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Abstract

Alpha matting is one of the key techniques in image processing and is used to
extract accurate foreground from a still image or video sequences. Chroma keying is

a special case of alpha matting with a solid background color.

Color spill is one of the difficulties in chroma keying, and it has not been ef-
fectively solved by current methods. Sometimes, an image contains both reflected
regions and transparent regions. When the foreground in such images is chroma
keyed, reflection on the foreground is often falsely treated as transparency and causes
unreal foreground extraction and composition. This problem is called color spill.
Color spill suppression aims to extract the opaque foreground with the correct trans-
parency descriptor (i.e. « value) and remove the reflected background color on it.
When the background color presented on the foreground is simultaneously caused by
reflection and transparency, color spill suppression becomes extremely challenging.
It is because that the reflection removal and the actual transparency estimation is
a dilemma. Our proposed method for color spill suppression is to separate reflected
regions from transparent regions, and process reflected regions as foreground while

keeping transparency unchanged at the same time.

In this thesis, we propose a novel method for color spill suppression for chroma
keying. The quality of the estimated alpha matte could be significantly improved. In
our approach, we suppress color spill by using the polarization and the optical flow
algorithm based on disparity estimation. Specifically, we make the assumption that
reflection changes more than transparency when the scene is captured by a binocular
camera with a polaroid filter. Based on this assumption, we took stereo images with

polarization filter, registered stereo images by optical flow and conducted the variance
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analysis on histograms of input images to separate transparency and reflection. Our
experiments show that the opaque foreground with background color spill can be

reliably extracted while the real transparency can be kept.
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Chapter 1

Introduction

1.1 Chroma keying and alpha matting

With the fast development of science and technology, various methods have been
proposed for information collecting and processing. Image, one of widely used media
in our life, has always been compelling for its large amount of information, fast speed,
and long-distance transmission. Image segmentation is an important and basic topic
in image processing. In the field of image segmentation, the matting problem is a

special case that needs our attention.

In image editing and film industry, matting is commonly used to accurately ex-
tract foreground from a still image or video sequences. Generally, foreground can
be considered as the extracted object, while the rest of the frame or image can be
considered as the background. Afterward, the background can be replaced by another
one to composite a new image with the extracted foreground. In 1984, Poter and Duff

[1] proposed the landmark paper to model the way that foreground and background



CHAPTER 1. INTRODUCTION 2

color mix. Generally, it can be expressed as the equation shown as follows:

Tay) = @y Flay + (1 — Aay) Bay) - (1.1)

where z and y indicate the coordinate components of the pixel; F' is the color of
foreground; B is the color of background; I is the color of the observed pixel. The
corresponding value « is the blending factor varying from 0 to 1. If a = 0, the
pixel is completely background and if o = 1, the pixel is completely foreground. In
Equ. (1.1), there are three unknown variables F', B and «. It is impossible to solve
the equation just with one known value (I) directly. Various matting methods are
proposed to find an optimal o with constraints and cost functions. With appropriate
matting model, the foreground objects can be accurately extracted from the image.
An example of alpha matting is shown in Figure 1.1. In the alpha matte (b) of this

figure, the black indicates the background and the white indicates the foreground.

(a) Original image (b) Alpha matte

Figure 1.1: An example of alpha matting.

To solve the matting equation, there are several constraints. One of the constraints

is called trimap. Trimap is a rough segmentation of a given image. As shown in Figure
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1.2 (a), the given image is divided into foreground, background and unknown areas,
where black region is referred to as background, white region is referred to as absolute

foreground and gray region is referred to as unknown region.

Another commonly used constraint is called strokes. Parts of the given image are
labeled as the foreground /background using the strokes, and the rest of the image is
regarded as the unknown area. The example of strokes is shown in Figure 1.2 (b),
where black lines indicate the background, white lines indicate the foreground and

the rest part of the image is the unknown region.

(a) Trimap (b) Strokes

Figure 1.2: Side information used in alpha matting.

In matting methods, trimap and strokes are always drawn by users. With a
good trimap or strokes, the result of alpha matting can be improved. Otherwise,
the matting quality could be significantly degraded by using bad trimap/strokes.
When we are trying to extract the foreground from complicated background in a still
image, the matting problem is also referred to as alpha matting, which often involves
manual operations. When we are trying to efficiently extract the foreground from a

video sequence, automation is an essential concern.

Chroma keying is a special case of alpha matting, which aims to fast and efficiently

extract foreground by using solid background color, such as green or blue. And the
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process of extracting foreground object is called ‘keying’. This technique is widely
used in the weather forecast and the film production. For example, the actor appears
to be standing in the outer space while he or she is actually filmed in the studio in

front of a big green or blue screen as the background.

Since alpha matting has no requirement for background, it is often used in still
image like photos, while chroma keying with a solid background is often used in videos
for its efficiency and automation like film shooting. A professional studio environment

for chroma keying is shown in Figure 1.3.

Figure 1.3: A professional studio environment for chroma keying [2].

However, there are still limitations in chroma keying systems. For example in
Figure 1.4, the background light reflects on the woman’s face and coat, and these
reflections will be falsely treated as transparency in regular chroma keying systems.
If it is composed of a new background like a natural background, we can see the
background through her face and coat since the regions are processed as transparency,
which is not consistent with common sense. Similarly, as shown in Figure 1.5, the

green color on the windows is due to transparency while the green tint on the back
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chair is due to reflection. When conducting chroma keying, reflections on the window
and the chair are treated as transparency, which is unreasonable. This problem is
called color spill. Color spill in chroma keying has not been effectively solved by
current methods. And there is little literature about color spill in chroma keying.
Our proposed method aims to suppress color spill, which can also be expressed as the
separation of reflection and transparency. An effective color spill suppression method

is supposed to improve the quality of alpha matte with higher accuracy.

(a) Original image (b) Alpha matte (c) Color spill in Chroma keying
with a new background

Figure 1.4: Color spill in Woman image when conducting chroma keying.

(a) Original image (b) Alpha matte (c) Color spill in Chroma keying
with extracted foreground

Figure 1.5: Color spill in Car image when conducting chroma keying.
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1.2 Polarization

In order to suppress color spill, we propose to use the polaroid filters on images.

1.2.1 Introduction to polarization

Polarization refers to the fact that the direction of oscillation is perpendicular to
the direction of the propagation of waves. It is an important cue to distinguish the
transverse waves from the longitudinal waves. Longitudinal waves are waves in which
the displacement of the medium is in the same direction as, or the opposite direction
to the direction of wave transferred. Transverse waves are moving waves, and they
are made up of oscillations which are occurring perpendicularly to the propagation
[3]. Light is a kind of transverse electromagnetic wave. The polarization of light was

first introduced by Malus in 1980.

If the oscillation of light is confined to one direction, the light is referred to as lin-
early polarized light. Meanwhile, natural light such as sunshine is unpolarized light,
since the light consists of many wave trains with random directions of oscillation.
Partially polarized light consists of all the possible directions of oscillation and its or-
thogonal components have the maximum and minimum amplitudes respectively. The
intensity of partially polarized light can be weakened by passing through a polaroid,
while the linearly polarized light can be eliminated. Also, the natural light can be

expressed as a group of linearly polarized light and partially polarized light.

The unpolarized light can be turned into linearly polarized light by using a sheet
of material called polaroid. As shown in Figure 1.6, the light from a luminous source

is unpolarized, and it may be a group of polarized light from all directions. Then
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the light is passing through a sheet of polaroid filter, and only a component which
is oscillated in a specified direction is allowed to pass through the polaroid. If the
linearly polarized light is passing through another sheet of polaroid filter, all the light
may be eliminated. In our homemade environment for chroma keying, the light source

is a kind of unpolarized light.

Figure 1.6: Transform from unpolarized light to polarized light [3].

1.2.2 Malus’s law

Malus’s law was proposed by Malus in 1808. Malus’ law indicates the intensity of
linearly polarized light passing through a sheet of polaroid, and is defined as follows

[4]:

I =1,(cosh)?, (1.2)

where [, is the intensity of linearly incident polarized light; 6 is supposed to be the
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angle between the oscillated direction of incident light and the polarized direction
of the polaroid. When 6 = 0° or § = 180°, the intensity of the received light is

maximum. When 6 = 90°, the light is eliminated by the polaroid.

1.2.3 Physical properties of reflection and Brewster’s angle

When an unpolarized light is passing through an incident plane, the reflected light
and refracted light are partially polarized in general. The reflected and refracted
light will be linearly polarized only at a specific incident angle 6,, which is also
called Brewster’s angle [5]. And the reflected light is perpendicular to the refracted
light at the Brewster’s angle. Then incident light is supposed to pass through a flat
surface, such as the glass. According to Fresnel equations [6], we can get the reflection
coefficients 7| and 7, which refer to the direction of polarization lying in the incident
plane and perpendicular to the incident plane respectively. And the equations are

defined as follows:

N1 cos By — ny cos by
ry =

ny cos By + nycos By’

ny cos 0y — ngy cos by

r = (1.4)

ny cos By + nycos

where ny is the refractive index for air; ny is the refractive index for glass; 6; is the

incident angle and 6, is the angle of refraction. Here 6, is calculated according to the
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Snell’s law of refraction [7], and the equation is defined as follows:

sin 92 nq

= 1.5
sinf;  ns (1.5)
And the reflected light can be expressed as a combination of two orthogonal com-

ponents R and ;. They are defined by the equations shown as follows:

R” = Tﬁ 5 (1.6)

R, =17, (1.7)

Figure 1.7 is an example of Brewster’s law. The incident light is unpolarized with
the Brewster’s angle 6,. The reflected light and refracted light are partially polarized.
And the reflected light can be expressed as the combination of two components:
parallel to the incident plane R) and perpendicular to the incident plane [2;. Based
on the definition of the Brewster’s angle, the reflected light is linearly polarized which
leads to R = 0. According to Equ. (1.4) and Equ. (1.6), we can get the definition

of Brewster’s angle expressed as follows:

na
tanf, = —. 1.8
anuvp n (1.8)
Meanwhile, the reflected light and refracted light are perpendicular to each other

when the incident angle is Brewster’s angle 6, which is around 56° for glass and air.

