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Abstract
New Models and Methods for Matting and Compositing
by Yung-Yu Chuang

Co-Chairs of Supervisory Committee:

Professor Brian Curless
Computer Science & Engineering

Professor David H. Salesin
Computer Science & Engineering

Matting and compositing are fundamental operations in graphics and visual effects. Despite having
enjoyed wide usage for many years, traditional matting and compositing have limitations. Tra-
ditional matting methods either require special setups or cannot handle objects with complex sil-
houettes. Furthermore, the traditional compositing model is effective in modeling color blending
effects but not re ection, refraction, and shadows. In this dissertation, we address these limitations
and present a set of new compositing models and matting methods. To pull mattes of complex sil-
houettes from natural images, we introduce a principled statistical approach called Bayesian image
matting. We also extend this algorithm to handle video sequences with the help of optical ow
computation and background estimation. On the compositing side, previous work on environment
matting has been shown to handle refraction and re ection, but the resulting mattes are not very
accurate. We propose a more accurate environment matting model and method that requires us-
ing more images. For shadows, we develop a physically-motivated shadow compositing equation.
Based on this equation, we introduce a shadow matting method for extracting shadow mattes from
videos with natural backgrounds, and we demonstrate a novel process for acquiring the photomet-
ric and geometric properties of the background to enable creation of realistic shadow composites.

Finally, we present a novel application of Bayesian image matting for animating still pictures.
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Chapter 1

INTRODUCTION

Matting and compositing are fundamental operations in graphics. In the matting process, a
foreground element of arbitrary shape is extracted from an image. In the compositing process, the
extracted foreground element is placed over a novel background image. Matting and compositing
were originally developed for Im production. Today, matting and compositing have become crucial
and frequently used operations in visual effects production. They enable directors to insert new
elements seamlessly into a scene or to transport an actor into a completely new location. Nearly
all modern movies utilize digital matting and compositing in their production; notable examples
include Jurassic Park, The Matrix, and The Lord of the Rings. The potential importance of
matting and compositing can perhaps be best indicated by observing how lucrative visual effects
movies have become [80]. According to The Internet Movie Database, as of April 2004, six of
the ten best-selling movies ever released also won the Best Visual Effects Academy Awards. We
would argue that the success of these Ims is directly related to their stellar visual effects. Digital
matting and compositing, therefore, have huge money-making potential. In addition to being put to
use for visual effects, digital matting and compositing are used in much of today’s media, including
magazines, 2D arts and graphics, television, advertising, video post production, and multimedia title
development.

Although they were developed several decades ago, matting and compositing are still somewhat
of a black art. Not much scienti c¢ study has been done until recently. Hence, most existing matting
and compositing techniques are still fairly ad hoc and often limited to solving a restricted version
of the general problem. Motivated by some recent promising work on matting and compositing,

this dissertation provides a novel set of new models and principled techniques so that matting and

The other three of them, Start Wars: Episode | and two Harry Potter movies, are fantasy movies. It would be
impossible to make them without special effects. The only exception is Pixar’s animation, Finding Nemo.



compositing can be used in less restricted environments, model more complex phenomena, and be
applied to exciting new applications.

In the remainder of this chapter, we rst discuss the evolution and terminology of matting and
compositing. We then review the relevant scienti c literature on matting and compositing. Next, we
de ne the problems that this dissertation attempts to solve and state the general solution strategies.

The chapter concludes with an overview of this dissertation.

1.1 History and terminology

1.1.1 The optical era

The origins of matting and compositing can be traced back to photography and cinematography. One
early composite example is the massive print, The Two Ways of Life, created by the photographer
Oscar Rejlander in 1857 by selectively combining 32 different negatives [18]. The development of
compositing, however, was mostly driven by the need for cinematography to convincingly merge
images Imed at different times or locations onto a single strip of Im. One of the early tricks for
compositing is the double exposure technique, blocking out part of the Im during the rst shot in
order to preserve an unexposed area for the addition of other elements in later shots [74].

For combining Ims, in the early 1900s, optical printers were built, and the art of optical com-
positing was born. In the optical compositing process, three pieces of Im are required to create a

composite [11]:

Foreground plate: the Im containing the foreground element to be composited onto a differ-
ent background.

Matte: a monochrome Im that determines the opacity of the foreground plate. The matte out-
side the foreground element is black to hold out the unwanted background in the foreground
plate. The matte inside the foreground element is clear.

Background plate: the backdrop onto which the foreground will be composited. This back-
ground usually comes from a Imed background, a miniature model, or a matte painting (a

photorealistic painting of a real or imaginary scene).

During the compositing process, rst, the background plate is exposed through negative of the matte



onto a Im strip to hold a copy of the background scene with an unexposed area of the same shape
and size of the foreground element. This Im strip is then rewound and re-exposed to the foreground
plate, along with the matte [74]. Exposure occurs only where the matte is clear, effectively com-
positing the foreground element onto the background plate. The Im strip now holds the composite.
With optical printers, compositing became an easy task. However, generating appropriate mattes
was still dif cult and many techniques were invented. The process of producing mattes is referred
to by a variety of terms including matting, keying, matte extraction, and pulling a matte. In this
dissertation, we refer to this process as matting. When compositing a sequence of images, the matte
has to move through the sequence to track the foreground element. Such a moving matte is often
referred to as a traveling matte. In this dissertation, we refer to the process of generating a traveling

matte as video matting.

