Lambertian surfaces, poor shadow mask detection

and strong e�ects of inter-re
ections. One issue that we did not address is the possibility

that in solving for the irradiance maps in terms of SH or PCA expansions, the illumination

map might contain negative values for some direction. Negative light, though mathemat-

ically possible, is physically impossible. [Basri and Jacobs, 2003] have already addressed

this issue. In the appendix A we discuss a potential adaptation of thistechnique to our

problem.

To conclude, the main advantage of the presented algorithms, and our motivation for

their development, is the lack of over-head they introduce in the data acquisition process:

just two images are needed and there is no need for a device to measurethe incident light.

As such, as far as we know, this is the �rst method introduced to solve for irradiance

maps from the ratio image. But as we have seen, such 
exibility can onlybe met by

imposing the scene to meet certain conditions. The results we have presented are for simple

objects under relatively simple illumination. For more complex scenes and illumination

settings, our assumptions might not hold, and our method may not producethe expected

results. Inverse rendering, in particular for outdoor scenes, is indeed a di�cult problem,

and even more elaborate techniques such as that of Debevecet al. (2004) that makes use of

a sophisticated light-probing device, are limited to di�use surfaces.
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Figure 6.4: Normals map for the church of Saint Marie, Chappes, France.
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Figure 6.5: Synthetic renderings of the church of Saint Marie, Chappes, France under two
di�erent illuminations (point + ambient light models).
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Figure 6.6: Real images of Saint Marie, Chappes, France. The top image is a composite
made of images acquired at 10:56AM on May 26th 2005. The bottom is a composite made
of images taken at 4:55PM on that same day.
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Figure 6.7: Shadow masks for the input images of Saint Marie, Chappes, France.
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Figure 6.8: Albedo map for the south facade of Saint Marie, Chappes, France.
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Figure 6.9: Illumination images computed for the images of Saint Marie, Chappes, France.
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Figure 6.10: Renderings of Saint Marie at Chappes under novel illumination conditions.
These renderings simulate a day-time sequence with the sun at 10am,11am, 12pm, 1pm,
2pm and 3pm.

Figure 6.11: Two images of Casa Italiana taken at di�erent time of the day from slightly
di�erent view points. The left image was taken 3:22pm and the right one at 1:28pm on the
same day, under partly cloudy conditions.
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Figure 6.12: Albedo map computed for Casa Italiana using the point plus ambient model
with a constant term for the ambient component.

Figure 6.13: Irradiance maps computed for Casa Italiana using the point plus ambient
model with order 0 SH for the ambient component.
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Figure 6.14: Albedo map computed for Casa Italiana using the point plus ambient model
using an order 1 spherical harmonic basis for the ambient component.

Figure 6.15: Irradiance maps computed for Casa Italiana using the point plus ambient
model with order 1 SH for the ambient component.
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Figure 6.16: Albedo map computed for Casa Italiana using the point plus ambient model
with order 3 PCA basis for the ambient component.

Figure 6.17: Irradiance maps computed for Casa Italiana using the point plus ambient
model with order 3 PCA basis for the ambient component.
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Chapter 7

Conclusions and Future Work

In this dissertation we have presented a set of algorithms that we have implemented into

tools for photorealistic 3D modeling using dense data from a range sensorand photographs,

making emphasis on the acquisition and modeling of large scale outdoor settings. This

research area has become of signi�cant importance recently due to the commercialization

of fast and accurate range �nders, with applications not only in reverse engineering, but

also in cultural heritage conservation and digitalization. We focused on two major areas

of the modeling and acquisition pipeline: the registration of range and intensity data, and

the generation of seamless integrated texture maps. Below we discussour main conclusions

and directions of future work for each of these areas.

7.1 Range and intensity image registration

As we have mentioned in chapter 3, the registration of intensity images with range data is a

problem that involves two very di�erent domains: the domain of intensity values recorded

by a photographic camera and the domain of 3D points recorded by a range �nder.One way

of bringing these two di�erent types of data into registration is to � nd a set of corresponding

features, and following this direction we presented a tool for manualregistration based on a

point-and-click interface and a semi-automatic tool for registration of images of architectural
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scenes that uses extracted line 2D and 3D line features. The advantage of using geometric

features, such as points, lines, or parametric curves, is that the projection of these objects

into an image follows mathematical models from which one can derive an error function

that can be e�ciently computed from a set of correspondences. Hence, the main task any

feature-based registration method has to solve is the search for corresponding features. The

size of the search space can be large enough to make an exhaustive search of allpossible

correspondences prohibitive. In addition, the fact that the input data comes from two

di�erent domains makes it very di�cult to compute a similarity met ric between features.