It can be clearly observed in Figure 1.8 that the intensity of reflection varies with
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the angle of incidence. When most of the light passes directly without reflection and
refraction through materials like glass, it is called transparency. The transparency is
a part of the original light source, which is unpolarized and has little change through
polarization. The property that reflection varies more than transparency through
polarization is used in our proposed method.

Normal

Incident light : Reflected light
(unpolarized) H (linearly polarized, 1)

m

Refracted light
(partially polarized)

Figure 1.7: An example of Brewster’s law.

Figure 1.8: The property of Brewster’s angle [8].
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1.2.4 Specular reflection and diffuse reflection

Reflection from a surface can be divided into specular reflection and diffuse reflection.
Specular reflection refers to reflection followed the law of reflection that incident angle
equals the reflected angle. While diffuse reflection refers to the group of reflected lights
with random reflected angle, which is happened inside or on the surface of an object.

As shown in Figure 1.9, (a) is specular reflection and (b) is diffuse reflection.

Specular reflection has the property of polarization, and it can be distinguished
with transparency by polarization. While diffuse reflection is unpolarized, stereo

images can be used to help the separation in this thesis.

1.2.5 Application of polarization

Besides the application of separating reflection on glass, polarization can be used in
many fields in the daily life. For example, polaroids is used on a special pair of glass for
3D movies. The oscillated directions of polaroids on glasses are perpendicular to each
other. By passing through the polaroids on glasses, each eye will have a specific view
with a great three-dimensional sense for the audience. And photographers always use

polarization to adjust the brightness of the photo.

1.3 Stereo images

Stereo images are used to help separate reflection and transparency when the reflec-
tion is not specular reflection. In our proposed method, we use a binocular camera

to take a pair of stereo images from the left and the right views simultaneously. The
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example of a pair of stereo images is shown in Figure 1.10. Stereo images simulate
the way that human perceives objects from both eyes. Stereo matching is often used
to generate three-dimensional depth from two-dimensional images. In our proposed

method, stereo matching based on optical flow algorithm is used for color spill sup-

pression.
™ - ’
S S / /
oY . 2
Y .
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X J e
. '-' /
& o
Y /o
(a) specular reflection (b) diffuse reflection
< Incident light
3 Rflected light

Figure 1.9: Specular and diffuse reflection.

(a) an image from the left eye (b) an image from the right eye

Figure 1.10: An example of a pair of stereo images.
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1.4 Contributions

This thesis propose a novel method for color spill suppression in chroma keying,
which can significantly improve the quality of the estimated alpha matte. The main

contributions are summarized as follows:

1. We propose to use polarization to discriminate the specular reflection and the

transparency.

2. We propose to use a stereo imaging system [9] to discriminate the diffuse reflec-

tion and transparency.

3. A color spill suppression system is established to improve the quality of the

original alpha matte.

1.5 Thesis structure

In this thesis, we focus on color spill suppression to improve the quality of alpha

matte. And it consists of five chapters.

In Chapter 1, the basic concepts of alpha matting, chroma keying, polarization,
and stereo images are introduced. The main contributions of the thesis are summa-

rized.

In Chapter 2, we review some representative algorithms on blue screen matting
and alpha matting. Since the color spill suppression is highly relevant to transparency
and reflection separation, we review the classical methods of reflection separation on

glass in image analysis.
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In Chapter 3, we present our proposed method in detail.

In Chapter 4, we show the experimental results by using our method and con-
duct visual comparison with other state-of-the-art color spill suppression methods to

demonstrate the higher accuracy and better quality of our generated alpha matte.

In Chapter 5, the conclusion is drawn and some future work is discussed.
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Chapter 2

Literature review

Our research work is to propose a novel method to solve color spill problems in chroma
keying. In this chapter, we are going to review the matting methods for both blue
screen and natural images. Then we talk about some classical methods for separating

reflections and transparency in image.

2.1 Blue screen matting

Blue screen matting is a special case of alpha matting, which aims to solve the mat-
ting problem with a solid backing color, such as blue. The term “solid” means the
chrominance of the background color is constant and the lightness may change within
a narrow range. Therefore, the blue screen matting method is easier to extract the
foreground from a solid background than the normal alpha matting. In the film in-
dustry, the blue screen matting is often called as chroma keying. The term “keying”

means the process of extracting the background screen color and composing the fore-
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ground with a new background. And we do not differentiate the blue/green screen

matting and chroma keying in our thesis.

2.1.1 Difference matting

Some films and videos have been recorded by using blue screen matting for many
years. However, the patents of these methods are often protected [10][11][12][13]. In
this section, we are going to introduce a representative technique which is called the
difference matting. This matting method was proposed by Petro Vlahos in 1964 [10].
The realization was based an equipment called Ultimatte Corporation which is similar
to the video studio we use today. The difference matting method mainly focuses on
the difference between the blue channel and the green channel on the foreground

objects. And the modeled object color is shown in Equ. (2.1):

Coy = Cf + (1 - ao)cb, (21)

where Cj represents the observed color; C'y and Cj, represent the foreground color and
background color respectively. However, the coefficient « is not the completely same

as the matting equation we used tody.

Based on this equation, Vlahos made the assumption in paper [10] that the blue

channel of the foreground object is related to the green channel by Equ. (2.2):

By < aGy, (2.2)

where By indicates the value in the blue channel of the foreground object and Gy is

the green channel. The range of constant a is within [0.5, 1.5] [13].
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According to Vlahos’s earliest patent [11], the value of a can be estimated by

using Equ. (2.3):

ap = max (min (1 — ay (min (By, By) — a2Gp), 1),0) | (2.3)

where By and G are the values of blue and green channel; a; (i=1,2) is tunable
parameters within the range of [0.5, 1.5]. And we find out the minimum value of
the background color in the blue channel as By. With the estimated value of «, the

foreground color can be obtained as shown in Equ. (2.4):

Ry =Ry
Gf = Gf ) <24)
Bf =min (Bf,CLQGf)

where Ry, G¢,and By refer to the red, green and blue components of the foreground
color respectively. To improve the result, Vlahos proposed the method [13] to obtain

the estimation of a by using Equ. (2.5):

ap =1 —ay (By — ag (asmax (agRy, a1Go) + (1 — as) min (azRo, a1Gy))) ,  (2.5)

where a; (i=1,2,3,4,5,...) are the tunable parameters; Ry, Gg, By are the values of
red, green and blue channel of the observed pixel. The estimated value of a can be
obtained by tuning the parameters a. And with «, the foreground objects can be
extracted from the film by using difference matting method. This approach was the
beginning and could be considered as the basic ideal of some blue screen matting

techniques today. However, the blue screen matting can only be used on a constant
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background color. To extract foreground objects from natural images, we have to use

natural image matting methods which are introduced in the next section.

2.2 Natural image matting

Matting refers to the problem of extracting accurate foreground from a still image
or video sequences. Generally, foreground can be considered as the extracted object,
while the rest of the frame or image can be considered as the background. The
extracted foreground can be composted with another background to generate a new
image or frame. Matting is one of the key techniques in image processing and editing,
and is widely used in real life, such as the film industry. As we introduced in Section
1.1, matting problems can be expressed by Equ. (1.1) with color vectors F' (z,y),
B (z,y) and a blending factor a (x,y). And this problem can also be presented as

Equ. (2.6) with the matrix form:

In Fr Bg
Ig | =a| Fg |+(1—a)| Bg |, (2.6)
Ip Fp Bp

where R, G and B indicate the three channels in RGB color space. As it is shown
in Equ. (2.6), by given a single input image, we have to solve the equation with
7 unknown variables from 3 known values I, I and Ig. Therefore, there is no
unique solution to this problem. To obtain a good estimate of the blending factor
«, most matting approaches use constraints to the problem. The constraints can be

categorized as user guidance, such as a manual trimap on the natural image and prior
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assumptions on image statistics.

In this thesis, we conduct the literature review based on natural image matting.
In the following sections, several methods with different prior assumptions on image

statistics to the matting problem are reviewed.

Depending on the applications, the matting problems can also be classified by
other means, such as video matting [14, 15], shadow matting [16, 17], and environment

matting [18, 19].

2.2.1 Sampling-based matting

Since there are 7 unknown variables in Equ. (2.6), we can do some prior works
to estimate the foreground color and background color for each pixel. Then the
corresponding value a can be obtained by using the given pixel color, estimated
foreground color, and estimated background color. In the sampling-based method,
samples are chosen in neighbors, and the strong correlation between nearby image
pixels are used to estimate the background and foreground color. Moreover, the key
problem of the sampling-based method is how to choose reliable samples and estimate
the foreground /background color. Generally, nearby pixels always have similar colors
and correlation in a single image. And this local correlation can be widely used in
image processing, such as segmentation and super-resolution. In this section, we are
going to review three representatives for early sampling-based methods. And since
these methods are used on natural image processing, a roughly trimap is manually

drafted by users to indicate the foreground, background, and unknown regions.

In 2000, an early sampling-based method for matting problem was proposed by

Ruzon and Tomasi [20]. The Ruzon method is based on the assumption that unknown
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region is a narrow band along the foreground boundary and it can be represented by a
chain of pixels. With the given pixel in the unknown region, foreground/background
color and corresponding value « for this pixel can be estimated by using the Ruzon
method [20]. In this approach, the samples are collected by using a rectangular

window, as shown in Figure 2.1.

background

Figure 2.1: Sampling strategy of Ruzon’s method [20].