Most optical matting techniques involve shooting the foreground element in front of a constant-
colored backdrop in order to easily isolate the foreground element from the unwanted background.
For example, in the Williams process [74], the foreground element was photographed against an
evenly lit plain black backdrop. The matte was essentially generated by enhancing the contrast of
the Im of the foreground element. This was done by copying the Im a number of times using
high-contrast Ims. Another matting technique of this kind is the color difference method devel-
oped and patented by Petro Vlahos. In this method, the foreground element was often Imed in
front of a bright blue background screen. Hence, this method is also known as blue screen matting.
In a simpler form of the color difference method, the greater of red and green channels is subtracted
from the blue channel and the result is inverted to map to the opacity value. This method was the
most popular and effective optical matting method from the mid-1960s until the advent of digital al-
ternatives in the late 1980s. With bluescreen photography, other color information can also be used;
for example, luma keying uses luminance values to distinguish the foreground from the background

while chroma keying uses chrominance values.

When Iming with specialized backdrops was impossible or impractical, effects artists had to
draw their mattes by hand. It was done on an apparatus called a rotoscope, invented by animator Max
Fleischer in 1917. Hence, this process is generically known as rotoscoping. Although eliminating

the need for a specialized backdrop, rotoscoping is an intricate and time-consuming process.



1.1.2 The digital era

Since the 1980s, with the advancement of digital technology, optical compositing equipment has
been largely replaced with computers and specialized software. However, most techniques and
concepts of optical compositing are directly applicable to the digital realm. Thus, a digital matte was
created to composite two digital images in direct emulation of the optical compositing technique.
Early digital matting and compositing programs simply mimicked the techniques developed for
optical compositing.

The use of computers, however, enabled the development of improved matting and compositing
processes. For example, it helps improve blue screen matting techniques by allowing additional
controls to adjust the relationships between the channels and the thresholds of certain values until a
visually acceptable matte is obtained [74]. Digital matting technology also makes the setup for blue
screen matting easier. Unlike in optical processes, the exact shade and color of the backdrop is not
critical when setting up and taking a shot. The operator simply identi es a few background pixels,
and the matting software can then be calibrated to remove only those exact colors. An example is

Mishima’s algorithm [60] that we will describe thoroughly in Section 1.2,

For rotoscoping, artists can draw an editable (e.g., B-spline) curve around the foreground el-
ement at selected keyframes, often with the help of an image snapping tool that adheres to high-
gradient areas. The curves can then be interpolated over time for the frames in between. However,
such automation usually only works for a simple shape that moves in a relatively linear fashion.
Hence, more often than not, every matte in a sequence still has to be hand-drawn. In addition, a post
processing step is needed to convert the contour into opacity pro les. This step is usually done by

ad hoc feathering, an operation that blurs edges.

Digital technology also enabled the development of new matting methods. For example, differ-
ence matting is another matting method that does not require Iming the foreground element against
a constant-color screen. Difference matting requires two versions of a scene to be shot, one with the
foreground element, and one without. The image Imed without the foreground element is called a
clean plate. Difference matting takes the difference between these two shots and maps that differ-
ence to an opacity value [72]. However, this process is error prone where there are similarities in

color between foreground and background, requiring additional user interaction to correct the matte.



1.2 Related work

The previous section presents the matting and composting techniques mostly developed by the Im
industry. In this section, we discuss some recent scienti ¢ studies that are generally related to
digital matting and compositing. Discussion of work related to more speci ¢ problem domains that
we address in this dissertation is deferred to the Related work sections of individual chapters.
The digital analog of the optical composting process can be summarized by the compositing
equation [69],
C= F+(Q1 )B; (1.1)

where C, F, and B are the composite, foreground, and background images, respectively, and is
the matte.? As in optical compositing, the matte represents each pixel’s opacity component used to
linearly blend between foreground and background colors.

Compositing, as described by equation (1.1), is a straightforward operation. There have been
roughly three major developments in digital compositing [47]. In 1977, Alvy Ray Smith and Ed
Catmull coined the term alpha channel for the matte because the matte plays a similar role as in
the classic linear interpolation formula, a+(1  )b. They also invented the concept of integral
alpha to treat alpha as integral to an image [86]. In 1980, Bruce Wallace and Marc Levoy showed
how to blend partially transparent images to produce images with alpha, making compositing op-
eration associative [104]. In 1984, Thomas Porter and Tom Duff [69] introduced the compositing
algebra of 12 compositing operators and showed how synthetic images with alpha could be useful
in creating complex digital images. In their paper, the composting operation described by equa-
tion (1.1) is named the over operation (in particular, F over B). They also introduced the concept
of pre-multiplication by alpha so that an identical operation can be applied to the pre-multiplied
rgb channels as well as the alpha channel. As later proven by others [14, 87], pre-multiplication is
important for many image processing operations such as ltering and subsampling.

Matting, on the other hand, is more dif cult. The matting process is the inverse process of
compositing, starting from a photograph (essentially composite images C) and attempting to solve

for the foreground image F, background image B, and alpha matte . Since F, B, and C have three

2\\e use the symbol  to represent both the opacity value at a pixel and the opacity image taken as a whole. At times,
to be more speci ¢, we use (p) for the opacity value at a pixel p, the same for C, F and B.



color channels each, for each pixel, we have a problem with three equations and seven unknowns.
Hence, matting is inherently under-constrained, and most matting techniques solve it by controlling
the background, adding images, or adding a priori assumptions about the foreground, background,
and alpha.