Another approach to image registration is to produce a rendering of the 3D model and

compute an intensity-based metric to �nd the mutual dependence (or lack of it) between

the rendering and the actual image. Our shadow-based registration method falls in this

category, though we measure the mutual dependence in a slightly di�erent way, by taking a

rendering as seen from the direction of the sun and counting the number of visible shadow

pixels. Since a rendering of the model is required, this kind oftechniques would require the

camera intrinsic parameters to be known, leaving the six parameters of the camera pose to

be estimated. Hence, the principal task of any registration algorithm of this kind is to search

the six dimensional space of camera pose parameters for a point that globallymaximizes

the mutual dependence. In our shadow-based method we require an initial estimate of the

camera pose, therefore we can restrict the search space to a neighborhood around this initial

point making the search tractable.

It can be noted then, that whether using a feature-based method or a mutual informa-

tion like approach, there is an underlying search problem that becomesthe main bottleneck

of any registration algorithm. This search space can be e�ciently explored either by adding

a human into the registration loop, or by imposing additional constraints given by a spe-

ci�c application domain. In our line-based registration, for example, we combine domain

constraints with user-interaction to achieve real-time registration. More recently, [Liu and

Stamos, 2005] developed an automatic algorithm for registration of urban scene data, that

groups line features in the scene in higher-order primitives likeparallelepipeds and rectan-
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gles. These higher-order primitives, which are domain dependent,help reduce the size of

the search space. Another example of a registration task speci�c to a domain is the work of

[Lenschet al., 2001]. Lenschet al. (2001) use silhouettes for registration. Silhouette based

methods work well when two conditions are satis�ed: �rst, it is req uired that the object of

interest can be captured within a single image; second, it should be easy to separate the

object from the background.

A one-size �ts all automatic solution to the range and intensity image registration prob-

lem is still to be found. The point-and-click user driven tool presented in chapter 3 can �t

most applications, but is far from being automatic. However, it is very well optimized and

can �nd a solution with as little as four point correspondences when thecamera intrinsic

parameters are known. On the other hand, both the line-based and shadow-based tools do

take a step further into full-automation, but are restricted to ver y speci�c domains. The

ideal solution to the registration problem should be as simple as today's panorama stitchers

(see for example the panoramic tools of the 2006 Digital Image Editor by Microsoft), which

given a collection of images can build a full panorama in seconds. This will only be possible

when the gap between the two domains is bridged and a generic feature descriptor that

can enable the comparison of 3D and 2D features is developed. An alternative possible

path of bridging this gap is to approach the problem as the simultaneous registration of

multiple images with range data, applying existing structure-from-motion techniques. Once

a single color image is registered with the range data, then the remainingcolor images can

be registered with respect to the �rst one, using existing color image registration methods.

Hence, while the �rst step requires registration across two domains,the second step works

entirely in the domain of color images. Some progress is already being made in this direc-

tion, as shown in the recent work of [Liu et al., 2006]. However, these techniques might

produce limited results with images acquired under di�erent illuminations, since most image

registration techniques are based on the color constancy assumption.

Yet another way of bridging the gap between range and color data is to use thereturn

intensity that the most time of 
ight laser scanner return together wi th a 3D measurement.
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This return intensity depends on several factors, such as scanner distance and incident

angle, and also on the re
ectance of the surface being modeled. Finding features in the

re
ectance image is a problem that falls in the domain of 2D image processing, and it is

likely that a metric computed on these images could be comparable with ametric computed

over color images, making the matching problem easier.[Ikeuchi et al., 2003] has already

used the scanner's re
ectance image to �nd edges. Still some work in this area could produce

better algorithms. For instance, one could compute and match local scale invariant (SIFT)

features [Lowe, 1999] on the re
ectance and color images to �nd the registration.

To conclude, there are di�erent ways of �nding the registration bet ween color and range

images. Some are domain speci�c, and some are more general. In this dissertation we took

the domain speci�c approach, and we presented an algorithm for solving theregistration

problem using line features, and another algorithm for �nding the camera position using

the shadows cast by the sun.