In Figure 2.1, the black region and white region indicate background and fore-
ground respectively, while the gray region indicates the unknown region within which
the blue dots indicate the given pixels. The window covers pixels in the foreground,
the background ,and the unknown region. The color of pixels in each window are
modeled by using Gaussian distribution functions in CIE-Lab color space [21]. The
distribution of observed color can be expressed as the linear combination of the fore-
ground and background Gaussian distributions with the blending factor . When the

intermediate distribution for which the observed color has maximum probability, the
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optimal « value is estimated. Then the foreground color and background color of the
unknown pixel can be estimated by the mean value of the foreground and background

Gaussian pairs.

Bayesian matting method was proposed by Chuang in 2001 [22]. This approach
was based on Ruzon’s matting method to improve the effect. In the Bayesian matting
method, a continuously sliding window is used to collect samples, as shown in Figure

2.2.

background

foreground

Figure 2.2: Sampling strategy of Bayesian matting method [22].

Pixels in the window are also modeled by using Gaussian distribution functions,
which is similar to the Ruzon’s method. Then a well-defined Bayesian framework is
used to solve the problem by using maximum a posteriori (MAP) technique. Math-
ematically, the unknown foreground value, background value, and corresponding «

value for the given pixel can be estimated by using the MAP technique [22] as shown
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in Equ. (2.7):

argmax P (F, B, a|C)
F,B,«

= argmax P(C|F,B,a) P(F)P(B) P (a)/P(C) |, (2.7)

F,B,a

=argmax L (C|F,B,a)+ L(F)+ L(B)+ L(«)

F.B,«

where C' is the given pixel color; F'; B, and « indicate the foreground, background
and blending factor respectively; L (o) indicates the log likelihood of P (e), which
means L (o) =log P (e); L (C|F, B,«) in Equ. (2.7) is defined in Equ. (2.8):

L(C|F,B,a)=—||C —aF — (1 - a)B|*/d%, (2.8)

where o indicates the local color variance. And L (F'), L (B) are expressed in Equ.

(2.9) and Equ. (2.10):

L(B)=-(B-B)"Y. (B-B)/2, (2.10)

where F' and B indicate the mean value of the foreground and background respec-

tively, as shown in Equ. (2.11) and Equ. (2.12):

_ 1
Fe— T 2.11
W;;“’ (2.11)
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_
B=— N: 2.12
W;;“’ (2.12)

Since the window is constant, P (C') in Equ. (2.7) can be dropped. And we
can obtain the a value which is defined in Equ. (2.13) by maximizing the posterior

probability:

._(C=B) (F-B) (213)
IF-B* |

As shown in Figure 2.3, the image is divided into three regions by trimap, and
the blue dot is the given pixel in the unknown region. The foreground color, back-
ground color, and corresponding value for this pixel could be estimated by using the
Knockout method. Knockout method [23, 24] choose samples in neighbors. And in
this approach, the foreground color for the given pixel can be estimated by using a
weighted sum of nearby known pixel colors in the foreground region. And the weight
factors used in this method are proportional to the distance between known pixels
and chosen samples. Similarly, the background color can also be estimated in this
way. Then the corresponding factor « in each channel can be estimated by Equ.

(2.14):

(2.14)

In conclusion, sampling-based methods are used to estimate the corresponding
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factor by collecting nearby foreground and background pixels as samples. However,
the methods can only work well when the image color is smooth and the trimap is

well-defined, since most of the samples are collected along the boundaries of trimap.

background

Figure 2.3: Sampling strategy of Knockout matting method [23, 24].

2.2.2 Propagation-based matting

Propagation based natural image matting methods are proposed [25-27] to avoid the
limitation of color sampling-based methods. Propagation-based methods use different
affinities between neighboring pixels to estimate the corresponding factor . In this

section, we will review some classic propagation-based methods.

The Poisson matting method makes the assumption that changes in the foreground
and background are locally smooth [28]. The alpha matte gradient is proportional to
the gradient of the original image. And the matte gradient can be approximated in

Equ. (2.15):
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1

Y/ T —
Y Fay) — By

Vig,y, (2.15)
where (z,y) indicates the coordinate of the image; V is the gradient operator; [
indicates the image color for the pixel (x,y); F' and B are the foreground color and

background color, which are the nearest neighbor of the unknown pixel. And Equ.

(2.15) can be further expressed in Equ. (2.16):

. VI
Ay, ~ div (m) : (2.16)
where A indicates the Laplacian operator; div indicates the divergence operator. This
equation can be solved by using the Gauss-Seidel iteration with the over-relaxation
method. When doing Poisson matting on textured images, since the pixels are col-
lected in a small neighborhood and the local smoothness can not be guaranteed based
on the assumption, the result may be inaccurate. Therefore, the improvement based
on the Poisson matting was proposed [29]. It uses a set of local filters and operations
to refine and improve the quality of the results, such as high-pass filter, diffusion filter

and boosting brush.

To avoid the limitation in the Poisson matting approach when the local foreground
and background color are not smooth, the closed-form matting method was proposed
[30]. It makes the underlying assumption that the pixel color in local foreground and
background can be considered as the linear combination of two constant colors which

is also referred to as the line color model space. In the closed-form matting, the value
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of @ can be estimated by Equ. (2.17) based on the assumption:

a; = Zaclf +b°,Vi € w, (2.17)
where 7 indicates the coordinate of the image; ¢ refers to the three channels in RGB
color space; a and b are two constants in the small local window w. Moreover, in the
closed-form matting method, a local cost function is introduced to find the optimal
constant ¢ and b in the window. The cost function is defined in Equ. (2.18) to

minimize the energy:

J (o, a,b) = Z Z (a; — aSI7 — b;)2 + 8(@5)2 : (2.18)

Jel S

2. S
C-) is a regularization term on

where w; is the local window around the pixel j; s(a]

a which is used for numerical stability and minimization; the two constants a and b
can be eliminated by using the derivations in [30]. And Equ. (2.18) can be expressed

as a quadratic cost function with « value as in Equ. (2.19):

J(a) =o' La, (2.19)

where L is an N by N matrix; « in this equation refers to an N by 1 vector, and N

is the number of pixels in the unknown region. In the matrix L which is also called
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matting Laplacian, the (7, j)th entry can be formulated by Equ. (2.20):

L (Z,.]) = Z [51 — ﬁ (1 + (Iz - Mk) <Zk + ﬁlg)_ (Ij — Nk))] ,(220)

where §;; is defined in Equ. (2.21) as the Kronecker delta; |wy| indicates the number
of pixels in the local window wy; uy indicates the mean value of the pixel colors in
the window wy; > 1 is a 3 by 3 covariance matrix which is also refers to as the pixel

colors in the window, and I3 is a 3 by 3 identity matrix.

8 = (2.21)

Finally, the optimal o can be estimated with the Laplacian matrix defined in Equ.

(2.22):

& =argmina’ Lo, st. a=1 or 0,VieQ, (2.22)

where €2 indicates the pixels in the foreground and background. The closed-form
matting can perform better compared to the Poisson matting by introducing the cost

function.

Another classic propagation method based on the affinity is called random-walk

matting [25]. It uses the probability that a random walker starts from the location for
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a given unknown pixel I to the foreground before it reaches the background region to
estimate the corresponding factor . And a weighted graph for each pixel as a node
is introduced in the random-walk method. The weighted graph is shown in Figure

2.4.

Figure 2.4: A weighted graph [31].

In Figure 2.4, Qp and Qg refer to the virtual foreground and background pixel
nodes respectively. And the white nodes refer to the unknown pixels in the un-
known region. The other blue and red nodes refer to the given pixels in the unknown
region. A data weight W;r and W;g can be defined between each pixel and the fore-
ground/background node. The edge weight W;; is defined between every two nearby

pixels.

The energy function in the random-walk matting method is constrained by using
the Locality Preserving Projections (LPP) technique of He and Niyogi [32]. And the

function can be expressed in Equ. (2.23):
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ZLZ v = \ZDZ %z, (2.23)

where the matrix Z is defined as 3 by N with a vector [;, which indicates the RGB color
at the pixel, as a column; D is the diagonal matrix with the elementary D;; = Y w;;,

and the Laplacian matrix L is defined in Equ. (2.24):

.

Lij = § —w,;; ifi and j are neighbors (2.24)
0 otherwise

\

where w;; = > ; Wij, Wi indicates the edge weight between pixel ¢ and pixel j. The
dimension of Laplacian matrix L;; is defined as N by N, where N is the number
of pixels in the image. By denoting the Laplacian matrix to Equ. (2.23), the edge

weight w;; can be obtained in Equ. (2.25):

(= L= LI /o)
Y >k Wik

, k € neighbors of 7, (2.25)

where ¢ is a tunable parameter that can be set automatically or by users. And [ is

the transformed color [33] of the pixel.

The corresponding factor a can be estimated in the same way as closed-form
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matting according to the weight w;; between pixels. In conclusion, the random-walk
method estimates the corresponding factor o based on the probability from a given

unknown pixel to a foreground pixel with a weight graph.

Moreover, KNN [34, 35] algorithm is also a commonly used method in propagation
matting. It uses the K nearest neighbor (KNN) to construct affinities based on
the nonlocal principle. KNN matting makes the assumption that the corresponding
factors a of pixels with a similar color and texture in the unknown region are also
similar. In the KNN approach, a feature vector X (i) at a given pixel 7 can be expressed

by Equ. (2.26):

X (i) = (cos (H;) ,sin (H;) , Si, Vi, iy yi) (2.26)

where H, S, V indicate the coordinate in HSV color space respectively as hue, sat-
uration and lightness; = and y indicate the spatial coordinate respectively. We can
obtain the affinity between two pixels ¢ and j by using the feature vector for each

pixel as in Equ. (2.27):

IX () = X ()l
& :

K (i,j)=1- (2.27)
where C'is a parameter referred to as the least upper bound of || X (i) — X (j)||, and
it can guarantee the affinity factor K (7, j) varies from 0 to 1. With the affinity, we

can estimate the o by the same way as closed-form matting.
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The KNN matting does not rely on the local color-line model and it can perform
better on the images with complex textures, while closed-form matting has better

results when the change of image color is smooth.