By shooting the foreground object against a known constant-color background, blue screen mat-
ting approaches reduce the number of unknows to four. This problem is, however, still under-
constrained. Hence, some simple constraints and heuristics have been employed to make the prob-
lem tractable. Some of these constraints and heuristics are nicely summarized by Smith and Blinn [88].
One such example is the color difference method invented by Vlahos; by making an assumption
about the relative proportions of red, green, and blue for the foreground colors, a matte is obtained

with the equation,

=1 a(C, aCy); (1.2)

where Cy, and Cq are the blue and green channels of the input image, respectively [88]. The user
can control the tuning parameters, a; and a,, until a satisfactory matte is obtained. While generally
effective and easy to implement, these approaches are in fact clever tricks. They are not mathemati-
cally valid, require an expert to tune them, and can fail on fairly simple foregrounds.

A more recent improvement on blue screen matting was developed by Mishima [60] based on
representative foreground and background color samples. In particular, the algorithm starts with
two identical polyhedral (triangular mesh) approximations of a sphere in rgh space centered at the
average value B of the background samples. The vertices of one of the polyhedra (the background
polyhedron) are then repositioned by moving them along lines radiating from the center until the
polyhedron is as small as possible while still containing all the background samples. The vertices of
the other polyhedron (the foreground polyhedron) are similarly adjusted to give the largest possible
polyhedron that contains no foreground pixels from the sample provided. Given a new composite
color C, then, Mishima casts a ray from B through C and de nes the intersections with the back-
ground and foreground polyhedra to be B and F, respectively. The fractional position of C along
the line segment BF is . Although it requires the user to identify background samples, Mishima’s
algorithm places less restrictions on the backdrop colors and lighting conditions.

While blue screen matting is generally effective, taking a photograph of the foreground object



in front of a bright blue screen entails both restrictions on the foreground colors and blue spill
(re ection of blue light from the blue screen on the foreground object). To avoid these problems,
an alternative is to use dual- Im techniques. The dual- Im methods require the use of two separate

Ims that could be exposed to the same scene simultaneously. That is usually implemented using
a beam-splitting prism that divides the light entering through the lens to send identical images of
the scene toward two separate Ims. Different lters are often used for these two Ims. One recent
example of dual- Im matting is the infrared (IR) matting system designed by Debevec et al. [29].
In their system, the backdrop is made of a material re ecting infrared light but not visible light.
Infrared light sources are used to illuminate the backdrop (and inevitably the foreground object).
A monochrome camera with an IR-pass Iter is used for obtaining the matte while the other CCD
camera records the foreground colors. Because the foreground object re ects much less infrared
light than the foreground object, the matte can easily be computed by thresholding the IR- Itered
image. Ultraviolet light can also be used to produce mattes in a similar way. Another example of
dual- Im methods is the invisible-signal keying system developed by Ben-Ezra [6]. In this system,
the backdrop is a silver screen preserving the polarization of light. A polarized light is used to
illuminate the scene. The light re ected by the background keeps polarization, but the light re ected
by the foreground object loses it. A polarization beam splitter then divides the light to two cameras
to create an in-phase image with a silver background and an out-of-phase image with a dark
background. The differences of these two images are then mapped to opacity values to form a
matte.

Some dual- Im methods use information other than light for matting. In depth keying [38],
the foreground object is segmented by thresholding the depth values of the scene; and, in thermo
keying [117], the temperature is used to isolate the actor from his surrounding. These techniques
get rid of the need for backdrops and are more suitable for outdoor shooting. However, the methods
using measurements other than light often lead to jagged mattes because those measurements are
not directly related to the partial coverage that matting processes attempt to estimate. Smoothing
such mattes by feathering can help with the jaggedness but does not generally compensate for gross
errors. This makes these methods less suitable for pulling high-quality mattes for objects with
intricate shapes such as hair strands and fur. A common weakness for all dual- Im methods is their

use of expensive specialized cameras.



To overcome the under-constrained problem, Smith and Blinn [88] provided a triangulation
solution for matting that was independently (and much earlier) developed by Wallace [105]: take
an image of the same object in front of multiple known backgrounds. This approach leads to an
over-constrained system and can be solved using a least-squares framework. While this approach
requires even more controlled studio conditions than the single solid background used in blue screen
matting and is not immediately suitable for live-action capture, it does provide a means of estimating
highly accurate foreground and alpha values for real objects.

When Iming with specialized backdrops is impossible or impractical, it is necessary to pull a
matte from a photograph of the foreground object taken with a natural background. In this case,
we have to solve the full matting problem with seven unknowns. We call this problem natural
image matting. Rotoscoping is a commonly used technique for solving this problem. However, as
stated in the previous section, rotoscoping is often inef cient, and the conversion of mattes is ad
hoc. Mitsunaga et al. [61] developed the AutoKey system to improve the rotoscoping process for
video matting. In this system, the keyframe roto-curves are tracked over time so as to adhere to
foreground contours. Tracked results tend to require less editing than interpolated results, but they
often still require frame-by-frame hand adjustment in order to pull a high-quality matte. To avoid
using ad hoc feathering in the conversion from contours to opacity pro les, they propose an adaptive
feathering method. By taking the partial derivatives on both sides of the compositing equation (1.1),

they observe that, under the assumption that F and B are roughly constant,

1
@) ——0C; 1.3
F B (13)

where O = h(g—x; @@—yl is the gradient operator. We call the above equation the AutoKey constraint.
The AutoKey constraint suggests that the amount of blur in the matte depends on the image gra-
dient. This approach, however, makes strong smoothness assumptions about the foreground and
background and is designed for use with fairly hard edges in the transition from foreground to back-
ground; i.e., it is not well-suited for transparency and hair-like silhouettes. Recently, Agarwala et al.
proposed a keyframe-based system to effectively reduce the amount of human effort for rotoscop-
ing [1]. However, the dif culties of handling intricate silhouettes remain.