7.2 Generation of seamless integrated texture maps

In chapters 5 and 6 we introduced two di�erent algorithms for generating integrated seamless

texture maps using images of outdoor scenes. The biggest challenge whenimaging large

scale structures in outdoor settings is the variability of the illumination, which can not be

controlled. This is also true for large-scale scenes in general, because outside laboratory

environments it is di�cult to have control on the illumination of the scene. The relighting

technique we presented in chapter 5 generates an integrated texture maps by computing

a relighting operator over the are of overlap of two images and bringing theimages into

the same illumination. One of the main contributions of our method is the handling and

removal of shadows cast by the sun. In chapter 6 we took a slightly di�erent approach

and showed that it is possible to factor the irradiance from the texture using the ratio

of two images. By doing so, we were able to create an integrated texture mapwith an

illumination free representation of the spatial varying di�use re
e ctance. The advantage
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of this technique is that we can then use this re
ectance map to generate renderings of

the scene under novel illumination conditions. Our main contribution in this area is the

factorization of illumination and di�use re
ectance from two images and th e geometry of

the scene. Previous methods that achieve similar results for outdoor scenes require light

probes[Debevecet al., 2004] or images of the sun and sky[Yu and Malik, 1998], in addition

to the geometry of the scene.

Both, the techniques of chapter 5 and 6, require certain conditions tobe met to guarantee

the model assumptions are satis�ed. These conditions do indeed restrict the applicability

of our method to more general cases. For example, we have assumed that shadows are

easily identi�ed. This is not always the case, and thresholding methods such as the one we

have employed do not always produce optimal results. Our method could be improved with

better shadow detection. In fact, one could combine geometry and color information to �nd

a segmentation into shadow and lit regions. Using ray-casting, we can usethe geometry

information to �nd a coarse location of the shadow regions. This shadow map may contain

some errors because of holes in the model and coarse geometry sampling. Nevertheless, the

resulting ray-casted shadows could be good enough to compute local intensity statistics of

the characteristics of shadow regions, which can be combined with region growing techniques

to �nd the actual shadows in the image, or used with the probabilistic techniques, such as

that of [Wu and Tang, 2005].

In addition, we have assumed convex scenes. If the scene has concaveregions, local

illumination e�ects such as interre
ections and spatially varying am bient light occlusion

could adversely distort the �nal results. It is possible, however, to improve our algorithm

by modeling spatially varying ambient light occlusion. In our current implementation we are

indirectly doing this when we compute the shadow masks using two thresholds: an upper

and lower threshold. But, to better model ambient occlusion, we could use the geometry to

compute a visibility function for every scene point. This visibility function, which indicates

which regions of the hemisphere above a point are occluded, can be computed by a ray-

tracer (assuming a complete geometric model). Once the visibility function is computed,
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we can select to include in the computation of the irradiance ratio mapsof chapter 5 the

subset of pixels whose visible hemisphere is above some threshold, guaranteeing that only

the convex regions are used. The same enhancement can be applied to our factorization

algorithm of chapter 6. We can solve for the illumination parameters using only those pixels

that are in locally convex regions. After the illumination model parameters are solved for,

the incident irradiance at each pixel can be computed taking into account the visibility

function, very much like existing pre-computed radiance transfer techniques do (e.g.[Sloan

et al., 2002]). Also, once we have solved for the irradiance parameters, we can computethe

theoretical irradiance ratio taking visibility into account and compar e it with the actual

measured irradiance ratio. Any di�erence between these two will bedue to the e�ects of

interre
ections which we have so far ignored. At this point we could iteratively update

our initial estimate of the albedo maps taking interre
ections into account to minimize the

di�erence between the computed and measured irradiance ratios.

Another constraint we imposed is di�use Lambertian like behavior. This guarantees

that the ratio image is texture-free and allows us to derive a simplemodel for relighting and

for factoring irradiance and texture. It seems unlikely that this restriction can be relaxed

for the general case, but under certain circumstances, we might be able to. For example,

if we had a small database of materials representative of the materials in the scene, and

assumed point light source illumination, we could search the space of materials and source

positions until we �nd the parameters that best �t the observed ratio image. This will

require proper segmentation and materials clustering, as in[Hertzmann and Seitz, 2005].