2.2.3 Combination methods for natural image matting

The sampling-based methods have better performance in images with simple colors
and can intuitively estimated the foreground and background colors by collecting
samples in the neighborhood, while the propagation-based methods have better per-
formance when the images have complex colors and texture. To improve the quality
of results, recent researches proposed novel approaches [31, 36] by combining the

sampling-based method and propagation-based method.

The robust matting method [31] is one of the representative combination methods
which is also based on closed-form matting method. And it focuses on analyzing the
confidence of foreground and background samples for unknown pixels. The method
can obtain high-quality alpha matte by minimizing the energy with high confidence

samples. The energy function is defined in Equ. (2.28):

E=Y" [fz(az — &)+ (1 . fz) (0 — (G > 0.5)] +A-J(a,a,b),  (2.28)
z€Y

where ¢, indicates the estimation of the corresponding factor o and fz is the con-
fidence values [31], which is defined in sampling-based method to choose good fore-
ground samples; f (a, — &, )>+ (1 - fz) (a;—0 (&, > 0.5))” indicates the data weight,

while J (o, a,b) is based on the edge weight; J («, a,b) is defined as the cost function
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in closed-form matting as in Equ. (2.18); ¢ is the Boolean function [31] returning 0
or 1; X\ is the adjustable parameter set by users, which is always set to be 0.1. The
energy function can also be considered as the combination of the data weight and
edge weight. An optimal confidence for background and foreground can be calculated

in Equ. (2.29):

. (2.29)

—R(F,B)* w(F) w (B))

f(F,B)ZGXp(

where ¢ is an adjustable parameter; R (F, B) refers to the color linearity in Equ.
(2.30); w (F) and w (B) refer to the color similarities in the foreground and background

respectively as in Equ. (2.31):

|C = (aF + (1 =) B)|

F B) =
R(EB) IF= B

(2.30)

w(F) =exp (—%)

w (B) = exp G%) ’ (2.31)

where Dp/Dp indicates the minimum distance between the sample of foreground

/background and unknown pixel C.

With the estimated pair of foreground and background colors, the value of o can

be estimated. The robust matting approach combines the advantages of sampling-



CHAPTER 2. LITERATURE REVIEW 33

based methods by using the confidence value and the advantages of propagation-based
methods by using the energy function as the constraint with the data weight and edge
weight. Therefore, the quality and accuracy of the mattes can be improved by using

the robust matting approach.

2.3 Separating reflections from glass

Polarization is always used to remove the reflection on glass. As we often see in real
life, virtual image of an object is reflected on glass and the virtual image will overlap

with the image of another object behind the glass, as shown in Figure 2.5.

Figure 2.5: An example of reflection on glass [5].

Therefore, the methods by using polaroid are proposed to separate the reflection
and transparency. We will review some basic approaches based on polaroid and non-

polarization-based approach to eliminate the reflected light.
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2.3.1 Image-based method

This method is the earliest one to separate real and virtual objects from their overlap-
ping images based on polaroid [37]. In this approach, several images are obtained by
rotating a polarizing filter. Based on the physical property we introduced in Chapter
1, the reflected light can be almost eliminated when the incident angle is Brewster’s
angle. Therefore, in this approach, if we obtain enough images by rotating the po-
laroid filter, there will be an image with less reflection. By rotating the polaroid filter,
we could obtain images at each polaroid filter angle 6. The real image of an object A
can be separated from the overlapped images by selecting a minimum image intensity

of the given images I (x,y; ) for each pixel, which can be expressed by Equ. (2.32):

A

[A (l’,y) = gggl (xvyv 9) ) (232)

where 14 (x,y) indicates the real image of the object A. Meanwhile, the virtual image
of an object B can be separated by using the equation shown in Equ. (2.33) and Equ.
(2.34):

Injax = max [ (z,y;0) (2.33)
0cO

]MAX :IA (l’,y)—‘—]B(l’,y) (2 34)

jB (l',y) = IMAX (l',y) - fA (:E?y)

However, this approach is based on the assumption that the reflected surface is

planar and smooth, and the reflection should be specular. Also, the result is not
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accurate. Reflection can not be fully removed by simply using this method and weak
reflection may still remain in the image. Therefore, Schechner et al. proposed ap-
proaches [38, 39] to reduce the remaining reflection. However, the methods are based
on the prior knowledge of incident angle to minimize reflection which is not realistic.
In 1999, H.Farid and E.Adelson [40] proposed the approach by using independent

component analysis (ICA) without the prior knowledge.

2.3.2 ICA Method

Another typical method is widely used to separate reflections from images. This ap-
proach combines polarization and independent components analysis (ICA) to remove
reflections from a planar surface [41]. This method is to remove specular reflections
from a planar surface, like taking photos through a planar glass. Two images are
captured at different polarization angles. The images can be considered as a linear
combination of a reflection layer and a transparency layer. The intensity of light at

a single point in the image y; can be expressed by Equ. (2.35) [41]:

y1 =aP + bR, (2.35)

where P and R indicate the light intensity of the transparency layer and the reflection
layer. And a, b indicate the multiplicative constants. The constants a and b will
change along with the different polarization angle. Similarly, another image y, can

be expressed in Equ. (2.36):

ys = cP +dR, (2.36)
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where ¢, d are different multiplicative constants.

To separate the transparency layer P and reflection layer R, we have to solve the
two equations with six unknowns. Therefore, the independent components analysis
(ICA) algorithm [42, 43] was introduced to solve the problem. This algorithm is
based on the assumption that the transparent image P and the reflected image R are

independent, which means there is no correlation between real view and objects.

In this approach, two obtained images y; and y, are used for separation. Equ.

(2.35) and Equ. (2.36) can be expressed in matrix form shown in Equ. (2.37):

Y2 c d To ; (2.37)
Y =MX

where z; and x5 are the row vector form of transparency layer P and reflection layer
R. And M is the matrix embodies the linear mixing. Y is overlapped images and X
is the original images. The purpose of the method is to recover the original images
21 and x5 from the overlapped images y; and yo. Moreover, M is assumed to be full

rank. Therefore, the original images can be estimated with Equ. (2.38):

X=M1y, (2.38)

where X is estimated original images. The matrix M can be expressed according to

the singular value decomposition (SVD) as in Equ. (2.39):

M = RiSR,, (2.39)
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where R1 and R2 indicate the rotation matrices, and S is the scaling matrix. As the
right column shown in Figure 2.6, the ICA algorithm is to transform a parallelogram
into a square in geometry. The estimated original image X can be obtained by rotation

and scaling.

Mixing Separation (ICA)

R

LN /N

W

&

7\

Figure 2.6: The strategy of the ICA algorithm in geometry [41].

For example, as shown in Figure 2.7, we can separate the mixed images by using
the ICA algorithm. In Figure 2.7, images on the top are the mixed images which are
combined with a transparent layer and reflected layer. The two overlapped images on
the top are mixed with different coefficient in Equ. (2.35) and Equ. (2.36). By using
the ICA algorithm, we can estimate the two original images as transparent layer and

reflected layer, which is shown at the bottom of Figure 2.7.
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Figure 2.7: An example of the ICA method to separate reflection.

According to this ICA approach, another ICA method for multiple polarized im-
ages based on sparsity image gradients was proposed by Bronstein to improve the

accuracy and efficiency [44].

2.3.3 Misalignment

Another useful method to separate reflection from multiple images captured behind
glass is called misalignment [45]. In this approach, the notion of repetition of space-

time behavior characteristics is used to solve the problem. It makes the assumption
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that the dynamics in one of the layers is repetitive while the other one is arbitrary.
As shown in Figure 2.8, there are four frames captured from a movie. At the bottom
of the figure, there are four corresponding frames based on the repetitive dynamics.

We will use the two sets of frames with repetitions to separate the reflection.

Figure 2.8: An example of frames with repetitions [45].

First, the temporal distances between the occurrences of repetitive dynamics in
the video sequences are detected. Then the global space-time alignment approach
[46] proposed by Ukrainitz and Irani is used to detect and align repetitions in the
multiple frames. As shown in Figure 2.9, in the video sequence, we can find two cor-
responding repetitions segment A and segment B, and the segment B can be aligned
with A by using spatio-temporal parametric transformation which can maximize a
global similarity. The similarity measure is locally computed within small space-time
windows by using covariance and variance of intensities. And the global space-time

transformation can be recovered by using the alignment algorithm with the local sim-
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ilarity, which is similar to optical flow algorithm. And the global similarity measure

M in paper [46] is formulated in Equ. (2.40):

M(ﬁ) = Z C<wA (l’,y,t),U)B ($+M1,y+u2,t+ug)), (240)

(z,y,t)€A

where C' is the local similarity within each space-time window based on the local
covariance and variance, and M is the global similarity between two sequences; p' is
the unknown parametric transformation; w,4 and wp indicate the small window of
sequences A and B respectively. According to the equation, the alignment problem
is expected to find the spatio-temporal transformation p’ which can maximizes M (p).
And in this alignment algorithm [46], the Newton method and Gaussian pyramid for

both sequences A and B are used to find the transformation p.

The misalignment of the repetitive frames of sequence A and B by using the
alignment algorithm is shown in Figure 2.10. Moreover, as in Figure 2.11, a local
space-time refinement can be used to reduce the residual misalignment in this ap-
proach. The refinement is to find a better local match within the other corresponded
repetitions in the sequences. And the recovered transformation of frames in sequence

B can be obtained.

With the recovered transformation frames, we can separate the two layers. The
first layer of repetitive dynamics can be extracted by using the median operator pixel
(z,y,t) in the domain of the spatio-temporal derivatives. Since the arbitrary dynamics
are not aligned, it can be removed with the median. The second layer of arbitrary

behaviors can be obtained by using the algorithm [47] defined in Equ. (2.41):
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Figure 2.9: Global space time alignment [45].