This dissertation is mainly inspired by two recent developments in matting and compositing:

a probabilistic natural image matting algorithm by Ruzon and Tomasi [76] and environment mat-



ting and compositing by Zongker et al. [118]. The rst development is related to pulling mattes
from footage Imed in front of a natural background. Although such techniques exist, previous
approaches fail to handle foreground objects with complex shapes. Ruzon and Tomasi proposed
a statistical approach to address this de ciency [76]. With a modest amount of user intervention,
their algorithm is capable of pulling a matte for a foreground object with intricate boundaries from
a natural background by building statistics for foreground and background colors. Along this line,
we develop a more principled matting approach for handling images and videos Imed with natural
backgrounds. The second development is related to modeling phenomena that the traditional com-
positing model fails to capture. Although the traditional compositing model can model transport
paths of scalar (non-color) attenuation and partial pixel coverage, it does not model how objects
refract and re ect light. Zongker et al. introduced environment matting and compositing to general-
ize the traditional matting and compositing processes to incorporate refraction and re ection [118].
Following their work, we propose a novel compositing model for shadows and a practical process
for shadow matting and compositing. Furthermore, we improve the environment matting algorithm

to acquire more accurate environment mattes.

1.3 Problem statement

The compositing equation (1.1) de nes how to perform the compositing operation, but not what
compositing attempts to accomplish. To address this question, we seek ideas from practical com-
positing experts. The book, The Art and Science of Digital Compositing, gives the following

de nition for digital compositing [18]:

Digital Compositing: The digitally manipulated combination of at least two source

images to produce an integrated result.

What does integrated mean? Another book on compositing, Digital Compositing for Film and

Video, offers an insight into this question [115]:

The ultimate artistic objective of a digital composite is to take images from a variety of
different sources and combine them in such a way that they appear to have been shot at

the same time under the same lighting conditions with the same camera.
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Hence, we can view compositing as an image-based rendering approach, because it uses images
(samples of light) as the fundamental modeling primitives to synthesize a photorealistic composite
image (a novel set of light samples).

An image C, either captured by an imaging system or synthesized by a rendering algorithm,
records a discrete set of light samples over an image plane. For a given pixel p, the sample records
an average color C(p) of the light rays that strike that pixel. Each ray records the light transport from
lights to the camera through a scene. Hence, the image C is a function of the camera characteristics,

the lighting conditions, and the scene model,
C = Rendering(Model; Camera; Light): (1.4)

Previous image-based rendering approaches synthesize an image by manipulating a set of images
acquired by either varying the camera views for a xed scene and lighting (view interpolation [35,
49, 81, 114]) or varying the lighting conditions fora xed scene and camera (relighting [28, 55]), or
a combination of the two [58]. For example, for view interpolation, a set of images are taken from

different viewpoints for a xed scene and lighting condition,
Ci = Rendering(Model; Camera; Light);i=1:::n: (1.5)

The image C! for a novel view Camera’ is then obtained by manipulating this set of images C;.
In the context of compositing, we assume that the scene model can be decomposed into two

parts, a foreground model Modelg and a background model Modelg. Hence,
C = Rendering(fModelg ; M odelgg; Camera; Light): (1.6)

A compositing model describes how to approximate C from a foreground image F and a background

image B through a matte, where

F = Rendering(fModelgg; Camera; Light); .7

B Rendering(fModelgg; Camera; Light) : (1.8)

To achieve this, the matte has to carry information about the light interaction between the foreground
model and the other parts of the scene (the background model and lights). The traditional composit-

ing model captures the inter-visibility between the foreground model and the background model.
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For example, in Figure 1.1(a), the foreground model only partially covers the pixel p. Hence, the
matte is supposed to be an opacity map for the foreground object, correctly modeling partial cov-
erage at the blending edges, as well as non-chromatic, non-refractive foreground transparency. The
traditional compositing equation (1.1) describes how to blend the colors of F and B through the
matte. This model, however, incorrectly represents some common lighting phenomena such as the
occlusion of light in shadows (Figure 1.1(b)) and the change of the light path in refraction and
re ection (Figure 1.1(c)).

The goal of a matting process is to extract the matte, essentially explaining how the image C is
formed based on the compositing model. This process, however, is often ill-posed because there is
more than one possible scene con guration that would result in the same image C. Common strate-
gies for solving an ill-posed problem include reducing the number of unknowns, adding constraints,
and adding statistical priors to the solution. For example, to reduce the number of unknowns, we
can take a photograph of the foreground model in front of a known background model. We can
even control the background model so that the matting problem becomes easier. An example of
traditional matting algorithms using this strategy is blue screen matting. We call the methods requir-
ing known backgrounds active methods and the ones without this restriction passive methods. To
add constraints, we can take several photographs of the foreground model in front of different back-
ground models. An example is the triangulation algorithm. We call the methods requiring multiple
images multiple-frame methods and the ones using a single image single-frame methods. To reduce
the number of required images, a multiple-frame solution is often combined with an active method
to control the background models and to explore the space of all possible backgrounds more ef -
ciently. Hence, matting algorithms primarily differ in the number of images required and whether
the background is controlled during the acquisition. For a passive single-frame matting problem,
to make the problem tractable, statistical priors (or just priors ) are often added to arrive at plausi-
ble solutions. An example is the Ruzon-Tomasi algorithm for natural image matting. Algorithms in
this category differ in terms of the choice of priors and the method of applying them to arrive at a
solution.