Yet to be explored is the use of active methods for re
ectance modeling in outdoor

environments. The range �nder is in fact, an active device which does report a returned in-

tensity value. In recent work [Xu et al., 2006], pure di�use re
ectance of large environments

is obtained by analyzing the scanner's returned intensity value incombination with color-

balancing techniques on the input color images. This brings an interesting idea to speculate

about: could it be possible using lasers with di�erent wavelengthsto obtain information

re
ectance information?.
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To conclude, the creation of seamless textured maps of outdoor scenes is a di�cult

problem which can be addressed in di�erent ways. In this dissertation, we have presented

two di�erent algorithms for producing seamless integrated texture maps of large di�use

outdoor scenes using the ratio of images of di�use scenes. We have successfully applied

our methods to mostly convex buildings. Still, as we have outlined in this section, there is

considerable work to be done to generalize this idea to more complex cases.

7.3 Summary

In this dissertation we have presented a set of algorithms and techniques that contribute

towards the automation and simpli�cation of the 3D acquisition and modeli ng pipeline. We

focused on two major open problems: the registration of range and intensity images and the

creation of integrated texture maps from images acquired under uncontrolled illumination.

We presented both, the theory behind our techniques and their application to real scenes.
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Appendix A

Enforcing nonnegative light

In chapter 6, we presented a technique to solve for a pair of irradiancemaps from the

ratio image. When we solve for the irradiance maps by �nding a linear combination of basis

images, be it a spherical harmonics basis or a PCA basis, we may end up obtaining a solution

that is not physically possible. The linear combination of basis may contain negative values,

representing negative light. This situation can arise with the generalized or the point plus

ambient illumination models. We can enforce nonnegative light by using a variation of the

technique introduced by Basri and Jacobs (2003), which approximate a nonnegative lighting

function as a nonnegative combination of delta functions, each representing a directional

source. We will �rst describe this technique for the SH basis, andlater consider other

bases. Let� � 0 � 0 be the impulse function de�ned over the domain of spherical coordinates,

returning a value of 1 for (� 0; � 0) and 0 everywhere else. Consider now the projection of

the delta function to the �rst few SH basis, which is given by

� � 0 � 0 =
NX

l=0

nX

m= � n

Ylm (� 0; � 0)Ylm ; (A.1)

where N is the order of the approximation. Also, the irradiance map correspondingto the

convolution of the delta function with the half-cosine function is
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E � 0 � 0 =
NX

l=0

nX

m= � n

A l Ylm (� 0; � 0)Ylm : (A.2)

A l , previously introduced in section 6.3.2, is the frequency space transform of the half-cosine

function. Now, a nonnegative lighting function `(� 0; � 0) can be expressed as a nonnegative

combination of delta functions. That is

` =
JX

j =1

aj � � 0 � 0 ; (A.3)

for someJ . We can now write ` as an approximation in spherical harmonic basis by replacing

the delta functions with their corresponding approximations,

` =
JX

j =1

aj

NX

l=0

nX

m= � n

Ylm (� 0; � 0)Ylm : (A.4)

We can now write the irradiance map for ` as

E =
JX

j =1

aj

NX

l=0

nX

m= � n

A l Ylm (� 0; � 0)Ylm : (A.5)

This follows from the additivity of light, i.e. the irradiance map for a combination of light

sources is the sum of the individual irradiance maps, and from equation (A.2). It is now

possible to express the irradiance ratio between two images as

R =

P J
j =1 a1j

P N
l=0

P n
m= � n A l Ylm (� 0; � 0)Ylm

P J
j =1 a2j

P N
l=0

P n
m= � n A l Ylm (� 0; � 0)Ylm

: (A.6)

Our goal is then to solve the nonnegative least-squares problem

min
a

kAak s.t a > 0: (A.7)

Here A is the matrix obtained by writing the equations as in (6.15), and a is the concate-

nation of the vectors a1j and a2j .

We can replace the SH basis used in the development of the above procedure to enforce
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nonnegative light with the analytic PCA basis. Each vector of the analytic PCA basis, as

computed in Ramamoorthi (2002), is approximated by a linear combination of order 2 SH

basis. Then, it is straight forward to write the projection of the irr adiance map for the

delta function � � 0 � 0 in terms of the PCA basis.