Figure 2.10: Misalignment after applying alignment algorithm [45].

Figure 2.11: No residual misalignment by using local refinement [45].

41
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L2 = O[Ll s (241)

where S refers to the input sequence; L is the first extracted layer from the recovered
frames. The second layer Lo can be estimated by seeking the o which can minimize
the correlation between the two layers L; and Ls. The final result of two separated
layers by using the algorithm is shown in Figure 2.12. By using the misalignment
algorithm based on global to local space-time alignment in a sequence, the transparent

layers can be separated.

Figure 2.12: Layer separation results [45].
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Chapter 3

Proposed method for color spill

suppression

The proposed color spill suppression method system contains four parts: image pre-
processing, region segmentation, reflection/transparency separation, and outliers pro-
cessing. The overall procedures are presented in Figure 3.1. Generally, as shown in
Figure 3.1, we input two images. One image is considered as the target image, on
which we will conduct color spill suppression. The other image is considered as the
reference image, which is used to compare the difference with the target image for
suppression. Table 3.1 describes the images we use in different situations in our
proposed method. For example, if the reflection on objects is specular, we use polar-
ization to suppress color spill. We input an image at a random polarization angle Iy,
as the target image, and input a reference image Iy which has the same view but at
a different polarization angle for comparison. If there is diffuse reflection on objects,

we will use stereo matching with optical flow to conduct color spill suppression.
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Figure 3.1: The flow chart of the proposed method.
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Table 3.1: Input images for our proposed method.

Image | Definition Use Application
Image at a random ) )
I Target image Specular reflection
polarization angle 61
Image at a random ) )
Igo Reference image | Specular reflection
polarization angle 62
I Image from the left eye Target image Diffuse reflection
) Matching image ) )
I Image from the right eye Diffuse reflection
for pre-processing
1% Warped image obtained from I, and Ig Reference image | Diffuse reflection
Image from the left eye at )
I Target image Both specular and diffuse reflection
a random polarization angle 61
Image from the right eye at
Irpr Both specular and diffuse reflection
a random polarization angle 61
Image from the left eye at
I192 Both specular and diffuse reflection
a random polarization angle 62
Image from the right eye at Matching image
Irga Both specular and diffuse reflection
a random polarization angle 62 for pre-processing
W Warped image obtained from I;¢; and Igg, | Reference image | Both specular and diffuse reflection

We capture a pair of stereo images from the left eye and the right eye for pre-

processing. The procedure of pre-processing is shown in Figure 3.2. The image from

the left eye I}, is chosen as the target image and the image from the right eye Iy is the

matching image. A warped image can be obtained by reconstructing the matching

image with optical flow algorithm. The warped image W is the reference image for

comparison. Moreover, if the situation is complicated with both diffuse and specu-

lar reflection, we combine polarization and stereo matching to conduct suppression.

Similarly, we captured two pairs of stereo images at different polarization angles such

as Ire1, ITre1, Irp2 and Igrge. By pre-processing with I;9; and Iggs, a warped image

Wy is obtained. We choose the image from the left eye at a random polarization
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angle I79; as the target image and the warped image Wy as the reference image in
our proposed method. To reduce shadows from background, we remove background
while keeping the foreground completely by generating a mask. Then we segment the
unknown region into several segments. In our method, we compare two input images
in each region and set a threshold (T) by analyzing variance distribution to separate
transparency and reflection on the target image. The separated reflection and trans-
parency can help us generate an improved and more accurate alpha matte. In the
alpha matte, reflective regions are considered as foreground while transparency re-

mains unchanged. The detailed description will be presented in the following sections.

Figure 3.2: The flow chart for pre-processing.

3.1 Polarization

The reflection on the specular surface is partially polarized and its intensity can be

manipulated by using a polaroid filter. This phenomenon is widely used to reduce the
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glare effect on the glass. Figure 3.3 (a) presents a photo that is taken in front of the
glass, and the reflection on the glass severely degrades the imaging quality. Figure 3.3
(b) shows another photo taken with the polaroid filter, in which the reflection on the
glass is significantly reduced. A sketch of the imaging of Figure 3.3 is also presented

in Figure 3.4.

Figure 3.3: Photographs taken through window.

In our proposed method, we make use of the property of polarization to verify our
assumption that the intensity of reflected light will change more than transparency
after polarization. However, the color spill suppression conducted on images which
are captured in our MCRIlab environment is different from the problem of separat-
ing reflection on glass. We can not use the current methods and algorithms based
on polarization to separate the background reflection in chroma keying. A simple
schematic diagram of our studio environment is shown in Figure 3.5. As we can see
in this figure, we have a reflective cylinder and a transparent cuboid in front of the
green screen. We can capture an image with transparency on the cuboid and reflec-

tion from background color on the top of the cylinder. The background color is the
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Figure 3.4: An example of photograph taken through glass. The image is the combination
of the painting and reflected front objects.

diffuse reflection from a rough green screen which consists of unpolarized lights and
some partially polarized lights, while specular reflection consists of partially polarized
lights. Since transparency is the light passing directly through the object, it is part
of the background color. After polarization, only a small part of transparency varied,

which is less than the specular reflection.

The used polaroid filter is shown in Figure 3.6. The intensity of light will change
while the polaroid is rotated. The polarized images with different polarization angles

can be obtained and two of them are randomly chosen as the input images.

Meanwhile, the reflected light is complicated, which is mixed with specular reflec-
tion and diffuse reflection. In the problem of reflection separation on glass, since the
incident plane is plain glass, the reflected lights are almost specular reflection which
can be polarized. But in our problem, the incident plane is the surface of objects

with different shapes and materials. If the light reflects on a rough surface, the re-
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flection will be diffused which is similar to the backing color and transparency. We
cannot separate transparency and diffuse reflection only by polarization. Hence we
use stereo images for capturing the color spill phenomenon from multiple perspectives

to conduct the suppression.

Figure 3.5: An example of a photograph of transparent and reflective objects in chroma
keying.

Figure 3.6: Polaroid filters used in experiments.
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3.2 Stereo matching using optical flow

If the green color is diffused reflection which is reflected on a rough surface of objects,
it is always weak and faint. When we change the angle of the reflective surface
of objects from the left eye to the right eye, the position and intensity of diffuse
reflection may change, while the transparency will have small changes in color and
intensity. Stereo matching using optical flow for color spill suppression in our method
is based on the assumption that the transparency has little color variation viewing
from arbitrary directions, while the diffuse reflections change more in both color and

intensity [48, 49].

Stereo images simulate the way that human perceives objects from both eyes.
Stereo matching is always used to generate three-dimensional depth from two-dimensional
images by finding out the corresponding pixels and their relationship. In our proposed
method, we use optical flow to find corresponding pixels and calculate their difference
between two stereo images when the light is diffusely reflected. The reflection and
transparency can be separated by comparing the difference, which is based on the
assumption that the specular reflections significantly change in both color and inten-
sity, and diffuse reflections have a little color variation but more than transparency

from arbitrary directions [50].

Since the stereo images are taken from two viewing points, there is a slight dis-
placement between these two images. Normally the optical flow is an efficient way to
estimate the motion vectors of the corresponding points in the adjacent video frames
[51]. In the stereo matching method, we use the optical flow vectors that result from
the displacement between the pair of stereo images to determine the correspondence

between points [52].
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In the conventional concept, the disparity of the corresponding points in frames
is due to the movement of the points. The displacement of the viewing points can
also introduce the disparity between corresponding points. In this case, one image
from the stereo pair can be considered as being moving at time t, the other image
can be considered as being moving at time t + At. The pixel intensity relation can

be described by the following equation:

I((z,y),t) = 1((z,y) + (Az, Ay), t + At) (3.1)

where I((z,y),t) refers to the image intensity of the two-dimensional point (z,y) at
time ¢t. The instantaneous direction of the two-dimensional motion path at the point
(z,y) can be described with the vector (u,v). And components of the vector are
uw(z,y) = dx/dt and v(z,y) = dy/dt. At the time At, the displacement can also be
indicated as (Az, Ay), where Ax = u - At and Ay = u - vAt.

The approach of finding out the vector (u,v) was first introduced by Horn and
Schunck in 1981 [53]. Horn and Schunck proposed the basic algorithm and introduced
the constraint equation of optical flow by combining the two-dimensional velocity
vectors for movement which are also called the “motion field” [53, 54]. In our proposed
method, we adopt the approach from Liu [9]. The core of the algorithm is based
on [55]. To obtain the displacement vector (u,v), a constraint function, which was
proposed in paper [55], is introduced to minimize the energy. The energy function is

indicated in the following equation:
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E(u, U) = Edata(u7 U) + )\Esmooth(ua U) ; (32)

where the total energy F(u,v) is constituted by a data term FEgu,(u,v) which is
defined in Equ. (3.4), and a smoothness term Fg,o0tn (1, v) which is defined in Equ.

(3.4); A is the regularization parameter that is greater than 0.

Egata(u,v) = /Q\I/ ((|I(x—|—w) — ](x)|2) +v(VIx+w)) — VI|](X)|2) dx, (3.3)

where the function ¥(a?) = Va2 + €2 is for minimization, and € is a small positive
constant chosen to be 0.001; v is a tunable parameter; x is defined as (x,y,t)” and

w is defined as (u,v,1)T; V is the gradient operator.

Esmooth(u, U) = / v (|V3U|2 + |V3U|2) dX, (34)
Q

where V3 is the spatio-temporal gradient which is defined as (9,, 9y, d;)". By min-
imizing the energy function, the displacement vector (u,v) can be obtained. Then
we know the motion of the object, and can “warp” the image with the optical flow

vector.

Here image warping is a kind of digital image processing, and it is to manipulate
the image with significant distortions on shapes. Warping is always used in image

correction and for some creative purpose such as morphing [56]. An example of image
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warping based on optical flow is shown in Figure 3.7:

(a) (b) (c)

Figure 3.7: An example for image warping.