Table 1.1 gives aclassi cation of previous matting algorithms before our work, based on whether
the acquisition process is controlled and the number of images required. Generally, for matting,

we prefer passive approaches over active ones and single-frame methods over multiple-frame tech-
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(b) Refraction/re ection

_):li%!ight

(c) Shadows

Figure 1.1: Light transport and compositing. In the scenes shown in this gure, the spherical object
is taken to be the foreground, while the rest of the scene constitutes the background. The traditional
compositing equation effectively models partial coverage (a), assuming that the light goes straight
from the background through the foreground to the camera. However, in the case of refraction and
re ection (b), the light transport path is distorted by the foreground object and is not a straight
line. Hence, the traditional compositing equation cannot handle this lighting effect. Moreover, this
equation cannot handle shadows (c), which is the result of light occlusion.
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Table 1.1: A summary of previous matting and compositing methods and the roadmap of this
dissertation.? This table summarizes existing approaches before our work. Text in bold represents

our work, to be discussed in later chapters.
Traditional matting Shadow matting Environment matting
and compositing and compositing and compositing (EM)
lighting partial coverage shadows refraction
phenomena transparency re ection
R
compositing C= F+( )B Chapter 4 C=F+ W(x)B(x)d:
Porter & Duff [69] Zongker et al. [118]
depth/thermo keying
single rotoscoping
L | -frame Ruzon-Tomasi [76]
ﬁ Chapter 2
o
multiple
=2 ) framzc Chapter 3
= Chapter 4
= . blue screen matting
single . 4
frame difference matting
o dual- Im[6, 29]¢
& multiple O(1): triangulation [88] O(log k): Zongker [118]
O(k): Chapter 5
-frame

This table is by no means complete; only representative work is listed. For matting algorithms, this table is more a
categorization than a comparison. Because of the assumptions they make, these techniques actually solve related but
somewhat different problems.

b The original environment matting equation proposed by Zongker et al. is slightly less general than the one listed here.
€ The algorithms in this category take a sequence of images as input and output either a single matte or a sequence of

mattes (e.g., video matting in Chapter 3). Because such algorithms usually take advantage of the temporal coherence
within the input sequence, they do not work for a single image.

While the background is not controlled in difference matting, the camera path often has to be controlled for the ease
of obtaining clean plates. Hence, we count it as an active approach.

This approach essentially requires two frames, but they are taken simultaneously.
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nigues. However, this does not mean that passive single-frame algorithms in Table 1.1 are superior
to active multiple-frame techniques. All these techniques make different assumptions for the in-
herently under-constrained matting problem and turn out to solve related but somewhat different
problems, each with their own pros and cons. For example, although blue screen matting meth-
ods require only a single frame, they make assumptions about and restrictions on the colors of the
foreground object. On the other hand, the triangulation method requires multiple frames but places
no such restrictions. As another example, rotoscoping does not involve expensive blue screens but
requires intensive user intervention and only works for objects that have simple outlines. Hence, no
single matting technique is clearly better than another and the choice of which one to use depends

on the particular situation [18].

1.4 Owerview of dissertation

Table 1.1 also provides a roadmap for this dissertation. The next two chapters explain our approach
for matting from natural backgrounds. Chapter 2 describes our Bayesian framework for pulling
mattes from images. Chapter 3 extends this framework to handle videos by interpolating user inputs
using bidirectional optical ows. A novel technique for smoke matte extraction is also demon-
strated. Chapters 4 and 5 deal with the phenomena that the traditional composting model fails to
capture: shadows, re ection, and refraction. In Chapter 4, we develop physically-based shadow
matting and compositing equations and use them to pull a traveling (moving) shadow matte from a
source video Imed with a natural background. For shadow compositing, we propose an acquisition
process for obtaining the photometric and geometric properties of the target background scene. In
Chapter 5, we present our environment matting method for capturing a more accurate matte than
the previous approach, at the expense of using more structured light backdrops. Chapter 6 describes
an application of our Bayesian matting algorithm to creating a video texture from a single still im-
age. Finally, Chapter 7 concludes this dissertation by summarizing our contributions and suggesting

future research directions.
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Chapter 2

BAYESIAN IMAGE MATTING

2.1 Introduction

While active matting approaches are usually more effective, they often require expensive setups,
and the unnatural backdrops tend to induce worse performances by actors. Moreover, at times, it
is impractical (e.g., outdoor shooting), inef cient (e.g., shooting for background editing?), or even
impossible (e.g., pulling a matte from stock footage) to employ active approaches. In these cases,
passive approaches are preferable. From Table 1.1, one option for pulling mattes without controlled
backdrops is depth keying or thermo keying. While automatic, both methods require expensive,
specialized cameras. In addition, these methods are not suitable for foreground objects with complex
silhouettes, and they cannot be applied to stock footage. Another option is rotoscoping. Rotoscoping
eliminates the requirement for expensive cameras and is applicable to stock footage, but at the
expense of requiring user intervention. Still, like depth or thermo keying, it fails to pull satisfactory
mattes for objects with intricate boundaries.

Recently, statistical approaches have been proposed to solve the natural image matting problem.
These approaches attempt to pull mattes from natural (arbitrary) backgrounds by sampling colors
from known foreground and background regions in order to obtain statistics for the foreground and
background colors along the boundary. These statistics are then used to pull a matte in an unknown
region in a statistically meaningful way [93]. As with rotoscoping, these methods require modest
amounts of user interaction. However, unlike rotoscoping, they can handle dif cult cases such as
thin whisps of fur or hair.