In Figure 3.7, (a) is the original image, (b) is the matching image with some
displacement, and (c) is the warped image obtained from the matching image by
using the optical flow. By comparing the warped image (c) and the original image
(a), we can find that there are only some reflected parts on the car surface having
variations and movements, like the reflections in the red circle. We can use the
difference between the original image and the warped image to separate reflection

and transparency.

However, when the reflection is specular, it is always strong and has few changes
from left eye to right eye in stereo images. Hence stereo matching may not work on
specular reflection and we have to combine polarization and stereo matching for more

complicated situations.

3.3 Region segmentation

As shown in Equ. (1.1), the « value is a blending vector varying from 0 to 1. If « = 0,

the pixel is completely background and if o = 1, the pixel is completely foreground.



CHAPTER 3. PROPOSED METHOD FOR COLOR SPILL SUPPRESSION 54

In our proposed method, the image is going to be segmented to different regions to
do the separation. In other words, we extract the pixels where 0 < o < 1, no matter

whether it is transparency or reflection.

Before segmentation, we have to generate an original alpha matte of the target

image by using the AE (Adobe After Effects CS6).

Since the lighting condition of chroma keying in real life is poor, it will introduce
severe interference, such as shadows on background. If we directly generate the alpha
matte of the image with poor lighting condition, the result could be noisy (see the
example in Figure 3.8). As we can see, a large part of the background is considered
as unknown region and will be treated as transparency, which will also influence the
analysis of segmentation and separation. To avoid the influence from the background,
we can generate a mask with a user-defined trimap to remove the background. The

user-defined trimap and the mask are shown in Figure 3.9.

(a) (b)

Figure 3.8: Original image and its alpha matte taken from home made environment.

By combining the mask with the original alpha map, we can remove the shadow

on the background. For example, Figure 3.10 shows the alpha map after using the
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mask. However, we cannot distinguish if the pixel is reflection or transparency in the
unknown region. In our proposed method, the next step is to segment and gather the

pixels when 0 < a < 1 in the unknown region.

(a) The trimap of the original image. (b) The generated mask of the original image.

Figure 3.9: User-defined trimap and its mask.

Figure 3.10: An alpha map by using the mask to remove the shadows in background.

The analysis is based on the assumption that reflection has large variation through
a polaroid filter. Since the variation is displayed more obviously on a whole region
than individual pixels, the analysis is conducted on each region instead of the indi-

vidual pixel. We connect adjacent pixels with 0 < a < 1 as one region. Since noise is
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always introduced to the image, one reflection region may be divided into several sub-
regions. In the sub-regions, the difference between reflected light and transparency is
not obvious to meet our assumption. Hence we introduce the “dilation” into our pro-
posed method to connect all sub-regions in the same part of reflection or transparency

to one region.

Dilation is one of the basic operations in mathematical morphology and it usually
uses a structuring element for probing and expanding the shapes contained in the
input image [57]. The dilation operation is used on a binary image, where pixels with
0 < a < 1 are replaced by 1 and others are replaced by 0. The binary dilation is a
kind of shift-invariant operator. In mathematical morphology, a binary image can be
considered as the subset of a Euclidean space R?, where d indicates the dimension and
equals 0,1,2,---. In a Euclidean space F, A is a binary image and B is a structuring
element which is also considered as a subset of R?. And dilation of A by B can be

indicated by using the following equation:

A® B = UpepAy, (3.5)

where Ay is the translation of A by B. Meanwhile, dilation has the characteristic and

can be expressed by the following equation:

A®GB=A®B =UycuB,. (3.6)

In our proposed method, we use a disk in the dilation operation to enlarge the

region. If the disk is regarded as the subset B and the original sub-region is regarded
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as A. The dilation operation can be considered as the locus of the points covered by
B when the center of B moves inside A. For example, in Figure 3.11, the operator
is the disk which can also be regarded as the subset B. And the original subset
of pixels with 0 < « < 1 is the small square which is also A. When doing the
dilation of A by B, the large square with round corners will be obtained. By doing
the dilation operation, the regions are divided and then the analysis proceed in each
region respectively. As shown in Figure 3.12, the subset B can be chosen as 4 pixels
connected or 8 pixels connected. In our method, we choose the subset with 8 pixels
connected as shown in (a). If their edges or corners touch, the adjoining pixels are

considered as part of the same region.

Figure 3.11: An example for dilation [57].

Figure 3.12: Dilation subset size chosen in our method.
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The image where 0 < o < 1 will be divided into several regions to do the separa-
tion. For example, as shown in Figure 3.13, the unknown region in the alpha matte is
divided into four parts (a), (b), (¢) and (d) by using dilation. To separate reflections

and transparency, we will calculate and compare in each divided part.

(c) (d)

Figure 3.13: Segmented regions.

However, there are still some discrete pixels with 0 < a < 1 are left as shown
in Figure 3.14. We call these pixels outliers. And we will deal with the outliers

individually.
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Figure 3.14: Outliers.

3.4 Reflection and transparency separation

The separation of reflection and transparency is an essential task for our proposed
method. To separate reflection from transparency, we are going to analyze the differ-

ences between two images in each segmented region in HSV color space.

HSV (Hue, Saturation, Value) color model is one of the most common cylindrical-
coordinate representations of points in an RGB color model [50]. This color space
model was first introduced by Smith in 1978, and it is also called Hexcone Model.
HSV color model is more intuitive than RGB color model which is based on Carte-
sian (cube) representation. In HSV model, H means hue and it indicates the basic
attribute of the color which also refers to the name of the color, such as red, yellow,
etc. S mans saturation, and it refers to the purity of color. V is brightness or light-
ness. Since reflection is related to the saturation and brightness of objects, HSV color

model can help us to analyze more intuitively than RGB model.

The transformation of the color space from RGB to HSV is defined in following
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equations [50]:

(

0° it max = min
60° % ((9 — b)/(max — min)) + 0° if mar =r,g>b
h = 460°% ((g—b)/(maz — min)) + 360°  if maz =r,g <b (3.7)

60° % ((b — r)/(max — min)) +120°  if max =g

| 607 ((r —g)/(max —min)) +120°  if mazx =5

0, if max =0

(max — min)/max = 1 — min/max otherwise

v = max, (3.9)

where r, g and b are coordinates of a color in RGB model, and the values are varying
from 0 to 1; max is the maximum value among r, g and b, while min is the minimum
value among r, g and b; h, s and v are coordinates of a color in HSV color space;
where h € [0°,360°], and it is the metric hue angle; h can also be normalized to [0, 1).

s €[0,1) and v € [0, 1) stand for saturation and brightness.

Histogram and variance are used to separate reflection from transparency in our
proposed methods. Histogram and variance are often used in image processing for

analysis. For example, they are used in specularity highlight removal based on light
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field imaging [50], which is similar to our problem to be solved. Here we use variance
in HSV space to indicate the difference between two images. The equation is shown

as follows:

Di = \J(1H, — H)) + (153 — S3) + (Vi — V&), (3.10)

where Dy, is the calculated variance in each region respectively. k indicates the index
of the region and it equals 0, 1,2, - - -; where Hy, S1; and Vj; are components of hue,
saturation and brightness of the first image in the region labeled as k; where Hyy,

Sor and Vo are the hue, saturation and brightness of the second image in the region

labeled as k.

In each segmented region, we observe the variance by using the histogram. With
the underlying assumption that reflection has large variation on polarization and
viewing from different directions, we can observe that in the histogram, more pixels
in reflected regions are distributed in sections with large variation, while more pixels

in transparent regions are centralized within the sections of small variation.

To separate reflection from transparency, we set a threshold hy,..s to detect and
classify based on the histogram. The threshold Ay, is adjusted within [0, 1] with dif-
ferent images. If the variance of the region exceeds a given threshold, it indicates the
region is reflection, since in this region, more pixels have large variation. Otherwise,

the region is transparency.
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3.5 Outliers

When analyzing the variance distribution histogram, we find that the regularity of
distribution in some small regions is not obvious and correct based on our assumption
since the pixel numbers in these regions are too few. To optimize the result, we deal
with discrete pixels or pixels in small regions separately, and call them outliers. A
threshold is set to separate outliers and regions. In our method, if the pixel numbers
in a region is less than 50, we regard these pixels in the region as outliers. After sepa-
rating regions into reflection and transparency, we are going to deal with the outliers.
The specific procedure of outliers classification is shown in Figure 3.15. The distance
between the outlier and the nearest reflection/transparency pixel d,./d; is calculated
and compared. If d, < d;, the outlier is considered as the reflection. Otherwise, the
outlier is considered as transparency. By using outliers, the suppression will be more

accurate.

Figure 3.15: Separation of reflection and transparency for outliers.



CHAPTER 3. PROPOSED METHOD FOR COLOR SPILL SUPPRESSION 63

3.6 Summary

Our proposed method is used to separate reflection from transparency on objects in
chroma keying, which is also called color spill suppression. The reflection on objects
is considered as the foreground and the value of « is set to 1. The value of « in
transparent regions remains unchanged. With our proposed method, the quality of

alpha matte can be improved.



64

Chapter 4

Implementation and experimental

results

In this chapter, we demonstrate the experimental results of our proposed method for
color spill suppression. In our experiments, all the stereo images are taken by the
binocular camera (Fujifilm 3D W3), and we consider the alpha matte conducted on
target image by using the Adobe After Effects CS6 (AE) without color spill sup-
pression as our original alpha matte. We will demonstrate the visual results of each

step.

4.1 Pre-processing results

In our approach, we use stereo matching when there are diffuse reflections on objects.
Stereo images are obtained by rotating the polaroid filter and using the binocular

camera. For example, in a complicated situation, we capture two pairs of stereo
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images at different random polarization angles as shown in Figure 4.1. In this figure,
the reflection on the toy’s head is diffuse, the reflection on the mug is specular and

the bottle on the left is transparent.