In this chapter, we present a novel statistical method for solving the natural image matting prob-

lem.2 We rst survey the previous statistical approaches for natural image matting (Section 2.2), all

1n background editing, an object is inserted between the foreground element and the background plate

2This chapter describes joint work with Brian Curless, David H. Salesin and Richard Szeliski, rst presented in IEEE
CVPR 2001 [21].
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of which are fairly ad hoc. We then introduce a new, more principled approach to natural image
matting, based on a Bayesian framework (Section 2.3). While no algorithm can give perfect results
(given that the problem is inherently under-constrained), our Bayesian approach appears to provide
an improvement over existing approaches (Section 2.4). However, in regions of low contrast or high
textures, the Bayesian algorithm may fail to give satisfactory results. We propose a regularization
approach to improve the mattes for these cases (Section 2.5). Finally, we conclude this chapter by

discussing extensions and applications of the Bayesian matting algorithm (Section 2.6).

2.2 Related work

As mentioned in Section 1.3, the natural image matting problem is under-constrained. Statistical
approaches are effective for solving under-constrained problems because they provide a framework
to encode prior knowledge about possible solutions. To build priors, most statistical matting ap-
proaches require the user to supply a hint image that partitions the input image into three regions:
foreground , background, and unknown, with the background and foreground regions having
been delineated conservatively. We call such a hint image a trimap. In the unknown region, the
matte can be estimated using the color statistics of the known foreground and background regions.
Most statistical matting techniques consist of two steps [93]. First, foreground and background
color samples for each pixel in the unknown region are collected from the foreground and back-
ground regions. Based on the collected samples, statistical representations are calculated to sum-
marize the foreground and background appearances. Second, the matte is estimated for each pixel
in a particular order, given the foreground and background representations. In this section, we re-
view three such techniques: Knockout,? developed by Ultimatte (and, to the best of our knowledge,
described in patents by Berman et al. [7, 8]); the Ruzon-Tomasi algorithm [76]; and the technique
of Hillman et al. [40]. The rst two algorithms predate our Bayesian algorithm, while Hillman’s
algorithm is contemporary with ours.
For Knockout, after user segmentation, the next step is to extrapolate the known foreground and

background colors into the unknown region. In particular, given a point in the unknown region, the

8 Although Knockout is not strictly a statistical method, in this section, we generically classify the methods solving a
problem using samples as statistical approaches. By this de nition, Mishima’s method is also a statistical method, but
it is for blue screen matting, not natural image matting.
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Knockout Ruzon-Tomasi Hillman Bayesian

Backgreund
Unknown Unknown
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Foreground Foreground
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Figure 2.1: Summary of statistical natural image matting algorithms. Each of the algorithms shown
in this gure requires a trimap to specify known background, known foreground, and unknown
pixels. All algorithms estimate alpha for the unknown pixels using local color distributions of the
nearby known foreground and background regions. The dark gray areas in (b) and (c) correspond
to segments within the unknown region that will be evaluated using the same statistics derived from
the square (b) or circular (c) region’s overlap with the labeled foreground and background. The dark
gray and light gray bands in (d) represent the computed unknown pixels while the marked pixel is
being computed. The dark gray and light gray circles are the neighborhoods used for collecting the
background and foreground statistics, respectively. Because the marked pixel is closer to the known
background region, the neighborhood for the background is smaller than that for the foreground.
Figures (e)-(h) show how matte parameters are computed using the Knockout, Ruzon-Tomasi, Hill-
man and our Bayesian approach, respectively.
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foreground F is calculated as a weighted sum of the pixels on the perimeter of the known foreground
region. The weight for the nearest known pixel is set to 1, and this weight tapers linearly with dis-
tance, reaching O for pixels that are twice as distant as the nearest pixel. The same procedure is used
for initially estimating the background B based on nearby known background pixels. Figure 2.1(a)
shows a set of pixels that contribute to the calculation of F and B? of an unknown pixel.

The estimated background color B? is then re ned to give B using one of several methods [8]
that are all similar in character. One such method establishes a plane through the estimated back-
ground color with normal parallel to the line B"F. The pixel color in the unknown region is then
projected along the direction of the normal onto the plane, and this projection becomes the re ned
guess for B. Figure 2.1(e) illustrates this procedure. Several simple variations on this plane compu-
tation and projection step are described in the patent [8].

Finally, Knockout estimates  according to the relation

= ©) (B,
“(F) 7(B)’

where ” () projects a color onto one of several possible axes through rgb space (e.g., onto one of

2.1)

the r-, g-, or b- axes). Figure 2.1(e) illustrates alphas computed with respect to the r- and g- axes.
In general, is computed by projection onto all of the chosen axes, and the nal s taken as a
weighted sum over all the projections, where the weights are proportional to the denominator in
equation (2.1) for each axis.

Ruzon and Tomasi [76] take a probabilistic view that is somewhat closer to our own. First,
they partition the unknown boundary region into sub-regions. For each sub-region, they construct
a box that encompasses the sub-region and includes some of the nearby known foreground and
background regions (see Figure 2.1(b)). The selected foreground and background pixels are then
treated as samples from distributions P (F) and P (B), respectively, in color space. The foreground
pixels are split into coherent clusters, and unoriented Gaussians (i.e., Gaussians that are axis-aligned
in color space) are t to each cluster, each with mean F and diagonal covariance matrix . In the
end, the foreground distribution is treated as a mixture (sum) of Gaussians. The same procedure is
performed on the background pixels yielding Gaussians with mean B and covariance g. Every
foreground cluster is then paired with every background cluster. Many of these pairings are rejected

based on various intersection and angle criteria. Figure 2.1(f) shows a single pairing for a
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Table 2.1: A summary of the ve components in statistical natural image matting algorithms.

component Knockout Ruzon-Tomasi Hillman Bayesian
pixel ordering raster order  region by region raster order  onion peel
sample collection Figure 2.1(a) Figure 2.1(b)  Figure 2.1(c) Figure 2.1(d)
color representation extrapolated axis-aligned  oriented line oriented
colors Gaussians segments Gaussians
——— Figure 2.1(e) Figure 2.1(f)  Figure 2.1(g) Figure 2.1(h)
matte estimation o uation (2.1))  (ML3)  (C'B'=F'BY)  (MAPb)
color estimation extga;p;g:zted perturbation  perturbation MAPP

& ML: maximum likelihood

® MAP: maximum a posteriori

foreground and background distribution.