(a) Image from the left eye at a polarization (b) Image from the right eye at a
angle 61. polarization angle 61.

(c) Image from the left eye at a different (d) Image from the right eye at a different
polarization angle 62. polarization angle 62.

Figure 4.1: Example of capturing stereo images at different polarization angels.

In Figure 4.1, (a) is taken from the left eye at a random polarization angle and (b)
is taken from the right eye at the same polarization angle. Then we rotate the polaroid
filter to change the polarization angle, another pair of stereo images from the left eye
and right eye can be captured as shown in Figure 4.1(c) and (d). As demonstrated
in the last chapter, we need to pre-process the stereo images. We choose two of these
four images. One is an image taken from the left eye at a polarization angle which is

considered as a target image, on which we will conduct segmentation and color spill
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suppression. And the other image taken from the right eye at a different polarization
angle is a matching image for disparity estimation. We can obtain a warped image by
calculating optical flow to reconstruct the matching image with the disparity space.
We use the warped image as the reference image to compare with the target image

for suppression. An example of obtained warped image is shown in Figure 4.2.

Figure 4.2: Example of a warped image.

4.2 Histogram analysis for separation

As mentioned in Chapter 3, the target image is segmented into several regions and
labeled. We conduct comparison and separation in each region, and use histograms
to present the difference between the target image and the reference image. In the
histogram, the Y coordinate indicates the number of pixels, and the X coordinate
indicates the value of variance. The bar in the histogram means how many pixels are
distributed in the indicated variance range. The histogram expresses the distribution

of pixels’ variance in a region. It is obviously shown in Figure 4.3 that the scales of
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Y coordinate are different, since the size of each region is different and the number
of pixels in each region is also different. If we used the same scale, the histograms
of small regions like Figure 4.3 (¢) and (d) would be compressed too small to be
observed. For example, as shown in the right part of Figure 4.3, the unknown regions
are segmented into four parts. In this figure, (a) is a transparent region on the cup,
(b) is a reflected region on the bottle, (¢) is a reflected region on the spoon and (d) is
a reflected region on the straw. To the left of the figure is the histogram of variance
distribution for each part. According to our assumption that the values in reflected
regions change more than the values in transparent regions, we mainly focus on the
large variance range such as last several bars in the histogram. By observation and
analysis, the reflected regions indeed has more pixels in large variance range compared
with transparent regions, which also demonstrates that the values in reflected regions
change more than the values in transparent regions. Since the size of each region
is different, we use the percentage instead of number of pixels to separate. The
percentage is the number of pixels within the large variance range like last 10 bars
over the total number of pixels. According to the percentage, we can set a threshold
to conduct the suppression. If the percentage is larger than the threshold, it means
that the region has more variation and it should be the reflection. Otherwise, the
region should be the transparency. The threshold parameter is tunable according to

different images.
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(a)

(b)
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(d)

Figure 4.3: Histogram analysis in each segment of alpha matte. The scales of Y coordinate
in the histograms are different.
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4.3 Optimization with outliers

In our proposed method, we introduce outliers as mentioned in Chapter 3 to optimize
the result. As shown in Figure 4.4 (a), there are some reflections on the water kettle
at the left, the bottle at middle and the mirror are transparency. And Figure 4.4 (b)
is the original alpha matte. In the alpha matte, the color gray indicates transparency,
black indicates background, and white indicates foreground. In this original alpha
matte, the reflection on the bottle is considered as transparency incorrectly. To solve
this problem, our proposed method without optimization is used and the final result
is shown in Figure 4.4 (c). As we can see, there are still some error pixels, such as
the pixels on the mirror. When the new background is composed, the error is more
obvious and the image quality is not as good as expected. Hence, we introduce the
outliers as optimization. The error pixels can be eliminated by using optimization

and the quality of alpha matte can be improved as shown in Figure 4.4 (d).
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(a) Mirror image at a random polarization (b) Original alpha matte for Mirror image.
angle.

(c) Alpha matte after color spill suppression (d) Alpha matte after color spill suppression
without optimization. with optimization.

Figure 4.4: Comparison for optimization.

4.4 Experimental results

In this section, we test our approach on various images. All the test images are taken
in our lab with the self-constructed experimental environment. The experimental
results show the performance of our proposed method on color spill suppression and
will be visually compared with other state-of-the-art matting methods on color spill

suppression.
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4.4.1 Performance of our proposed method

In the test image Cracker Box, since the reflection on the object is specular, we can

use polarization to suppress color spill as shown in Figure 4.5.

(a) Target image at a random polarization (b) Reference image at a different
angle. polarization angle.
(c) Original alpha matte. (d) Improved alpha matte by using our

proposed method.

Figure 4.5: Cracker Box image and experimental result by using polarization.

In Figure 4.5, (a) is the target image at a random polarization angle, and (b) is
the reference image at a different polarization angle. As we can see, the bottle is
transparent and the cracker box is reflected to be green. The original alpha matte by
using the AE is shown in Figure 4.5 (c¢). In the alpha matte, the gray regions indi-
cate transparency, black regions indicate the background and white regions indicate

the foreground. The reflection on the cracker box is considered as transparency by
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mistake. To suppress this color spill, the unknown region in alpha matte is divided
into several segments. We compare the variance on histogram between two input
images in each segmented region. By comparison, a threshold can be set to separate
reflection and transparency. Then an improved alpha matte by using our proposed
method can be obtained as shown in Figure 4.5 (d). In the improved matte, reflec-
tion is separated and will be processed as foreground, while the transparency with

the blending factor a remains the same.

However, as we mentioned, polarization’s property is based on specular reflection.
If there is diffuse reflection on objects, it can not be separated by only using polar-
ization. We conducted color spill suppression on the Toy image by using polarization

as shown in Figure 4.6.

(a) Target image at a random polarization (b) Reference image at a different
angle. polarization angle.
(c) Original alpha matte. (d) Improved alpha matte by using our

proposed method.

Figure 4.6: Toy image and experimental result by using polarization.
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In Figure 4.6, (a) is the target image, and (b) is the reference image at a different
polarization angle. In this figure, the reflection on the frosted toy is diffuse, the
refection on the middle mug is specular and the container on the right is transparent.
As shown in Figure 4.6 (c), all the reflections are considered as transparency in the
original alpha matte, which is not correct. In this complicated situation, if we only
use polarization, the improved alpha matte by using our method is shown in Figure
4.6 (d). The specular reflection in the middle can be processed as foreground, while

the diffuse reflection on the left is still treated as transparency incorrectly.

Bear image is shown in Figure 4.7 (a). Since the surface of plush toys are rough,
the reflection in the image are all diffuse reflection. Polarization can not separate
reflection and transparency in this image. In this situation, we use stereo matching
to suppress color spill. We capture a pair of stereo images and choose the image
from the left eye as the target image to conduct color spill suppression on it. And
we use the warped image obtained by stereo matching as the reference image for
comparison in each segment, as shown in Figure 4.7 (b). The original alpha matte is
shown in Figure 4.7 (c). Obviously, the diffuse reflection on the dolls are processed as
transparency in the original alpha matte by mistake. The mistake can be corrected

by using our proposed method and the improved alpha matte is shown in Figure 4.7

(d).
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(a) Target image from the left eye. (b) Warped image.

(b) Original alpha matte. (¢) Improved alpha matte by using our
proposed method.

Figure 4.7: Bear image and experimental result by using stereo matching.

Since the specular reflection is always strong, it might have few changes in specular
reflection regions from left eye to right eye when we take stereo images. Hence, in this
complicated situation with both specular reflection and diffuse reflection, we combine
stereo matching and polarization to suppress color spill. For the input images, we
could choose an image from the left eye at a random polarization angle as the target
image and the warped image obtained by stereo matching as the reference image. For
example, the diffuse reflection can not be suppressed by only using polarization in
Toy image as we mentioned in Figure 4.6. We use our combined method to conduct
the suppression on the toy image. As shown in Figure 4.8 (d), all the reflections can
be separated from transparency in our improved alpha matte. The reflections on the

toy and the mug are processed as foreground accurately while transparency remains
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the same.

(a)Target image from the left eye at a (b) Warped image.
random polarization angle.

(c) Original alpha matte. (d) Improved alpha matte by using our
proposed method.

Figure 4.8: Toy image and experimental result by using polarization and stereo matching.

However, there are some potential problems in our proposed method, for example,
the mirror reflection problem. Mirror reflection is a special case in chroma keying.
Since the green reflection happened on the mirror is always the background color,
the mirror reflection should be treated as transparency instead of foreground as other
reflections in order to simulate the views that human perceives. Also, since the mirror
reflection is strong and it is the unpolarzied light, it does not obey our assumptions.
But our proposed method could still have better performance than others, and the

visual comparison result will be shown in the next section.
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4.4.2 Visual comparison

To show the improved quality by using our proposed method, we compare the visual
quality of ours with the AE and Wang’s method [2] which are the state-of-the-art
software or algorithm. The original alpha mattes in the thesis are all from the AE
without adjusting any parameters nor conducting color spill suppression. As shown
in Figure 4.9, (a) is the original alpha matte for Mug image. In this image, the cup on
the left is transparent and the mug on the right is wholly reflective. We use the AE to
conduct the color spill suppression by adjusting parameters, and an improved alpha
matte can be obtained as shown in Figure 4.9 (b). In AE’s improved alpha matte,
we can find that some reflection regions on the mug are corrected and processed as
the foreground, which can improve the accuracy to some extent. However, there are
still some reflections are treated as transparency by mistake. And the blending factor
for transparency is also changed and some transparency is processed as background.
The improved alpha matte with color spill suppression by using Wang’s method [2] is
shown in Figure 4.9 (c), which is similar to the result of the AE. Wang’s method also
uses tunable parameters to suppress color spill. It can suppress color spill to some
extent while some regions with color spill still remain as mistakes. Our proposed
method’s result by using polarization is shown in Figure 4.9 (d). As we can see, it
can separate the reflection from unknown regions and process it as foreground, while
the blending factor in transparency can be kept. The quality and accuracy of our

proposed method is better than the AE and Wang’s method.
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(a) The original alpha matte with color (b) The improved alpha matte by using

spill problem. the AE.
(c) The improved alpha matte by (d) The improved alpha matte by our
Wang’s method. proposed method.

Figure 4.9: Chroma keying of Mug image for visual comparison.

As shown in Figure 4.10, (a) is the original alpha matte without any color spill
suppression, and reflections on the cracker box on the right are all considered as
transparency by mistake. The matting result with color spill suppression by using
the AE is shown in Figure 4.10 (b). Some reflections are corrected and processed
to be foreground, while some transparency on the bottle is treated as background
which is not expected. The result of Wang’s color spill removal method is shown
in Figure 4.10 (c¢). It can also reduce the color spill and has better performance in
transparency on the bottle. But it still can not separate reflection and transparency.
The improved alpha matte by using our proposed method with polarization is shown
in Figure 4.10 (d). It can correct transparency into reflection on the cracker box and
keep the transparency on the bottle at the same time. In this figure, our proposed

method has better visual quality and higher accuracy than others.
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(a) The original alpha matte with color (b) The improved alpha matte by using
spill problem. the AE.

(c) The improved alpha matte by (d) The improved alpha matte by our
Wang’s method. proposed method.

Figure 4.10: Chroma keying of Cracker Box image for visual comparison.

For diffuse reflection, our proposed method also has better performance than
others. As shown in Figure 4.11, (a) is the original alpha matte without color spill
suppression. As we can see in the alpha matte, the diffuse reflection on stuffed toys
is considered as transparency. The AE’s color spill method can separate most of the
reflection regions and process them as foreground as shown in Figure 4.11 (b). As
shown in Figure 4.11 (c), the improved alpha matte for Wang’s method with color
spill suppression can reduce color spill and keep the transparency on the rough edge to
improve the quality and accuracy. However, there are still some diffuse reflection on
the bunny’s face that is treated as transparency incorrectly. The experimental result
for our proposed method by using stereo matching with optical flow is shown in Figure
4.11 (d). Tt can process the reflection as foreground and keep the transparency on

the boundary, which is also better than others.
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(a) The original alpha matte with color (b) The improved alpha matte by using

spill problem. the AE.
(c) The improved alpha matte by (d) The improved alpha matte by our
Wang’s method. proposed method.

Figure 4.11: Chroma keying of Bear image for visual comparison.

For a more complicated situation, the visual comparison for color spill suppression
is shown in Figure 4.12, where (a) is the original alpha matte without any operation.
As we expressed in Figure 4.8, we can suppress color spill on Toy image with our
proposed method. When using the AE to suppress color spill, it’s hard to keep
transparency while processing reflection as foreground by adjusting parameters. The
color spill suppression result of the AE is shown in Figure 4.12 (b). Similarly, the
result of Wang’s suppression method is shown in Figure 4.12 (c). In order to modify
the diffuse reflection on the toy from transparency to foreground, some reflections on
the mug and some transparency are processed as background incorrectly. The result
from our proposed method by combining polarization and stereo matching is shown

in Figure 4.12 (d). Obviously, our method has better performance than others, since
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we can generate an improved and accurate alpha matte with separated reflections

and transparency.

(a) The original alpha matte with color (b) The improved alpha matte by using

spill problem. the AE.
(c) The improved alpha matte by (d) The improved alpha matte by our
Wang’s method. proposed method.

Figure 4.12: Chroma keying of Toy image for visual comparison.

Another complicated example is shown in Figure 4.13. As shown in Figure 4.13
(a), there is specular reflection on the mug to the right, a few diffuse reflections on
the middle and transparency on the bottle to the left. By using the AE’s suppression
method, the result is shown in Figure 4.13 (b). The alpha matte with color spill
suppression from Wang’s method is shown in Figure 4.13 (c). Obviously, both of
them can not separate reflection and transparency accurately. Our method combined
stereo matching and polarization can generate a better alpha matte with separated

reflection and transparency as shown in Figure 4.13 (d).
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(a) The original alpha matte with color (b) The improved alpha matte by using

spill problem. the AE.
(c) The improved alpha matte by (d) The improved alpha matte by our
Wang’s method. proposed method.

Figure 4.13: Chroma keying of Bottle image for visual comparison.

Another test image is similar to Mug image but with different positions and place-
ment, which is called Cup image. As shown in Figure 4.14 (a), there is only specular
reflection and transparency in the Cup image. When testing Mug image, we only
used polarization to conduct color spill suppression since the reflection in the image
is specular. In order to test if the combined method could also solve the simple situ-
ation like only specular reflection, we use the combined method to process this Cup
image. Our result is shown in Figure 4.14 (d), where reflection and transparency
still can be separated by using the combined method. The AE’s suppression result
is shown in Figure 4.14 (b) and Wang’s method result is shown in (c¢). They can not
remove reflection while keep transparency at the same time. Our method still has

better performance than theirs.
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(a) The original alpha matte with color (b) The improved alpha matte by using

spill problem. the AE.
(c) The improved alpha matte by (d) The improved alpha matte by our
Wang’s method. proposed method.

Figure 4.14: Chroma keying of Cup image for visual comparison.

Figure 4.15 (a) is an original alpha matte without conducting color spill suppres-
sion in a complicated situation. On the left, there is a transparent jar with some
tea inside. In the middle, there is some diffuse reflection on the toy’s head and some
specular reflection on the bottom. The reflection on the mug to the right is specular.
When conducting color spill suppression, as shown in Figure 4.15 (b), the AE can not
separate reflection and transparency. There is still reflection left on the mug and the
transparency is treated as background incorrectly. Wang’s method has similar perfor-
mance as shown in Figure 4.15 (c), it can keep some transparency while remove the
reflection in the middle. However, reflection on the right still remains. Our method
as shown in Figure 4.15 (d) has better performance than theirs. The transparency on

the left is kept the same while both diffuse reflection and specular reflection are pro-
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cessed as foreground accurately. Our method can improve the quality of the original

alpha matte by conducting color spill suppression.

(a) The original alpha matte with color (b) The improved alpha matte by using
spill problem. the AE.

(c) The improved alpha matte by (d) The improved alpha matte by our
Wang’s method. proposed method.

Figure 4.15: Chroma keying of Jar image for visual comparison.

Figure 4.16 is a problematic mirror image which is a special case we introduced
in the last section. Figure 4.16 (a) is the original alpha matte for Mirror image with
some color spill problems. As we can see, there is a specular reflective kettle on the
left, a transparent bottle in the middle and a mirror with a transparent body on the
right. We are going to keep the transparency and amend the reflection on the kettle as
foreground for an improved alpha matte. However the green reflection on the mirror
is reflected from the background. In other words, it means that the view on the
mirror is the background. Hence the reflection should be treated as transparency to
keep the view. For this problematic image, the improved result from the AE is shown

in Figure 4.16 (b), where the mirror reflection is treated as background while there
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are still some reflections left on the kettle by mistake. Similarly, Wang’s suppression
method can not separate reflection and transparency accurately either, which is shown
in Figure 4.16 (c). The result by using our proposed method is shown in Figure 4.16
(d), where the reflection on the kettle can be processed as the foreground accurately
while transparency can be kept. Even though our proposed method is not suitable for
the mirror reflection, it is treated as transparency which is exactly what we expect.
And overall, our proposed method still has better performance than others for this

problematic image.

(a) The original alpha matte with color (b) The improved alpha matte by using
spill problem. the AE.

(c) The improved alpha matte by (d) The improved alpha matte by our
Wang’s method. proposed method.

Figure 4.16: Chroma keying of Mirror image for visual comparison.
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4.5 Summary

Since all the images are captured in our lab by ourselves and there is no ground truth
for the images, we conduct visual comparison among our proposed method and other
state-of-the-art matting methods with color spill suppression. Our proposal method
can separate reflection and transparency on different kinds of objects in our life and
generate an improved alpha matte with higher accuracy and better quality. As we
can see, our method not only has better performance when only using polaroid or

stereo matching, but also has better quality when using the combined method.
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Chapter 5

Conclusion and future work

5.1 Conclusions

In this thesis, we proposed a novel method for color spill suppression in chroma keying
to improve the quality. Matting is used to extract the accurate foreground from an
image. And this technology is widely used in real life, such as the film industry.
However, there are still limitations in chroma keying systems. When transparency
and reflection exist in the image at the same time. It is difficult to separate the
reflection and the transparency when conducting chroma keying. Reflection will be
treated as the transparency. And this problem has not been effectively solved by
current methods. Therefore, we proposed a novel method to separate reflection and
transparency which is also called color spill suppression. In our approach, we generate
a system to conduct the separation. Moreover, polarization and stereo matching with
optical flow algorithm are used in our method. The image can be segmented into four

regions: background, foreground, transparency, and reflection. The reflection regions
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are considered as the foreground and the value of « is set to 1, while the value of «
in transparency remains the same. Therefore, the obtained alpha matte by using our

method is more accurate compared to other methods.

5.2 Future work

In this paper, we proposed a novel color spill suppression method. However, there
are still some problems left in the method and can be improved. On the one hand,
there are some parameters need to be adjusted along different images to separate
the reflected regions and transparent regions in our method. The method can be
improved by making parameters self-adaptive along different images. On the other
hand, we use a manually drawn trimap in the method to remove background and
keep the foreground completely at the same time. It is more accurate and can reduce
the negative impact on the results by using the manually drawn trimap. However,
since the trimap needs to be drafted by users, it is not convenient. Therefore, our
method can be improved with a better self-adaptive algorithm to remove background

and shadow.
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