After building this network of paired Gaussians, Ruzon and Tomasi treat the observed color C
as coming from an intermediate distribution P (C), somewhere between the foreground and back-
ground distributions. The intermediate distribution is also de ned to be a sum of Gaussians, where
each Gaussian is centered at a distinct mean value C located fractionally (according to a given al-
pha) along a line between the mean of each foreground and background cluster pair with fractionally
interpolated covariance ¢, as depicted in Figure 2.1(f). The optimal alpha is the one that yields an
intermediate distribution for which the observed color has maximum probability; i.e., the optimal

is chosen independently of F and B. As a post-process, the F and B are computed as weighted
sums of the foreground and background cluster means using the individual pairwise distribution
probabilities as weights. The F and B colors are then perturbed to force them to be endpoints of a
line segment passing through the observed color and satisfying the compositing equation.

Instead of using axis-aligned Gaussians, Hillman et al. use principal component analysis (PCA)
to represent color samples with oriented line segments [40]. The choice of oriented line segments
is based on the observation that the color clusters tend to be prolate (cigar shaped) in rgb color
space. This is probably because the pixels are either of the same basic color with varying degrees of
illumination or else are part of a transition between two colors. The pixels in the unknown region are

processed in turn, by scanning the image in raster order until reaching the next unprocessed pixel p.
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All unprocessed pixels within a xed radius of p share the same background and foreground models.
For building the foreground model, pixels withina xed radius of p in the known foreground region
are collected (see Figure 2.1(c)). The same procedure is used to generate the background samples.
PCA is used to nd the major orientation of these color samples. Then, the collected color samples
are projected onto the major axis found by PCA, essentially discarding the variances on the minor
axes. Extreme points of the projected color samples are found to form the line segments F1F, and
B1B», as depicted in Figure 2.1(g), for the foreground and background, respectively.

Figure 2.1(g) illustrates the matte and color estimation procedure. Given the line segments
for foreground and background, to estimate the opacity value for an observed color C, the closest
points, F® and B, to C on the line segments F1F, and B1B,, respectively are found. Let C? be the
projection of C onto the line segment F'B’. The opacity value is then estimated as the ratio of
the lengths of line segments C'B” and F'B'. Finally, the foreground and background colors, F and
B, are estimated by perturbing F” and B! in a similar way as in the Ruzon-Tomasi algorithm.

To sum up, these statistical natural image matting approaches primarily differ in (1) the pixel or-
dering for matte estimation, (2) the sample collection procedure, (3) the foreground and background
color representations, (4) the matte estimation method, and (5) the foreground color estimation
method. Table 2.1 summarizes these ve components of the statistical natural matting approaches

discussed in this chapter. In the next section, we present our own choices for these components.

2.3 Bayesian framework

The goal of a natural image matting algorithm is to solve for the foreground color F, the back-
ground color B, and the opacity given the observed color C for each pixel within the unknown
region of the image. Like other statistical matting algorithms, we solve the problem in part by build-
ing foreground and background probability distributions from a given neighborhood. Our method,
however, uses a continuously sliding window for neighborhood de nitions, marches inward from
the foreground and background regions (such a lling order is called an onion peel order), and uti-
lizes nearby computed F, B, and  values (in addition to these values from known regions) in
constructing oriented Gaussian distributions, as illustrated in Figure 2.1(d). Further, our approach

formulates the problem of computing matte parameters in a well-de ned Bayesian framework and
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solves it using the maximum a posteriori (MAP) technique. In this section, we describe our Bayesian
framework in detail.

In MAP estimation, we try to nd the most likely estimates for F, B, and , given the obser-
vation C. We can express this as a maximization over a probability distribution P and then use

Bayes’s rule to express the result as the maximization over a sum of log likelihoods,

argmax P (F;B; jC) (2.2)
FiB;
= arg maxP(CjF;B; )P(F)P(B)P( )=P(C)

= arggjng(CjF;B; Y+L(F)+LB)+L();

where L() is the log likelihood L( ) = log P (), and we drop the P (C) term because it is a constant
with respect to the optimization parameters. (Figure 2.1(h) illustrates the distributions over which
we solve for the optimal F, B, and  parameters.)

The problem is now reduced to de ning the log likelihoods L(C jF;B; ), L(F), L(B), and
L( ). Using Gaussian noise to model the error in image acquisition, we can model the rst term by
measuring the difference between the observed color and the color predicted by the estimated F, B,

and
L(CjF;B; ) = kC F (1 )Bk?*= 2: (2.3)

This log-likelihood models error in the measurement of C and corresponds to a Gaussian probability
distribution centered at C = F + (1 )B with standard deviation .

We use the spatial coherence of the image to estimate the foreground term L(F). That is, we
build the color probability distribution using the known and previously estimated foreground colors
within each pixel’s neighborhood N. The neighborhood N of a pixel p is initially set as a circular
region of a user-de ned radius centered at p and incrementally expanded until there are more than
15 samples within N. To model the foreground color distribution more robustly, we weight the
contribution of each nearby pixel p in N according to two separate factors. First, we weight the
pixel’s contribution by  (p)?, which gives colors of more opaque pixels higher con dence. Second,
we use a spatial Gaussian fall-off g(p) with = 8 to stress the contribution of nearby pixels over

those that are further away. The combined weight is then w(p) = (p)?g(p).
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Given a set of foreground colors and their corresponding weights, we rst partition colors into

several clusters using the method of Orchard and Bouman [64]. For each cluster, we calculate the

weighted mean color F and the weighted covariance matrix OF

_ 1 X

F =% WOF®: (2.4)
p2N

0 1 X — T

F=w WVYOFEP HEFEE F) (2.9)

p2N
P .
where W = p2N w(p). Because foreground color samples are also observations from a camera,
they are subject to the in uence of imaging noise, as are the observations C. Hence, we should add

the same amount of measurement variance % to the covariance matrices OF ,
_ 0 27.
F= g+ ¢l (2.6)

By doing so, we also avoid most of the degenerate cases when all the color samples are similar.
The log likelihoods for the foreground L(F) can then be modeled as being derived from an

oriented elliptical Gaussian distribution, using the weighted covariance matrix as follows:
LF) = (F F) I(F F)=2: 2.7)

The de nition of the log likelihood for the background L (B) depends on which matting problem
we are solving. For natural image matting, we use an analogous term to that of the foreground, set-
tingw(p)to (1  (p))?g(p) and substituting B in place of F in every term of equations (2.4), (2.6),
and (2.7). Note that the neighborhood for collecting background samples is determined similarly
as the neighborhood for the foreground. These two neighborhoods are not necessarily the same.
For constant-color matting, we calculate the mean and covariance for the set of all pixels that are
labelled as background. For difference matting, i.e., when a clean plate is available, we have the
background color at each pixel; we therefore use the known background color as the mean and a
user-de ned variance to model the noise of the background.

For now, we assume that the log likelihood for the opacity L( ) is constant (and thus omitted
from the maximization in equation (2.2)). Later, in Section 2.5, we will describe a regularization
approach to incorporate L( ).

Because of the multiplication of with F and B in the log likelihood L(C jF;B; ), the func-

tion we are maximizing in (2.2) is not a quadratic equation in its unknowns. To solve the equation
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ef ciently, we break the problem into two quadratic sub-problems. In the rst sub-problem, we as-
sume that is a constant. Under this assumption, taking the partial derivatives of (2.2) with respect
to F and B and setting them equal to 0 gives

2 32 3 2

Ll 2= Q@ e ,Fe_4 FF+C =2

2
C
1 =2 gt+1@ )=2 B g B+C(1l )=2

where I isa3 3 identity matrix. Therefore, for a constant , we can nd the best parameters F

and B by solving the 6 6 linear system (2.8).

In the second sub-problem, we assume that F and B are constant, yielding a quadratic equation
in . We arrive at the solution to this equation by projecting the observed color C onto the line

segment BF in color space,

(C B) (F B),
- kF Bk (29)

where the numerator contains a dot product between two color difference vectors. To optimize the
overall equation (2.2) we alternate between assuming that is xed to solve for F and B using
equation (2.8), and assuming that F and B are xed to solve for using equation (2.9). To start
the optimization, we initialize  with the mean over the neighborhood of nearby pixels and then

solve the constant- equation (2.8).

When there is more than one foreground or background cluster, we perform the above optimiza-
tion procedure for each pair of foreground and background clusters and choose the pair with the
maximum likelihood. Note that this model, in contrast to a mixture of Gaussians model, assumes
that the observed color corresponds to exactly one pair of foreground and background distributions.
In some cases, this model is likely to be the correct model, but we can certainly conceive of cases
where mixtures of Gaussians would be desirable, say, when two foreground clusters can be near one
another spatially and thus can mix in color space. Ideally, we would like to support a true Bayesian
mixture model. In practice, even with our simple exclusive decision model, we have obtained better

results than the existing approaches.
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Segmentation Input

Composite

Figure 2.2 Summaryof input imagesand results. Input images(top row): a blue screenmat-
ting example of a toy lion, a synthetic“natural image” of the samelion (for which the exact
solutionis known), andtwo real naturalimages,(a lighthouseand a woman). Input trimap seg-
mentation(middle row): conserative foreground (white), conserative background(black), and
“unknown” (grey). Theleftmosttrimapwascomputedautomatically(seetext), while therightmost
threewerespeci edby hand.Compositingesults(bottomrow): theresultsof compositinghefore-
groundimagesandmattesextractedthroughour Bayesiarmattingalgorithmover newv background
scenes.(Lighthouseimageandthe backgroundmagesin compositecourtesyPhilip Greenspun,
http://philip.greenspun.comWomanimagewas obtainedfrom Corel Knockout's tutorial, Copy-
right ¢ 2001Corel. All rightsresenred.)

2.4 Resultsand comparisons

We testedour Bayesiarapproacton avariety of differentinputimagespothfor blue screerandfor
naturalimagematting. Figure2.2 shawvs four suchexamples.In therestof this section,we discuss
eachof theseexamplesandprovide comparisondetweerthe resultsof our algorithmandthoseof

previousapproache$.

“For naturalimagematting, we compareour Bayesianalgorithmwith Knockout andthe Ruzon-Bmasialgorithms
but nottheHillman algorithm.



